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Preface
Dear colleagues,

The Computer Vision Winter Workshop is an annual international event supported by leading
research groups from Graz, Ljubljana, Vienna, and Prague. It serves as a platform for researchers
and PhD students to connect, exchange ideas, and foster collaboration, driving innovation in the
field of computer vision. Topics of interest include, among others, pattern recognition, machine
learning, image analysis, 3D vision, biometrics, human-computer interaction, vision for robotics,
and applied computer vision.

This year, the winter workshop was organized by the Czech Technical University in Prague.
The venue was the lovely town of Jindřichův Hradec in South Bohemia. There were 41 papers
submitted to CVWW 2026 from various countries and institutions, including 12 submissions into
the contributed papers track. Each contribution has received three independent reviews conducted
by the Program Committee, comprising 52 esteemed experts in computer vision and machine learn-
ing. As a result of this double-blind review process, 8 original contributed papers were accepted
for publication and presented at oral sessions in the workshop. In addition to the contributed
presentations, the program included 28 invited talks. These were carefully selected by the Chairs
in consultation with the Program Committee. Besides the standard human reviews, the authors of
34 papers opted in for an additional AI review. This experimental AI feedback was not part of the
decision process. The details of the process and statistics of authors’ perception of it were reported
at the workshop, followed by a heated debate.

The highlight of this year’s program is the keynote by Prof. Josef Šivic from Czech Technical
University in Prague. We are grateful to Josef for his inspiring presentation.

We would like to thank the reviewers for their high-quality feedback, which provided valuable
insights to the authors and contributed significantly to the success of CVWW 2026. We extend our
gratitude to the local organizers, Eva Matysková, Petra Ivaničová, and Míra Purkrábek, who made
the organization of the workshop easier.

Václav Hlaváč and Ondřej Chum, CVWW 2026 Chairs



Table of Contents
Keynote – Learning for physical interaction: from manipulating objects to de-
signing protein interfaces
Josef Šivic 1

Multi-Label Cardinality-Incremental Learning
Laurenz A. Farthofer and Marc Masana 3

Instantaneous Monocular Camera Tilt Stabilization for Autonomous Student
Formula
Erik Doležal and Jan Čech 14

SAM-pose2seg: Pose-Guided Human Instance Segmentation in Crowds
Constantin Kolomiiets, Miroslav Purkrabek and Jiri Matas 23

Dynamic Ensemble of Deepfake Detectors Conditioned on CLIP Features
Patricie Petrilakova and Jan Cech 31

Pi-GS: Sparse-View Gaussian Splatting with Dense π3 Initialization
Manuel Hofer, Markus Steinberger, Thomas Köhler 41

Dense Spatiotemporal Reconstruction of Sea Surface Temperature with Condi-
tional Flow Matching
Grega Rovšček, Matjaž Ličcer and Matej Kristan 51

Grading Handwritten Engineering Exams with Multimodal Large Language
Models
Janez Perš, Jon Muhovič, Andrej Košir and Boštjan Murovec 61

Exploring Multimodal Large Language Models for Morphing Attack Detection
Nikola Marić, Marija Ivanovska and Vitomir Štruc 71



Keynote talk

Learning for physical interaction:
from manipulating objects to designing protein interfaces

Josef Šivic
Czech Institute of Informatics and Robotics

Czech Technical University in Prague, Czech Republic

Abstract: Large-scale neural networks have enabled major progress in several areas
of artificial intelligence, including natural language processing and computer vision,
demonstrating remarkable performance on complex tasks such as writing computer
programs or creating images. These impressive results are powered by Internet-scale
datasets, transformer-based neural architectures, self-supervised learning techniques,
and supercomputer infrastructures. However, the progress has been limited so far in
areas that require interactions with physical environments, where collecting large-scale
datasets is challenging and slow. Examples include robotic manipulation, where data
collection is limited by the speed of the robot, or designing protein-protein interactions,
where data collection is limited by the speed of laboratory experiments. In this talk, I
will show our recent progress in this area.

Short speaker biography:
Josef Sivic holds a distinguished researcher position at the Czech In-
stitute of Robotics, Informatics and Cybernetics (CIIRC) at the Czech
Technical University in Prague, where he heads the Intelligent Machine
Perception team and the ELLIS Unit Prague. He received the habilita-
tion degree from Ecole Normale Superieure in Paris and PhD from the
University of Oxford. After PhD, he was a post-doctoral associate at
the Computer Science and Artificial Intelligence Laboratory at the Mas-
sachusetts Institute of Technology and then spent more than 10 years at
Inria Paris where he received an ERC Starting Grant. He was awarded
the British Machine Vision Association Sullivan Thesis Prize, three test-

of-time awards at major computer vision conferences, and, in 2023, an ERC Advanced Grant. From
2019 to 2025 he served on the board of the European Laboratory of Learning and Intelligent Systems
(ELLIS).
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29th Computer Vision Winter Workshop
Jindřichův Hradec, Czech Republic, February 9–12, 2026

Multi-Label Cardinality-Incremental Learning

Laurenz A. Farthofer
KAI GmbH.

Graz University of Technology
laurenz.farthofer@k-ai.at

Marc Masana
Institute of Visual Computing

Graz University of Technology
mmasana@tugraz.at

§ Code: https://github.com/LaurenzBeck/Cardinality-Incremental-Learning

Figure 1. A multi-label cardinality-incremental scenario based on the MIXEDWM38 dataset [69], which consists of 38 000 wafer maps
containing 0 to 4 of 8 possible defect patterns. It is constructed by splitting the dataset into four sequential tasks ti with increasing
cardinality |y| (i.e., the number of patterns per sample). This continual multi-label learning scenario facilitates the study of how well a
model generalises to new combinations of previously encountered classes, while not losing its ability to detect previous combinations.

Abstract

Real-world classification systems must be updated contin-
ually as new classes and new co-occurrences of classes
emerge. Most work in class-incremental learning builds
streams by splitting single-label datasets into disjoint
tasks, a construction that omits concept repetition and
under-represents core challenges of continual multi-label
classification – a generalisation to new combinations of
previously learned classes. To address this gap, we in-
troduce a continual learning scenario which starts with
single-label samples and incrementally introduces sam-
ples with increasing label cardinality. We analyse why
standard class-incremental methods struggle in this set-
ting and provide principled adaptations. Furthermore, we
analyse how task-recency bias manifests in this new sce-
nario and propose an evaluation strategy with a focus on
knowledge transfer. Our scenario provides a foundation
for developing continual learners that scale to realistic
multi-label settings. Furthermore, experiments on PAS-
CAL VOC and MS COCO reveal that the natural rep-
etition of classes acts as an implicit mechanism against
catastrophic forgetting, aligning with existing literature.

1. Introduction

A prime example of the adoption of deep learning in
industrial applications is the semiconductor manufactur-
ing context, where automated detection of process pat-
terns in wafer maps can greatly enhance the effective-
ness of the production [61]. Early work has focused on
single-label classification [73]. While this paradigm sim-
plifies the labelling process and allows the utilisation of
established classifiers, the single-label assumption limits
the reliability in interesting production events, where co-
occurring process deviations cause multiple patterns to be
present in wafer maps. Automatically detecting these rare
events and notifying engineers to take counter measures is
a main motivation for classification-based detection sys-
tems. This motivated the introduction of multi-label clas-
sification methods and datasets [1, 16, 17, 31, 41, 72].

Recent research has emphasised the importance of in-
creasing the robustness of classifiers against data drifts in-
herent to most productive environments, thus decreasing
the costly need for regular monitoring and re-training [79].
Continual Learning (CL) – the study of learning over a se-
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quence of tasks – promises a more scalable solution com-
pared to traditional learning on static i.i.d. datasets [9, 47,
70, 80]. Steps towards continual learning scenarios that
are applicable to a wider range of real-world use-cases
have recently been taken by removing the restriction of
having a single class per sample [12, 63]. These multi-
label class-incremental scenarios conform to the prevail-
ing paradigm from class-incremental literature of having
disjoint tasks. They are constructed by splitting datasets
into tasks, where only a subset of the classes are anno-
tated, even though objects from previous and future tasks
are present. Therefore, methods focus on avoiding perfor-
mance decline on classes from earlier tasks (catastrophic
forgetting [48]) in the context of missing annotations.

In many real-world use-cases, classes frequently re-
appear throughout a stream, which acts as an implicit
mechanism against catastrophic forgetting [23]. The fo-
cus of domain incremental scenarios [18, 25, 27] lies
on dealing with changes in the environment instead of
the class-space. We argue that research on domain-
incremental settings will lead to methods better suited for
real-world applications. Our primary contributions are:
1. proposing a novel CL scenario, where the data stream

is constructed from tasks with increasing cardinality,
2. discussing aspects of adapting single-label class-

incremental methods to the multi-label setting, and
3. the description of a new form of the task-recency bias

which emerges in the proposed scenario. The cardinal-
ity bias describes the tendency of a continual learner to
make predictions with cardinality biased towards val-
ues from more recently encountered tasks.

This work is an initial exploration of challenges such as
intra-class generalisation and cardinality bias in contin-
ual multi-label learning. Our primary objective is to iden-
tify and discuss current limitations and challenges in this
area, but we also provide recommendations in Sec. 5, lay-
ing the groundwork for future research on solutions.

2. Preliminaries

Multi-label classification. The goal of a classification
task is to assign to each input instance xi ∈ X a corre-
sponding class label yi∈Y . The main difference between
multi- and single-label classification is the number of pos-
sible class assignments per instance. While in single-label
classification, each instance is assigned to exactly one of
C possible classes, in multi-label classification, each sam-
ple can be assigned to zero, one or multiple classes, such
that Y={0, 1}C .

The cardinality |yi| of a multi-label sample is defined
as the number of positive class assignments [13, 53, 75]:

|yi| =
C∑

c=1

yi,c (1)

Multi-label targets and prediction vectors do not repre-
sent a single probability distribution over classes, but a

collection of independent distributions. Adapting single-
label methods to work with multi-label targets generally
revolves around handling this difference [26].

Incremental learning scenarios. We consider an of-
fline incremental learning scenario defined by a stream
S={D1,D2, · · · ,DT } of T sequential tasks. At each in-
cremental step, we have access to dataDt={(xt

i,y
t
i)}

Nt
i=1

containing a set of Nt samples and their corresponding
labels [63]. Depending on the stationary and evolving
parts of the stream, van de Ven et al. [67] differentiate be-
tween domain-incremental learning, where a learner tries
to solve the same classification problem (Yt=Y,∀ t∈T )
under different contexts (e.g. applying different image
corruptions [25], or capturing objects in different envi-
ronments [27, 44]), and class-incremental learning, where
a learner needs to discriminate between disjoint sets of
classes (Yi ∩ Yj=∅, ∀ i ̸= j) in a static environment.

In their categorisation of scenarios, Hemati et al. [23]
focus on concept and instance repetition, allowing the
reappearance of previously seen samples and the addi-
tion of samples from previously seen classes in new tasks,
respectively. The class-incremental with repetition sce-
nario [24, 66] lies within the continuum between the ex-
treme cases of aforementioned class-incremental without
any concept repetition and domain-incremental scenarios
with full concept repetition in every task.

3. Cardinality-Incremental Scenarios

We propose a new continual multi-label scenario which
focuses on the exploration of different label combinations
(the sub-distributions within the class distributions). Sim-
ilar to domain-incremental scenarios, all classes and pure
backgrounds are introduced in the first task through sam-
ples with a cardinality of zero or one. Each subsequent
task contains samples with new combinations of known
classes with increasing cardinality, facilitating the study
of intra-class generalisation (see Fig. 1 and Eq. (2)). This
reflects the way humans are often introduced to new con-
cepts: initially in isolation through dedicated instruction
or examination, and subsequently encountered within a
richer context alongside other concepts [5, 64]. We refer
to this as the CARDINALITY-INCREMENTAL scenario.

|yt
i | =

{
∈ {0, 1} if t = 1

t if t > 1
(2)

Analogous to how the unrealistic stream constraints in
the class-incremental setting have allowed a very detailed
investigation of the phenomenon of catastrophic forget-
ting [48] by emphasising its stream-related causes, our
scenario emphasises the problem of partial and incremen-
tal coverage of the sub-distributions of the different la-
bel combinations. Specifically, any approach that proves
effective in this extreme construction should generalize
seamlessly to more realistic settings, where the presence
of repetition of classes and different cardinality values
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would only serve to alleviate the challenges associated
with continual learning.

3.1. Continual learning, baselines and methods
Researchers in the field of continual learning have estab-
lished a set of common baselines [9, 21, 47, 54, 70, 82].
During Finetuning, the model parameters θ are naı̈vely
optimised to solve the current task without measures to
protect previously acquired knowledge, which makes it
the most plastic but least stable baseline. During Joint
training (also known as cumulative training), data from
each task is accumulated Dt=∪ts=1Ds. This serves as an
upper bound for the classification performance. Unfortu-
nately, its compute and memory requirements do not scale
well to large data streams [68]. In Freezing, the parame-
ters θf of the feature backbone f are frozen after the first
task and only the parameters θg of the classification head
g are updated for the rest of the tasks t > 1. In addition,
we report results for Static (also known as Source-Only),
where a model is only optimised on the first task [32],
which simulates a model usage without updates.

From the early class-incremental works, learning with-
out forgetting (LwF) [40] belongs to the family of ap-
proaches that apply functional regularisation to penalise
activation drift in the predictions. LwF adds a knowledge
distillation loss ℓdis [28] to the classification loss ℓcls which
ensures that the temperature-scaled predictions ŷθt of the
current model stay close to the scaled predictions ŷθt−1 of
a frozen copy of the model from the previous task:

ℓdis = −
C∑

c=1

(ŷ
θt−1
c )1/τ∑C

j=1(ŷ
θt−1

j )1/τ
log

(ŷθt
c )1/τ∑C

j=1(ŷ
θt
j )1/τ

(3)

We also report results for a variant that applies L2

knowledge-distillation on a feature-level (LwF-F) [33].
Another prominent family of methods stores a fraction

of the samples from previous tasks in a memory buffer
M and combines those exemplars with the data from the
current task (D′

t=Dt∪M) to approximate the joint distri-
bution [6, 8, 56]. We chose the Finetuning with exemplars
approach from [47] and refer to it as the Replay method.

Recently, class-incremental research has increasingly
focused on exemplar-free methods, which often utilise
class prototypes – the mean of the feature representa-
tions h – as a light-weight alternative to storing exem-
plars [54, 62, 82]. Orthogonal to the usage of class pro-
totypes, exemplar-free methods often include representa-
tion learning tasks like a rotation prediction, where the
label space Y is expanded to include rotated versions of
the original classes. Prototype augmentation and self-
supervision (PASS) [82] uses a three part loss consisting of
a self-supervised loss ℓssl based on that rotation expansion,
a knowledge distillation loss ℓdis applied on the represen-
tations h (as in LwF-F), and a task specific classification
loss ℓcls applied to samples of the current task and fea-
tures sampled from a Gaussian distribution centred around
the corresponding class prototypes with an adaptive uncer-
tainty based on the variance of the representations of each

class from the first task. They refer to the addition of noise
to the stored features as explicit prototype augmentation.

The final family of methods included in our analysis
specifically tackles the scaling of compute and memory
to large streams by utilising product-quantised (PQ) [34]
latent replay in conjunction with efficient online training
schemes, where samples are only used once for model up-
dates instead of being repeatedly iterated over throughout
many epochs. REMIND [22] was among the first methods
to utilize this strategy. They freeze an image backbone af-
ter the first task, fit a PQ model on the features and store
the quantised features for later tasks. After the first task,
they perform online training, where for every sample they
construct a combined, class-balanced batch with stored,
quantised features. SIESTA [21] extends REMIND with
a two-phase learning cycle for online learning. An effi-
cient wake phase adds incoming samples to the memory
buffer and updates a cosine-similarity classification head
using a backpropagation-free, online update step involv-
ing a running-mean calculation of each class-embedding.
The sleep phase consists of multiple update steps on re-
played class-balanced batches.

Some recent methods rely on the usage of pre-trained
foundation models as backbones for continual learning,
which are not adapted during training. This freezing
of the backbone has many advantages like avoidance
of representation drift by design [74], or the possibil-
ity to use closed-form, analytic updates for the classi-
fier [49, 52, 83]. We do not consider those methods for
our experiments for two reasons:
1. there are often no pre-trained foundation models avail-

able for many industrial tasks and use-cases, and
2. by design, the freezing of the backbone inhibits any

form of backward transfer of knowledge, which we
posit to be of great value in realistic scenarios, where
concepts can re-occur later in a data stream.

3.2. Method adaptations
After the initial interest in the permuted MNIST domain-
incremental scenario [18], a lot of continual learning re-
search shifted its attention to class-incremental scenar-
ios [37, 40, 76]. Fortunately, only some components of
existing methods rely on clear class identities (|yi| = 1).
Therefore, many strategies can be adapted to our setting.

A necessary adaptation for all methods is on the clas-
sification loss, as the cross-entropy loss ℓCE is not suitable
for multi-label targets [26]. The binary-cross-entropy loss
ℓBCE treats every class independently and is a standard
(lower) baseline in multi-label classification. Recently,
new losses have been proposed, including the asymmetric
(ASL) [60] and the two-way loss [38]. We report results
using the ASL loss, as it outperforms the other losses by
a small margin (see Tab. S2).

Many class-incremental methods utilise cross-entropy-
based knowledge distillation (Eq. (3)), which assumes that
the predictions represent a single probability distribution.
To adapt these methods, we use an alternative based on
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the L2 distance, proposed by Hinton et al. [28], which is
already used by many continual learning methods [54, 82]
that apply distillation on hidden representations:

ℓ
(z)
dis =

∥∥zθt−1 − zθt
∥∥
2

◁ on logits (LwF), (4a)

ℓ
(h)
dis =

∥∥hθt−1 − hθt
∥∥
2

◁ on features (LwF-F). (4b)

Another component that needs to be adapted is the
exemplar selection, since most strategies from class-
incremental literature rely on class indices [22, 56, 81].
Possible alternatives for the multi-label setting include the
selection of samples regardless of the presence of other
classes, or a selection based on the power set problem
transformation of the label space ℘(Y), where every com-
bination of classes is treated as its own class, and ℘(Y) is
the set of all subsets of Y , including the empty set ∅ and
Y itself [11]. While this problem transformation allows
utilising any (single-label) class-incremental method on a
multi-label dataset, it comes with serious drawbacks:
1. label relationships are not efficiently encoded in the la-

bel space and need to be learned from data,
2. splitting the samples of each class into a set of 2C dis-

joint combinations introduces a serious data imbalance
problem with a long-tailed distribution where there are
often no samples for many combinations, and

3. predicting the presence of a specific class (computing
p(yc = 1|x)) becomes complex due to the need to ag-
gregate predictions for all combinations with yc.

All these factors make the learning process less data-
efficient. Thus, in the reported experiments, only pure
samples with clear class identities (|y|= 1) from the first
task are selected as exemplars for the reference bufferM.

A prominent component of many methods is the near-
est class mean classifier [2, 46, 56] or its differentiable
approximation, the cosine similarity classifier [21], where
it enables very efficient, backpropagation-free, online up-
dates of the weights of the final classifier layer. We inves-
tigate a multi-label generalisation of the cosine-similarity
classifier that was proposed in the hyper-spherical learn-
ing theory of Ke et al. [35]. In our preliminary experi-
ments (see Fig. S7), we identified a significant difference
in the magnitude of features from samples with multiple
classes being present w.r.t. the ones where only one class
is present. This causes the running mean used to update
the class-embeddings (rows of θg) in the final layer to
slowly drift towards large values when naı̈vely using the
equation from [21]. We propose to normalise the com-
puted features h to stay close to the hyper-sphere through-
out the training:

θg,c ←
kcθg,c +

h
||h||

kc + 1
, (5)

where kc is the running sample count for class c.
Very related to the scaling problems of exemplar selec-

tion strategies from class-incremental literature is the us-
age of class-prototypes of exemplar-free methods such as
PASS [82], where the mean of the representations h would

include signals from other classes in multi-label samples.
To cover as many adaptation options as possible, we ex-
plore the use of the power-set problem transformation. For
this we store a class-prototype for each encountered label
combination. While the self-supervised rotation predic-
tion task of PASS is applicable to multi-label data without
adaptation, in the specific use-case of wafer maps, their
patterns tend to have either a spherical symmetry or can
appear in any position with the same distance to the cen-
tre of the wafer. Thus, discrimination of the extra classes
generated through rotation is unfeasible. Therefore, we
use the rotation from PASS exclusively as data augmenta-
tion and not label augmentation in all experiments.

4. Experiments
We compare the performance of different baselines and
adapted methods, that were originally proposed for the
single-label class-incremental scenario, on our proposed
cardinality-incremental scenarios constructed from the
MIXEDWM38 [69], PASCAL VOC 2012 [14] and MS
COCO 2017 [42] datasets. See Sec. A and Fig. S5 in the
supplements for more details.

4.1. Training protocol
We adopt the implementation, training protocol (see Al-
gorithm 2) and most hyper-parameters (see Tab. S3) from
both the FACIL framework [47] and the work from Liu
et al. [43]. The latter provides a very strong upper bound
for (non-incremental) multi-label learning on VOC and
COCO. For improved performance and throughput [60],
a TRESNET-M [58] model f (IMAGENET-1K [19] pre-
trained for VOC and COCO, randomly initialized for
MIXEDWM38) and a linear classification head g with pa-
rameters θ={θf , θg} are optimized on the ASL loss [60]
with focusing parameters γ−=2, γ+=0 using stochastic
gradient descent. Following Masana et al. [47], we use an
adaptive stepped learning rate schedule with early stop-
ping. This ensures that methods which converge slower
receive more update steps, leading to a fairer comparison.
Each experiment is repeated with the same five seeds to
provide 95% confidence intervals.

4.2. Evaluation
In class-incremental learning, the performance of a model
is measured after each task on the test data from the
current and previous tasks [9, 47]. In domain- and
cardinality-incremental scenarios, the label space Y stays
constant throughout the stream, allowing the measurement
of the performance on future (yet unseen) data as well,
which is often used as a measure of generalisation.

In practice, evaluation usually involves complex index-
ing and metric aggregation schemes that use both the in-
dex of the task the model was last trained on and the
index of the task on which the model is evaluated. We
propose to shift this indexing complexity to the construc-
tion of several test streams, which aggregate the test data
of different tasks, simplifying the implementation of the
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evaluation to a simple indexing into every test stream
using the current task index t (see Algorithm 1). The
PRESENT stream {Dtest

1 ,Dtest
2 , · · · ,Dtest

T } contains the cur-
rent in-distribution test set for each task and can either
be given by a dataset, or split from the train stream.
The PAST and FUTURE streams are used to estimate the
backward and forward transfer of knowledge [45] respec-
tively, and the ALL stream, contains all test data in every
task Dall

t = ∪Ts=1Dtest
s , providing a global performance

overview throughout the training.

Dpast
t =

{
∅ if t = 1

∪t−1
s=1Dtest

s if t > 1
(6a)

Dfuture
t =

{
∪Ts=t+1Dtest

s if t < T

∅ if t = T
(6b)

A detailed discussion of the benefits of this evaluation ap-
proach is included in the supplementary material Sec. E.

In addition to metrics like precision, recall or mean
average-precision (mAP), we also use cardinality confu-
sion matrices to investigate the relation between the pre-
dicted and true cardinality of the samples.

5. Discussion

Differences to class-incremental learning. Typical
class-incremental curves of metrics computed on past data
differ mostly in their rate of decay after a common starting
point. In comparison, the mAP-scores for each method
from the PAST test stream have very different offsets,
which stay relatively constant across tasks (see Fig. 2).
This indicates that the natural repetition of classes present
in this scenario acts as an implicit measure against the
forgetting of classes, which is in line with the class-
incremental learning with repetition literature [23, 66].

The curves on the PRESENT stream exhibit a gen-
eral downward trend, which is in line with the class-
incremental scenario [3, 47]. There, the performance of
a continual learner on the current task usually decreases
over time since: 1. free model capacity for learning
the new tasks is decreasing throughout training, and 2.
the task complexity grows with an increasing number of
classes. Both factors appear in our proposed scenario, al-
beit in different forms: a. even though a model does not
encounter new classes throughout the stream, it still in-
crementally encounters the different sub-distributions of
the label combinations, which have semantic differences
and thus require model capacity, and b. there is a strong
correlation between the cardinality and the complexity of
a scene, which explains the increasing task complexity of
our setting, as also observed by Hajimirsadeghi et al. [20].
We explore the relationship between cardinality and task
complexity in Sec. A and Fig. S6 in the supplements.

The presence of positive forward transfer in the FU-
TURE stream for all datasets suggests that the model bene-
fits from the increasing semantic similarities between later
tasks. Moreover, the significant improvement in overall

performance on ALL test data after the introduction of real
multi-label samples (|yi| > 1) in the second task under-
lines the importance of these samples for learning to dis-
criminate between classes within samples.

A final difference is the lower variance of results
when experiments are repeated over several random seeds,
which can be attributed to the deterministic stream con-
struction process as opposed to a random task split, which
is a common practice in class-incremental learning [67].
Differences between the datasets. Before comparing the
different methods, we want to highlight a few differences
between the three evaluated datasets. The MIXEDWM38
dataset [69] has a relatively balanced distribution of the
labels regarding both classes and cardinality. All wafer
maps are centred and have uniform dimensions of 52×52
pixels. Furthermore, combinations of different patterns do
not change the locations of the individual patterns, which
removes the need to learn spatial label relationships, for
which transformer decoders as classification heads have
shown promising results [7, 39, 43, 59]. All these fac-
tors combined lead to a relatively simple cardinality-
incremental scenario, which is ideal for prototyping.

By contrast, natural-image benchmarks (e.g. COCO
and VOC) exhibit greater variability in object scale and
composition. This diversity tends to reduce forward trans-
fer and increase forgetting (see Sec. A in the supple-
ments). This semantic gap between samples of higher
and lower cardinality provides an explanation for why the
Finetuning baseline performs on par with, or better than,
all evaluated methods except Replay: when the feature
distributions of successive tasks are sufficiently distinct,
updates from later tasks are less likely to interfere with pa-
rameters critical for earlier tasks, thereby reducing forget-
ting [37]. Rather than being discouraging, this opens the
door to revisiting the design goals of continual-learning
algorithms – specifically, to better preserve knowledge
tied to the sub-distributions of the different label combi-
nations that we hypothesize to be paramount for robust
multi-label generalization. In line with this perspective,
Prabhu et al. [55] showed that a simple baseline (GDumb)
can outperform specialized solutions, questioning the ef-
ficacy of recent continual learning algorithms. Originally,
we expected the presence of samples without any objects
to be of great value in the process of learning to distin-
guish the objects from the background. However, PAS-
CAL VOC does not have such background samples, and
the results do not differ significantly from the other two
datasets, which contradicted our expectations.
Differences between the methods. As in the class-
incremental setting, Joint training is the upper perfor-
mance bound for all three datasets. Its performance is al-
most matched by Replay with its simple rehearsal scheme
of adding 100 exemplars per class from the first task. Re-
search by Hemati et al. [23] and Hess et al. [27] in sce-
narios involving some form of either concept or instance
repetition align with our observations for the cardinality-
incremental scenario: 1. given enough concept repetition,
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(a) MIXEDWM38 [69]

(b) PASCAL VOC 2012 [14]

(c) MS COCO 2017 [42]

Figure 2. A comparison of different continual learning baselines and methods [21, 22, 40, 47, 82] evaluated after training on every task
of three cardinality-incremental scenarios. The PAST stream contains all the test data from previously seen tasks and provides insight
into how much each method suffers from catastrophic forgetting. The FUTURE stream contains test data with yet unseen cardinality
values from future tasks and provides insight into forward transfer of knowledge. The PRESENT stream contains in-distribution test
data for the current task, and the ALL stream tests the global performance of the methods on all test data.

even Finetuning can accumulate knowledge with minor
forgetting, 2. regularisation that protects acquired knowl-
edge against catastrophic forgetting can degrade classifi-

cation performance whenever there is a need for plasticity
to accommodate new sub-distributions within the class-
distributions, and 3. implementing some form of replay,
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Table 1. Results of the cardinality-incremental baselines and methods adapted from class-incremental literature. Metrics are calculated
on ALL test data after the final task and include precision ( ), recall ( ), mean average precision (mAP), and total runtime ( ).

MIXEDWM38 [69] PASCAL VOC 2012 [14] MS COCO 2017 [42]

Method ↑ ↑ mAP ↑ ↓ ↑ ↑ mAP ↑ ↓ ↑ ↑ mAP ↑ ↓

B
as

el
in

es

Joint 95 99 100 27 m 78 93 94 77 m 66 78 79 75.7 h
Finetuning 59 78 76 12 m 47 97 91 45 m 30 89 70 5.8 h
Freezing 69 90 72 11 m 46 97 88 44 m 34 82 62 2.9 h

Static 66 51 73 5 m 86 76 85 17 m 53 36 49 1.3 h

A
da

pt
at

io
ns

Replay [47] 75 99 94 14 m 72 93 92 70 m 54 80 74 5.5 h
LwF [40] 71 91 81 16 m 63 93 89 24 m 60 64 66 6.7 h

LwF-F [40] 69 92 80 15 m 50 97 90 33 m 37 84 64 14.0 h
PASS [82] 67 97 86 49 m 47 92 85 93 m 31 68 47 25.8 h

REMIND [22] 60 69 67 6 m 82 75 84 42 m 51 37 49 1.7 h
SIESTA [21] 40 98 70 10 m 53 91 83 42 m 5 99 41 1.9 h

whether through exemplars or prototypes, is highly effec-
tive in achieving performance close to Joint training.

Given that scaling issues and privacy concerns are less
pertinent in small-scale company-internal use cases, ap-
proaches that utilize Replay represent both effective and
efficient solutions for industrial applications.

Finetuning is the most plastic baseline, which gen-
erally leads to the highest performance on the current
task, while suffering the most from task-recency bias [50].
Zhao et al. [78] attribute this bias to a misalignment of
the weights of old and new classes, where the weights
of the new classes exhibit higher L2 norms. In Fig. S7,
we provide a visualisation of the distribution of the L2

norms of the weights of the classifier g. They confirm
a clear upwards trend throughout the whole incremental
learning sequence, which is not as pronounced as in pre-
vious work [29, 47]. Intriguingly, this increase in the L2

norms of the weights does not merely bias the model to-
wards the class distributions from recent tasks but also af-
fects the cardinality of the predictions, as evidenced by
the cardinality confusion matrices in Fig. 3. We term this
new aspect of task-recency bias as the cardinality bias.
This finding challenges the multi-label assumption that

the classification of each class is independent of the pres-
ence of other classes and underlines the necessity for an
explicit learning of de-correlated class and label relation-
ships from data, as these are not an innate outcome of
multi-label learning.

The Static and Freezing baselines represent the most
stable and least plastic methods. Notably, Freezing still al-
lows to update the weights of the final linear layer, which
consistently improves overall performance, without sac-
rificing performance on the PAST data. This suggests that
the final linear layer is the place where most of the adapta-
tions for the different sub-distributions within a class hap-
pens. This is in line with the argumentation from Petit
et al. [54], who stressed the importance of the ability of a
model to reorganise the feature space to encode new infor-
mation in existing class regions. The performance gains of
LwF and LwF-F [40], which are more plastic versions of
the aforementioned baselines, further support this idea.

PASS [82] is the method with the most notable down-
ward trend on the ALL stream of the natural image
datasets, which indicates that the (noise) augmentation of
the prototypes of every label combination using the vari-
ance estimates from the first task is detrimental to the per-

(a) Finetuning and Replay after task 1 (b) Finetuning after task 4 (c) Replay after task 4

Figure 3. Cardinality confusion matrices of the Finetuning baseline after training on the first (3a) and last (3b) tasks, evaluated on ALL

test data of the MIXEDWM38 dataset [69]. They display a clear bias towards the cardinality values present at those tasks, indicating that
the model has forgotten how to correctly determine them. Replaying a few samples from the first task (3c) reduces the bias significantly.
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MAJOR FINDINGS OF OUR PERFORMANCE EVALUATION ON CARDINALITY-INCREMENTAL LEARNING

• Using multi-label losses is not enough for learn-
ing to discriminate between classes within samples.
Access to samples with high cardinality is crucial.

• We observed a distinct cardinality bias towards re-
cent tasks in all rehearsal-free methods.

• Methods that are designed to leverage high class-
separability struggle in multi-label settings.

• Learning the sub-distributions of the different label
combinations requires sufficient capacity and hap-
pens mostly in the final linear layer. (see Fig. S8)

• When there is a strong semantic difference between sam-
ples of different cardinality (e.g. in scale or composi-
tion), Finetuning performs better than all other meth-
ods except Replay, raising concerns as to whether they
protect the knowledge from the class-conditional sub-
distribution of different label combinations.

• The hyper-spherical learning generalisation of the
cosine-similarity classifier from Ke et al. [35] leads to
a collapse in precision caused by an over-exploitation of
the label-relationships.

formance. However, estimating the covariance matrices
for every label combination would further increase the
scaling issues of the method. A feature translation ap-
proach as suggested by Petit et al. [54] would just turn
the problem on its head: instead of forcing a covariance
structure of the single-label samples on the multi-label
ones, we would use the covariance structure from multi-
label data from later tasks to update the distributions of
the exemplars from single-label data from the first task.
The absolute difference in mAP between Finetuning and
PASS on COCO of 23% (see Tab. 1) suggests that methods
designed for single-label distributions with a high class-
separability do not fit the needs of multi-label datasets.

With its very efficient online training scheme after the
first task, REMIND almost reaches the training time of the
Static baseline, which just trains on the first task. Un-
fortunately, the class-balanced batch-construction, where
the majority of the samples within a batch come from the
product-quantised features from the memory buffer, is not
plastic enough to learn generalisable features, consistently
leading to worse performance than the Static baseline.

Unfortunately, the hyper-spherical learning generalisa-
tion of the cosine-similarity classifier from Ke et al. [35]
that we used for the adaptation of SIESTA [21] leads to a
collapse in precision caused by an over-exploitation of the
label-relationships, which can be seen as a more drastic
version of the cardinality bias. We suspect that making the
individual classifiers more expressive than a single linear
layer (e.g. the label-wise embeddings proposed by Yang
et al. [75]) might help against this collapse in precision.
Given the interesting applications of the cosine-similarity
classifier and its frequent use in class-incremental litera-
ture, it is a component worth improving for the multi-label
setting.

6. Recommendations
In this paper, we wanted to focus on a thorough intro-
duction of the cardinality-incremental scenario and the
challenges of continual multi-label learning it reveals. To
maintain that as the main focus of our work, we did not
propose a dedicated continual learning method that tack-
les the investigated challenges like the cardinality bias.
Nevertheless, we want to provide recommendations, that
should improve a continual multi-label learner:

1. Balancing not only the classes in a replay strategy
(e.g. [23]), but also the distribution of the cardinality
values (e.g. [65]) to counteract cardinality bias.

2. Using a multi-label adaptation of MixUp regulariza-
tion [71, 77] to artificially explore label combinations
for a better forward transfer of knowledge. Mi et
al. [51] already argued that MixUp regularization coun-
teracts many challenges related to continual learning
with concept repetition.

3. Using the multi-label version of knowledge distillation
and the label-wise embedding classifier from Yang et
al. [75] to improve all methods that rely on distillation.

7. Conclusions

Multi-label learning has already shown substantial im-
provements in semiconductor manufacturing contexts,
where it enhances the effectiveness of the production
through automated inspection of wafer maps [61, 69].
However, there is a notable gap in research on study-
ing multi-label classification methods in realistic contin-
ual learning settings [79]. Existing multi-label class-
incremental scenarios [12, 63] do not adequately repre-
sent real-world data streams, as they lack concept repe-
tition – a vital property inherent to most natural streams.
The multi-label cardinality-incremental scenario presents
a novel and valuable setting to explore a critical aspect
of continual multi-label learners: their ability to detect
classes reliably in the presence of other classes. This abil-
ity is crucial for achieving greater generalisation to new
combinations of previously learned classes.

Our preliminary experiments, with methods from
class-incremental literature that were adapted to the multi-
label context, have uncovered new learning dynamics and
characteristics unique to this scenario, which we summa-
rize in the grey box at the top of this page. Particularly, the
cardinality bias highlights a critical area for further inves-
tigation and method development, for which we provide
recommendations in Sec. 6. It becomes evident that con-
tinual learning in multi-label contexts is not merely an ex-
tension of single-label or class-incremental learning. The
unique challenges it presents, such as managing the over-
lap and inter-dependencies between classes while avoid-
ing catastrophic forgetting, require dedicated research.
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Abstract

A novel method for camera tilt stabilization using two
parallel homographies is proposed. The method is eval-
uated in the context of autonomous student formula rac-
ing, where the vehicle visually localizes traffic cones that
delineate the race track. The mapping between the cam-
era image and the ground plane is modeled by a planar
homography, as the ground plane is flat. This homogra-
phy is determined offline through calibration. However,
when the vehicle drives dynamically, the camera under-
goes tilt (due to roll and pitch motions), which introduces
distortion. The proposed method estimates the instanta-
neous camera tilt from the discrepancy between homogra-
phies—the ground plane (spanning cone bottoms) and a
parallel plane (spanning cone tops)—and provides undis-
torted measurements of the traffic cones. Simulations and
real-world experiments demonstrate that the method is
accurate, yields significant benefits for the autonomous
pipeline, and enables reliable mapping, localization, and
navigation. Moreover, the method is lightweight and op-
erates at approximately 300 Hz.

1. Introduction

Autonomous driving in the context of Student Formula
competitions presents a unique set of challenges. The race
track is typically flat and bounded by traffic cones that
serve as the primary landmarks for navigation. Reliable
perception of these ground-plane objects is essential for
accurate localization and subsequent trajectory planning
and control. A common approach is to employ planar
homography to map image coordinates into the ground
plane. The homography mapping is determined offline
during the calibration, see Fig. 1. However, this mapping
is highly sensitive to camera tilt (roll and pitch), which
can vary dynamically due to vehicle motion, suspension
travel, and uneven track conditions. Even small deviations
in orientation can lead to significant localization errors,
undermining the stability of autonomous navigation.

To address this issue, we propose a monocular stabi-
lization method that exploits the known setup of Student
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Figure 1. Homography maps cone detections on the ground
plane into the car frame and is calibrated offline using cones at
known positions. Our method corrects distortions in the homog-
raphy that arise from camera tilt during dynamic vehicle motion.

Formula tracks. Specifically, the cones placed along the
track are objects of known height, and their appearance in
the image can be detected using a lightweight bounding-
box detector. By leveraging these detections, our method
estimates the instantaneous camera tilt and corrects the
homography at the frame level. This approach avoids the
need for temporal tracking, thereby eliminating error ac-
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cumulation over time, and requires only a basic object de-
tector without reliance on complex segmentation or depth
estimation models.

The advantages of the proposed method are threefold.
First, it provides real-time stabilization of the homog-
raphy, ensuring consistent localization of cones on the
ground plane. Second, it is computationally efficient, rely-
ing solely on monocular vision and simple bounding-box
detections, making it suitable for embedded deployment
in autonomous race cars. Third, it directly addresses the
practical problem of camera tilt during dynamic driving,
offering a solution that is both lightweight and robust.

The contributions of this paper are as follows:
• We introduce a monocular, vision-only method for es-

timating camera tilt (roll and pitch) using objects of
known height.

• We demonstrate how this tilt estimation is used to sta-
bilize planar homography, improving localization accu-
racy for ground-plane objects.

• We show that the proposed method is not merely a theo-
retical concept but has been implemented and deployed
in a Student Formula autonomous vehicle, where it sig-
nificantly enhances measurement accuracy in real-world
racing conditions.

• Our approach achieves super real-time performance
without requiring large-scale models such as monoc-
ular depth networks, making it practical for resource-
constrained racing platforms.

Through this work, we aim to bridge the gap between the-
oretical homography stabilization and its practical appli-
cation in autonomous racing, providing a method that is
both simple and effective in its deployment.

2. Related Work
The tilt of the camera with respect to the ground plane is
a well-known challenge in automotive research, as even
small deviations in roll or pitch can significantly affect
perception and localization accuracy.

One line of work relies on vehicle-mounted sensors.
Suspension measurements such as damper extension have
been used to infer body roll and pitch, exploiting the
rigid connection between the camera and the vehicle chas-
sis [1, 18]. A drawback of such an approach is that the
damper extensions do not capture the tilt perfectly due
to tire compression, which is quite significant for the au-
tonomous formula. To maximize grip, only low tire pres-
sure is used, such as 0.6 bar. More advanced systems em-
ploy lidar to reconstruct the road surface and estimate the
camera orientation relative to the ground plane [5]. Sim-
ilarly, stereo vision setups [6, 9] can recover depth and
road profile, while recent methods based on monocular
depth estimation (monodepth) leverage large neural mod-
els to infer scene geometry and camera tilt from single
images [3, 8, 14]. However, while impressive results have
been reported recently, monodepths require running heavy
neural models [4, 15, 17]. Moreover, metric depth is still
not reliable for unstructured outdoor scenes [13].

Figure 2. Overview of the setup.

A classical vision-based approach is to estimate the Es-
sential matrix between consecutive frames through point
tracking. By decomposing the epipolar geometry, the
camera motion parameters can be recovered, including
orientation [10]. For structured road scenes, orientation
can also be inferred from vanishing points derived from
lane markings or motion cues [2, 11].

In the context of the autonomus student formula, an
orthogonal approach [7] extends the object detector to lo-
calize landmarks on objects of known geometry, i.e. traf-
fic cones. By associating 2D image detections with a
3D model of the object, camera pose can be estimated
using the Perspective-n-Point (PnP) algorithm. This ap-
proach provides direct orientation estimates, but typically
requires precise landmark localization.

In contrast to these methods, our work proposes
a lightweight monocular technique that leverages only
bounding-box detections of cones with known height. By
estimating camera tilt at the frame level and correcting the
homography accordingly, we achieve stabilized localiza-
tion of ground-plane objects without the need for addi-
tional sensors, complex depth models, or temporal track-
ing.

3. Method
The core idea of our approach is to exploit the geometric
structure of the Student Formula track, where traffic cones
define two parallel planes in the scene: the ground plane at
Z = 0 and a plane at the cone tops Z = d. During calibra-
tion, we establish homographies that map the camera im-
age into each of these planes, ensuring that detections of
cone bottoms and cone tops correspond to the same scene
point in the car frame. However, when the vehicle un-
dergoes dynamic maneuvers, the camera orientation with
respect to the ground plane changes, and the calibration
homographies become inaccurate, leading to distortions
in localization. Our method addresses this by parametriz-
ing the camera motion and optimizing these parameters to
minimize the offset between cone bottom and top projec-
tions. This yields an estimate of the instantaneous camera
tilt and enables correction of the homography, resulting in
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stabilized and precise localization of cones on the ground
plane in the car frame.

Formally, let P = KR[I,−c] be the camera projection
matrix that maps 3D scene points of the car frame to the
image. The car frame is chosen such that x-axis points
forward, z-axis is the normal of the grund plane and c =
[0, 0, h]T is the camera center, see Fig. 2.

The homography that maps scene points on the plane
Z = d to the camera image is

x̃d = Hd

XY
1

 , Hd = KR

1 0 0
0 1 0
0 0 d− h

 , (1)

where x̃d = [x, y, 1]T is camera image point in homoge-
neous coordinates. And the inverse mapping is

X̃d = H−1
d

xy
1

 , H−1
d =

1 0 0
0 1 0
0 0 1

d−h

RTK−1.

(2)
After an offline calibration, we have two homographies

H−1
d and H−1

0 (for d = 0), which maps the top and the
bottom detections, respectively, into the same scene point

(H−1
d x̃d)E = (H−1

0 x̃0)E = [X,Y ]T . (3)

The homographies are estimated from known cone posi-
tions in the car frame and their corresponding detection
in the image. The notation (X̃)E = ([λX, λY, λ]T )E =
[X,Y ]T = X denotes conversion to Euclidean coordi-
nates.

When the vehicle performs dynamic maneuvers, the
camera is rotated with respect to the ground-plane. This
is modelled by a 2-DOF camera projection matrix

P′(θ, ϕ) = KRR′(θ, ϕ)T [I,−c′(θ, ϕ)]. (4)

The rotation is expressed in angle-axis representation as
θ (− sinϕ, cosϕ, 0), which captures tilt motion of the ve-
hicle. Dynamic rotation matrix R′ is given by Rodrigues’
formula. The camera center becomes

c′(θ, ϕ) = R′(θ, ϕ)c =

h sin θ cosϕh sin θ sinϕ
h cos θ

 . (5)

The homography induced by the new camera matrix P′

is

H′
d(θ, ϕ) = KRR′(θ, ϕ)T [i1, i2, di3 − c′(θ, ϕ)], (6)

where ii are standard basis vectors, so the identity matrix
is I = [i1, i2, i3].

Now, we introduce composed homography mapping

Gd(θ, ϕ) = H−1
d H′

d(θ, ϕ), (7)

that maps distorted to correct scene points. By substitut-
ing Eq. (2) and Eq. (6), we get

Gd(θ, ϕ) =

1 0 0
0 1 0
0 0 1

d−h

R′(θ, ϕ)T

1 0 h sin θ cosϕ
0 1 h sin θ sinϕ
0 0 d− h cos θ

.
(8)

which does not depend on either intrinsic camera matrix
K or static rotation R.

In case of dynamic motion, i.e. non-zero θ, ϕ, using the
original static homographies will result in a discrepancy
between projections of top and bottom detections (center
of the top and bottom sides of the bounding boxes, re-
spectively) into the scene. The projections are corrected
by Eq. (8), so the error is

e(θ,ϕ) =(
Gd(θ, ϕ)H

−1
d x̃d

)
E −

(
G0(θ, ϕ)H

−1
0 x̃0

)
E . (9)

Minimization of
∑

i e
T
i ei is not the best option, since

the localization accuracy of individual cones depends on
their position, e.g. more distant cones are less accurate.
Therefore, we introduce weights in the least squares prob-
lem. Let Ji =

d(H−1
0 x̃)E
dx be the 2 × 2 Jacobian of the

inverse homography mapping. Then Wi = (JiJ
T
i )

−1.
Note that term JiJ

T
i is the unit covariance matrix warped

by the homography mapping. See an example in Fig. 3.
Additionally, the Cauchy loss is used for increased robust-
ness and better outlier rejection. Finally, the optimization
problem is the following:

min
θ,ϕ

N∑
i=1

ln
(
1 + ei(θ, ϕ)

TWiei(θ, ϕ)
)
. (10)

The minimum is found by the Trust Region Reflective
algorithm1, where the initialization is zero for the first
frame, and the subsequent frames are initialized by the
previous solution to support continuity. The results are
clipped by the end of each iteration to avoid sudden pa-
rameter explosion with poor input data conditioning. The
motion parameters θ, ϕ determine the instantaneous tilt.
Finally, the cone positions in the car frame is found as

X =
(
G0(θ, ϕ)H

−1
0 x̃0

)
E . (11)

3.1. Runtime details
Dominant rotational distortions in driving datasets allow
the 2-DoF model to converge rapidly, averaging 11 itera-
tions per frame. On an Apple M4 Pro CPU, the complete
stabilization process, including point selection and final
correction, executes in 3.3 ms (300 Hz). This performance
confirms that the method is computationally efficient and
suitable for real-time applications without introducing sig-
nificant latency.

4. Experiments

To validate the proposed method, we conducted both sim-
ulations and real-world experiments under static and dy-
namic scenarios.

1https://docs.scipy.org/doc/scipy/reference/
generated/scipy.optimize.least_squares.html
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Figure 3. Isotropic Gaussian distribution of camera detections
(having unit covariance) are projected into the car frame using a
linearized homography. The car is located at point (0, 0). The
resulting covariances increase with distance.

4.1. Simulations
The simulated scenarios provide the most reliable basis
for comparison against the known ground truth, and they
further enable an examination of the method’s sensitivity
to noise.

The simulation setup replicates the behavior observed
during tilt distortion when driving on a flat plane. Accord-
ingly, all cone bases lie on the ground at zero height d = 0,
while the cone tops are consistently placed at d = 0.1515
m. Two static homographies are computed according to
Eq. (2), with the rotation matrix configured such that the
camera is oriented forward along the world x-axis.

The ground-truth cone positions are uniformly sampled
over a predefined range corresponding to the distances ob-
served during driving and field of view of the used camera.
For the experiment ten cones per sample were chosen, as
it represents the usual number of observed cones during
driving. The distortion transformation described in Eq. (6)
is then applied to obtain the image-space positions of these
points, with parameters uniformly distributed in range
θ ∈ [−2, 2] deg and ϕ ∈ [−180, 180) deg. Gaussian noise
is added to the image coordinates to approximate the inac-
curacy of cone detections, that are found by YOLO detec-
tor in practice2. The stabilization method described above
is then executed on 10,000 random trials for each noise
level, ranging from 0 to 1 px in increments of 0.1 px.

For low noise levels, the stabilizer performs very well,
consistently reducing distortion-induced errors across the
entire distance range as can bee seen in Fig. 4. As the
noise level increases, the sensitivity of the homography
becomes more apparent, as seen in Fig. 5. The improve-
ment in positional accuracy becomes less pronounced, al-
though the error is still reduced by approximately half.
This can also be said about the distance relation of the er-
ror in Fig. 6, where it increases for the more distant points
even for low noise, but such behavior is expected, as it
quite well follows projected covariances in Fig. 3.

2YOLOv8 [12] was trained on a public dataset of of traffic cones with
tightly annotated bounding boxes [16].

Figure 4. Result of a simulation epoch for 10000 trials with
image pixel noise at level σ = 0.3 comparing the original and
stabilized projection errors.

In low-noise scenarios, the optimized parameters
closely match the simulated rotation. However, their ac-
curacy degrades significantly for noise levels exceeding
0.4 px. Although the applied noise is zero-mean, the num-
ber of points available for stabilization is insufficient to
fully eliminate bias introduced by the noise. Such bias
may lead to an estimated rotation that differs substantially
from the true distortion. Nevertheless, the stabilization
procedure continues to operate as intended, resulting in
only a modest increase in the final position error.

4.2. Static scenario
In the first set of real-world experiments, the accuracy
of the stabilization method was evaluated using known
ground-truth cone positions. The camera was initially cal-
ibrated with zero tilt, as shown in Fig. 1. To introduce
tilt-induced errors, the vehicle was subsequently lifted
using individual wheels or entire axles, generating pure
pitch, pure roll, and combined pitch–roll conditions. The
resulting accuracy of the stabilization algorithm is illus-
trated in Fig. 7. The corresponding distance error of the
stabilized cone positions is presented in Fig. 8. In con-
trast to the original projected positions, the stabilized error
remains approximately constant with respect to distance
from the vehicle, improving the mean absolute error from
1.00 ± 1.33 m to only 0.15 ± 0.12 m. The residual error
is likely attributable to neural-network detection noise as
well as possible ground-truth measurement inaccuracies.

4.3. SLAM
The primary objective of the stabilization procedure is to
improve the autonomous pipeline, given that vision con-
stitutes the key perceptual input and plays a decisive role
in overall performance. The component most influenced
is the SLAM algorithm, and the subsequent effects on the
pipeline stem from it.

To evaluate the impact of stabilization on SLAM per-
formance, an ICP-based SLAM algorithm was employed,
with odometry used solely for prediction during data asso-
ciation or to compensate for motion in scenarios where as-
sociation fails. As the approach is primarily vision-based,
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Figure 5. Stabilized position errors as a function of the image
pixel noise σ for multiple distance bands with radius 1 m around
the mean, resulting from the simulated scenarios.
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from the car for multiple noise levels, resulting from the simu-
lated scenarios.

it effectively highlights how inaccuracies in cone position
estimates can destabilize the SLAM solution and subse-
quently affect the remainder of the perception and local-
ization pipeline. For the experiment, the algorithm was
configured to operate as a pure localizer, thereby avoiding
failures caused by incorrectly constructed maps.

During the run, the car achieved speeds up to 20 m/s on
the straights with 1 G lateral acceleration during cornering
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Figure 7. Static tilt test with a real vehicle. Comparison between
original (unstabilized) and stabilized cone localizations.
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Figure 8. Static tilt test with a real vehicle. Comparison of dis-
tance error between original (unstabilized) and stabilized cone
localizations.

and 1 G peak longitudinal acceleration when braking, the
tilt of the car was up to 2 deg in relation to the gravitational
vector. Note that some of the observed distortions in this
run originated from the bumpiness of the track.

The resulting position-tracking performance is shown
in Fig. 9. When using stabilized detections, the SLAM
system successfully completed the entire course, ten laps,
while maintaining accurate localization without signifi-
cant position spikes. In contrast, the SLAM system op-
erating on unstabilized cone detections exhibits noticeable
spikes in the estimated vehicle position. These spikes lead
to poor localization, wrongly placing the vehicle off the
track despite it remaining on course for most of the exper-
iment. The system eventually became lost on the lower
straight section and only intermittently reconnected to the
track through odometry updates and later lost the position
information completely. This behavior is attributed to data
association aliasing caused by distortion at the beginning
of the straight. If such localization were used directly for
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vehicle control, these errors would likely cause the vehicle
to leave the track rapidly, with limited ability to recover,
or induce oscillatory behavior due to noise, leading to a
similar outcome.

SLAM can serve to evaluate the localization accuracy
of cones. Given the known map positions and observed
cone detections at each iteration, the accuracy of the sta-
bilization method can be directly assessed. One limita-
tion of this evaluation is the slightly curved surface of the
track; therefore, only cones located within 15 m in the x-
direction and 12 m in the y-direction were considered to
preserve the assumption of local surface flatness.

Figure 10 reveals a pronounced tendency for unstabi-
lized detections to disperse significantly in cornering sec-
tions of the track. In contrast, the stabilized detections are
considerably more concentrated around the SLAM map
positions used for subsequent error evaluation. A small
number of outliers remain, which can be attributed to
abrupt changes in track surface curvature that violate the
local flat-plane assumption.

The overall absolute distance error of stabilized and
unstabilized cone positions relative to the SLAM map is
shown in Fig. 11. The results clearly show a significant
reduction in error when stabilization is applied, aligning
with the patterns observed in the simulated experiments.
The slightly higher error at shorter distances is probably
caused by differences in real-world noise characteristics
compared to the simulated noise model, as well as in-
creased perspective skew of cones in the image, which
affects the accuracy of the selected image points.

Quantitatively, the mean absolute error of the unstabi-
lized cone positions is 0.913 ± 1.165 meters. After ap-
plying stabilization, this error is reduced to 0.362± 0.418
meters, representing an overall error reduction by factor
of 2.5.

4.4. Validation of estimated parameters
While driving on a flat horizontal plane, the estimated ro-
tation is expected to correspond to the rotation measured
by the vehicle’s Inertial Navigation System (INS) unit.
Accordingly, this experiment was conducted on a high-
speed track featuring strong braking zones and sharp cor-
ners in order to induce significant vehicle tilt. The result-
ing roll and pitch rotations were measured by the SBG
Ellipse-D INS unit and independently estimated by the
stabilization algorithm.

To enable a direct comparison, both rotation estimates
were first converted into rotation matrices and subse-
quently transformed into an angle-axis representation us-
ing the inverse Rodrigues transform. The parameter θ
therefore corresponds to the rotation magnitude. The an-
gle ϕ is computed as the atan2 of the first two components
of the rotation vector and is subsequently normalized to
the interval [0, 2π) for better continuity in the plot.

The comparison of the two rotation estimates is shown
in Fig. 12. In most cases, the stabilization algorithm pro-
duces estimates θ that closely match the INS measure-
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Figure 9. Comparison of the trajectories of ICP-based SLAM
with and without stabilization during a ten lap run on the For-
mula Student Germany 2025 trackdrive track. The coloured dots
around the trajectories represent SLAM-estimated boundaries of
the track.

Figure 10. Instantaneous local estimates of cones projected into
the global frame, given by SLAM map, together with car posi-
tions throughout the race.

ments. However, this correlation is less consistent for ϕ,
as this parameter is considerably more sensitive to noise.
Consequently, the estimated ϕ does not always align with
the corresponding INS value. We are aware, the INS was
not precisely set up and calibrated (aligned with the cam-
era).
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Figure 11. Absolute distance error of stabilized and unstabilized
cone positions from the SLAM-map cones in local car frame in
relation with distance from the car.
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Figure 12. Comparison between the estimated camera rotation
by the proposed stabilization method and inertial measurement
by SBG Ellipse-D INS unit.

4.5. Ablation study

The SLAM experiment provides a strong basis for vali-
dating the choice of loss function used in the optimiza-
tion problem, as real-world driving encompasses a wide
range of scenarios that could potentially challenge the al-
gorithm. Figure 13 compares the unstabilized case with
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Figure 13. Comparison of mean absolute error compared to
SLAM cones for multiple loss functions – Cauchy, soft L1 and
L2 loss.

the stabilization by the selected Cauchy loss, L2 and soft
L1 loss functions. The Cauchy loss slightly outperforms
the other two approaches across all distances in terms of
mean absolute error, while also exhibiting the smallest
standard deviation. The L2 loss performs worst due to its
poor robustness to outliers, whereas the soft L1 loss rep-
resents a compromise between robustness and sensitivity.
The mean absolute error aggregated over all distances for
each loss function is reported in Table 1.

Loss MAE [m]
Unstabilized 0.913± 1.165

L2 0.437± 0.628
Soft L1 0.393± 0.528
Cauchy 0.362± 0.418

Table 1. Mean of the measured absolute errors with standard
deviations for tested loss functions.

Subsequently, we assess the importance of the weight-
ing in Eq. (10). This experiment was conducted using
the same dataset as the SLAM experiments. As shown
in Fig. 14, the stabilization without weighting still re-
duces the error compared to the original cone positions.
With uniform weights, the resulting mean absolute error
is 0.563 ± 0.779 m. Compared with the values reported
in Table 1, it is evident that the inclusion of weighting has
a more significant impact on overall performance than the
specific choice of loss function.

5. Conclusions
We presented a monocular stabilization method for pla-
nar homography that addresses the critical issue of camera
tilt in autonomous Student Formula racing. By exploiting
the geometric relationship between cone bottoms on the
ground plane and cone tops on a parallel plane, the pro-
posed method estimates instantaneous roll and pitch and
corrects distortions in real time. Unlike sensor-based or
heavy neural depth models, our method relies solely on
lightweight bounding-box detections, making it computa-
tionally efficient and suitable for embedded deployment.
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Figure 14. Comparison of the mean absolute error of the esti-
mated cone positions with unstabilized, stabilized without and
with the weighting.

Extensive simulations and real-world experiments
demonstrated that the proposed technique consistently
reduces localization errors, stabilizes cone detections
across varying noise levels and tilt conditions, and sig-
nificantly improves downstream modules such as SLAM.
The method achieved super real-time performance at ap-
proximately 300 Hz, ensuring that stabilization does not
become a bottleneck in the perception pipeline. Valida-
tion against INS measurements confirmed the accuracy of
the estimated tilt parameters, while SLAM experiments
highlighted the substantial benefits for reliable mapping
and navigation.

A possible limitation of our approach is the assump-
tion of a flat ground plane. This assumption holds across
all races in which the formula vehicle competed, and mi-
nor deviations from planarity have a negligible impact
compared to the errors introduced by ignoring camera tilt
during dynamic driving. Another limitation arises from
the motion model assumptions. We assume pure rota-
tion, whereas in practice the camera motion can be more
complex: the camera center may be slightly displaced
due to suspension non-rigidity or when the vehicle tra-
verses a sudden bump. We experimented with an extended
model that incorporated small translations and displace-
ment of the rotation axis; however, this more complex
model proved less accurate overall. Increasing the model
flexibility by even a single degree of freedom for the shift
tended to overfit the noisy data.

Overall, this work is not only a theoretical concept, but
it has been practically deployed in an autonomous racing
vehicle. The proposed approach is simple, robust in dy-
namic driving scenarios, and impactful for the broader au-
tonomy stack.
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[10] Petr Jahoda and Jan Čech. Predicting road surface anoma-
lies by visual tracking of a preceding vehicle. In 2025
IEEE Intelligent Vehicles Symposium (IV), pages 1795–
1800, 2025. 2

[11] Jinbeum Jang, Youngran Jo, Minwoo Shin, and Joonki
Paik. Camera orientation estimation using motion-based
vanishing point detection for advanced driver-assistance
systems. IEEE Transactions on Intelligent Transportation
Systems, 22(10):6286–6296, 2020. 2

[12] Glenn Jocher, Ayush Chaurasia, and Jing Qiu. Ultr-
alytics YOLOv8, 2023. https://github.com/
ultralytics/ultralytics. 4

[13] Ondrej Kodejs and Jan Cech. Evaluation of monocular
depth predictors. Master’s thesis, Czech Technical Uni-
versity in Prague, 2025. 2

[14] Lubor Ladicky, Jianbo Shi, and Marc Pollefeys. Pulling
things out of perspective. In Proceedings of the IEEE con-
ference on computer vision and pattern recognition, pages
89–96, 2014. 2

21

https://github.com/ultralytics/ultralytics
https://github.com/ultralytics/ultralytics


[15] Luigi Piccinelli, Yung-Hsu Yang, Christos Sakaridis, Mat-
tia Segu, Siyuan Li, Luc Van Gool, and Fisher Yu.
Unidepth: Universal monocular metric depth estimation.
In Proceedings of the IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition, pages 10106–10116,
2024. 2
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Input image SAM 2.1 SAM-pose2seg (our)

Figure 1. SAM-pose2seg is superior to SAM 2 [21] for human instance segmentation, especially in crowded scenes. Both examples
are generated from the same set of predicted keypoints from [19]. Notice the noise and incorrect masks in the middle of the crowd for
SAM 2.1. Different prompts are used for SAM 2 and SAM-pose2seg since each model works best with different prompts.

Abstract

Segment Anything (SAM) provides an unprecedented
foundation for human segmentation, but may struggle un-
der occlusion, where keypoints may be partially or fully
invisible. We adapt SAM 2.1 for pose-guided segmen-
tation with minimal encoder modifications, retaining its
strong generalization. Using a fine-tuning strategy called
PoseMaskRefine, we incorporate pose keypoints with high
visibility into the iterative correction process originally
employed by SAM, yielding improved robustness and ac-
curacy across multiple datasets. During inference, we
simplify prompting by selecting only the three keypoints
with the highest visibility. This strategy reduces sensi-
tivity to common errors, such as missing body parts or
misclassified clothing, and allows accurate mask predic-
tion from as few as a single keypoint. Our results demon-
strate that pose-guided fine-tuning of SAM enables effec-
tive, occlusion-aware human segmentation while preserv-
ing the generalization capabilities of the original model.
The code and pretrained models will be available at the
project website 1.

1MiraPurkrabek.github.io/BBox-Mask-Pose/

1. Introduction
A standard approach to human instance segmentation is to
use a detector that predicts instance masks directly. How-
ever, in crowded scenes with heavy occlusion, these detec-
tors often fail to separate overlapping instances. In con-
trast, human pose estimators are more robust in these con-
ditions and produce structured keypoints that are easier to
annotate and more stable under clutter.

Keypoint annotations are also significantly cheaper
than per-pixel segmentations, making pose a practical in-
termediate representation for instance segmentation. In
particular, human keypoints can serve as effective prompts
for segmentation models. The task of pose-guided human
instance segmentation takes either Ground-Truth or de-
tected keypoints as input and outputs a segmentation mask
for each instance.

This task was introduced with the OCHuman dataset
[32] and the pose2seg model and was explored in many
models [1, 2, 6, 27, 32, 33] since then. More recently,
it has been used in the self-improving BMP loop (BBox-
MaskPose, [19]), where pose-guided segmentation plays
a key role in resolving multi-body ambiguity in heavily
occluded scenes.

The Segment Anything Model (SAM, [11]) introduced
a general segmentation framework trained on a large
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and diverse dataset of masks and images. SAM 2 [21]
extended this with large-scale video training. While
SAM shows strong generalization and has revolutionized
prompted segmentation, it lacks semantic understanding
and is not specialized for any class, such as humans.

We build on SAM’s generalization and introduce a
method to adapt it for pose-guided human instance seg-
mentation. Our model, SAM-pose2seg, incorporates se-
mantic information into SAM through two main modifi-
cations. First, we fine-tune the decoder on human-only
segmentation masks to specialize the predictions. Second,
we replace SAM’s random point prompts with body key-
points during training. This aligns the prompt encoder and
mask decoder more closely with the target task.

SAM-pose2seg is a pose-guided variant of SAM 2.1,
fine-tuned for human instance segmentation. It introduces
semantic specialization through decoder fine-tuning and
aligns the prompt encoder with the task by training on hu-
man keypoints. This design enables robust segmentation
from both the predicted pose and the Ground-Truth. In
the remainder of the paper, we show that SAM-pose2seg
achieves state-of-the-art performance on pose-guided hu-
man instance segmentation benchmarks and analyze de-
sign choices through ablation studies.

2. Related Work
Detection-Based Segmentation: The most direct ap-
proach to human instance segmentation uses a detector
[9, 13, 16, 17, 22, 26, 26, 34]. A detector takes an im-
age as input and outputs instance masks and class la-
bels. Detectors work well in scenes similar to the training
data, but struggle when instances overlap heavily. Un-
der severe occlusion, they often merge multiple people
into one mask, or assign different body parts to different
instances. Tuning hyperparameters (e.g., non-maximum
suppression) can reduce this, but increases false positives.
General Prompted Segmentation requires an image and
a human or automatically generated prompt. A promi-
nent example is the SAM family [11, 21], trained on large
image and video datasets with human-in-the-loop super-
vision. These models generalize well, but lack semantic
understanding, making the task inherently ambiguous. As
a result, they often segment skin, face, hair, clothing, or
body parts instead of the full human instance.
Semantics-Aware Prompted Segmentation: Several
works [8, 23, 28, 30] inject semantics into SAM. They
take an image and a text prompt as input and detect and
segment instances. This setting is often referred to as
open-vocabulary or zero-shot segmentation. While these
models capture semantics and segment entire instances,
they do not provide localized cues and offer no control
over which instance is chosen. Moreover, they are unsuit-
able for iterative loops such as BMP [19].
Pose-Aware Instance Segmentation is the most spe-
cific form of prompted segmentation. The model takes
an image and a detected or Ground-Truth human pose
and segments the corresponding person. These meth-

ods specialize in humans, sacrificing the generality of
open-vocabulary or generic segmenters for robustness and
precise, localized control. Test-time optimization meth-
ods [5, 6] refine predictions at inference without training.
While training-free, they are computationally expensive
and slow at test time. Standard pose-guided human seg-
mentation methods [1, 2, 14, 27, 31–33] rely on small
training datasets and thus generalize poorly, especially in
crowded scenes. The closest related work is CrowdSAM
[7], which builds a framework around SAM to automat-
ically annotate bounding boxes in crowds. CrowdSAM
uses SAM and DINO [18] as external tools and optimizes
prompts, similar to [19]. In contrast, our SAM-pose2seg
is end-to-end and, when used in an iterative loop, outper-
forms CrowdSAM, as shown in [19].
Datasets: There are not many datasets with annotated hu-
man instance segmentation masks and human poses. One
of the first to offer this kind of data was COCO [15] and
it became a standard for pose-guided segmentation train-
ing. COCO has two problems. First, it does not focus on
overlapping instances, which is now the most challenging
scenario (see [19]). Second, the human pose is annotated
only for “large“ instances, so the models are not trained
or evaluated on small background persons. Overlapping
instances were addressed in OCHuman dataset [32] but it
is too small for training and contains only validation and
testing sets. There are datasets such as [3, 10, 12, 25, 29]
focusing on analysis of human body in crowded scenes,
but none of these offer both segmentation and pose an-
notations. In this work, we worked with COCO [15] and
CIHP [10] for training and OCHuman [32] for evaluation.
For details about used datasets, see Sec. 4.
Iterative Methods: Pose-guided instance segmentation
has been used in iterative pipelines [19, 24]. Our work
builds on BMP [19], where instance segmentation is
prompted by detected human keypoints. They use unmod-
ified SAM 2 with a complex prompt selection strategy. We
also build on SAM 2, but adapt it to this task. Our SAM-
pose2seg is fine-tuned for human instances, removing the
need for complex prompt selection. Compared to SAM
2 in BMP, SAM-pose2seg achieves better performance,
with higher robustness and lower complexity.

3. Method
SAM-pose2seg builds on SAM2 [21], introducing task-
specific modifications and a dedicated prompting strat-
egy driven by pose keypoints. Our approach consists of
three main components: adapting the base SAM archi-
tecture, fine-tuning with a pose-aware iterative sampling
strategy, and designing an effective keypoint prompting
mechanism for inference.

3.1. SAM
Segment Anything (SAM) is a powerful, robust tool with
great generalization capacity. Its robustness to noise and
point prompting capability offers a highly optimal foun-
dation for our task. However, standard prompting tech-
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niques often struggle in occluded scenarios, where de-
tected keypoints lack unequivocal visibility information,
making SAM unreliable.

Our goal is to adapt SAM (specifically, SAM 2.1) for
pose-guided segmentation while retaining its ability to
generalize. We introduce minimal modifications to the
encoder structure to tailor the model specifically for this
task.

3.2. Fine-tuning
We fine-tuned the SAM 2.1 Hiera Base Plus model us-
ing the official Meta training script, focusing specifically
on the point selection mechanism. To preserve the gener-
alization power of the backbone—trained on massive, di-
verse dataset—and to accelerate training, we froze the im-
age encoder. Only the prompt encoder and mask decoder
were optimized. No architectural changes were made to
the mask decoder; however, it was also a part of the train-
ing process, as the prompt encoder’s only learned param-
eters are the weights for positive, negative, and bounding
box embeddings. We adopted the sampling strategy Pose-
MaskRefine.

Method MaskRefine (Default Training Strategy).
Meta’s default training procedure serves as a strong base-
line, which only builds on the Ground-Truth (GT) masks.
It does not rely on pre-defined semantic or pose-based
points, instead, they are sampled dynamically: the first
is drawn uniformly from the Ground-Truth mask, while
the remaining seven are sampled from the error region
between the GT mask and the previous prediction (with
a small probability, sampling is done from the GT mask
instead). This totals eight points per iteration. By con-
ditioning the model on both the previous logits and the
newly sampled point, this method enables iterative refine-
ment without dependence on explicit semantic cues.

Method PoseMaskRefine (Pose-Guided Refinement).
Building on the strong performance of MaskRefine, we
introduce PoseMaskRefine to meet our specific task re-
quirements. Here, the initial point is not sampled uni-
formly but is selected as an available pose keypoint with
the highest visibility, unless no keypoint is available. In
subsequent iterations, the remaining seven points are pref-
erentially sampled from pose keypoints located within
the current error region; with a small probability, sam-
pling follows the original MaskRefine strategy and selects
points uniformly from the Ground-Truth mask instead.
If no such keypoints exist, sampling reverts to uniform
selection from the error region. By incorporating pose
cues while preserving the iterative, error-driven nature of
MaskRefine, this strategy consistently outperformed the
default approach (see Tab. 1).

The MaskRefine strategy effectively acts as hard nega-
tive mining; because samples are selected based on local
error, boundary and occluded regions receive strong su-
pervision. We attempted to simplify this by eliminating

the iterative correction process in favor of a pure keypoint-
based prediction to reflect the inference prompting (see
Sec. 4.3), but this yielded no significant improvement.

Fine-tuning with PoseMaskRefine makes the model
significantly less sensitive to common errors, such as seg-
menting clothing only or omitting body parts (see Fig. 7).

3.3. Prompting
Effective prompting is crucial for interacting with SAM,
yet pose keypoints do not perfectly align with the
correction-based prompting concept inherent to SAM’s
training. Therefore, our goal was to find the most effec-
tive way to pose prompting while sticking to the SAM’s
structure.

Firstly, we incorporate the ProbPose [20] visibility met-
ric as a reliable criterion for keypoint selection. This met-
ric serves as a confidence measure for each keypoint, in-
dicating whether the respective body part is observable in
the picture and enabling the exclusion of keypoints that
are likely occluded or noisy.

For the base model, selecting six keypoints based
on both visibility and distance proved most stable (see
Fig. 3), as this provided sufficient variability to recognize
the whole body without the detriment caused by exceed-
ing eight points.

However, across all fine-tuning experiments, Pose-
MaskRefine consistently yielded the best generalization
and enabled a significant simplification of our inference
strategy. Its flexibility allows us to replace complex
heuristics with a simpler approach, reducing the risk of
selecting occluded points (see Fig. 8). We now select only
the 3 keypoints with the highest visibility scores. This
simplified strategy improved accuracy across all observed
datasets using detected keypoints.

We employ different selection methods for the base
SAM 2.1 and SAM-pose2seg in figures and tables, unless
stated otherwise, to compare the optimal performance of
each version.

4. Experiments
4.1. Implementation Details
Data. For training, we used the COCO and CIHP
datasets together with ProbPose [20] keypoints to ensure
a wide range of human poses and occlusion conditions,
mirroring their main use at inference time. Training on
COCO alone is not sufficient due to the pronounced do-
main shift relative to CIHP and OCHuman, both of which
emphasize multi-person and heavily occluded scenarios.
We generated detected pose keypoints for all instances (in-
cluding small ones that are usually ignored for pose esti-
mation) so that our model is robust to localization noise.

Architecture and Training Details. We fine-
tuned the SAM 2.1 Hiera Base Plus checkpoint.
We trained the prompt encoder and the mask de-
coder only, while the image encoder (backbone)
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✗ ✗ mV mV 6 37.7 29.4 66.4
✗ ✗ mS mS 6 41.2 29.5 71.6

✓ ✗ mV mV 6 41.2 27.0 62.2
✓ ✗ mS mS 6 42.6 26.1 64.3
✓ ✓ mS mS 6 43.3 29.3 67.7

✓ ✗ mR mV 3 43.7 29.8 68.9
✓ ✓ mR mV 3 43.7 34.1 71.7
✓ ✓ P1mR mV 3 44.5 34.5 72.7
✓ ✓ PmR mV 3 44.6 34.7 72.7

Table 1. Ablation study: fine-tuning recipes. Keypoint
selection methods are MaxVis (mV), MaxSpread (mS),
MaskRefine (mR), PoseMaskRefine (PmR) and
Pose1MaskRefine (P1mR). First two rows are baselines
SAM 2.1 without any fine-tuning. For mV and mS methods, the
optimal # points is 6, for mR-based methods it is 3. The best
point method is PmR with 3 points. Training on both COCO
and CIHP is crucial for generalization to unseen OCHuman.

remained frozen. The configuration file, SAM
2.1 hiera b+ MOSE finetune.yaml, was
taken from the SAM 2 repository. All hyperparam-
eters not mentioned here were left unchanged. The
number of frames was set to 1. We trained for 15
epochs, though the model converged earlier; perfor-
mance changes were marginal when varying epochs
between 10 and 30. The probability of bounding
box usage (prob to use box input for train)
was set to 0.0, while the probability of point usage
(prob to use pt input for train) was set to 1.0.

4.2. SOTA Comparison
The proposed SAM-pose2seg model represents a strong
all-round solution for the pose-to-segmentation task.
Across a wide range of datasets and evaluation settings,
it consistently achieves competitive or superior perfor-
mance. In particular, SAM-pose2seg demonstrates robust
behavior under both detected and Ground-Truth pose in-
puts, making it well suited for practical deployment sce-
narios.

Using detected ProbPose [20] keypoints, we achieve
44.6 AP on COCO val2017, 60.3 AP on COCOPersons
(COCO val2017 excluding small instances), 34.7 AP on
OCHuman test, and 72.7 AP on CIHP val (for compar-
ison with SOTA, see Tab. 2). These results demonstrate
strong generalization across datasets with varying levels
of occlusion and pose complexity, with particularly strong
performance on the challenging OCHuman benchmark.

When evaluated with Ground-Truth poses, SAM-
pose2seg further improves performance, reaching 61.6 AP
on COCOPersons, 70.0 AP on OCHuman test, and 69.5
AP on OCHuman val (for comparison with SOTA, see
Tab. 3). For Ground-Truth keypoints, we apply spread-
based keypoint selection, as their binary visibility annota-

Model (Prompting)
COCO
val AP

COCOPersons
val AP

OCHuman
test AP

HQNet R-50 - - 31.1
Pose2Seg - 55.5 23.8
ExPoSeg+ - 61.9 26.8
Occlusion C&P+ - - 28.3
Crowd-SAM+ 22.0 - 31.4
MultiPoseSeg - 56.3 -
SAM 2.1 41.2 56.0 29.5
SAM-pose2seg 44.6 60.3 34.7

Table 2. Evaluation of the base SAM model and SAM-
pose2seg on detected ProbPose [20] keypoints. The improve-
ment is most visible on the OCHuman test set. Prompting meth-
ods are explained in Sec. 4.3.2. COCOPersons is a subset of
COCO without Small category persons (no Ground-Truth poses
are available there) for comparison with Pose2Seg. Models la-
beled with + estimate either masks or report detection AP. Every
result except for SAM 2.1 was achieved on a different set of de-
tected keypoints.

Model (Prompting)
COCOPersons

val AP
OCHuman

test AP
OCHuman

val AP

Pose2Seg 58.2 55.2 54.4
base SAM 2.1 57.1 70.1 70.2
SAM-pose2seg 61.6 70.0 69.5

Table 3. Evaluation of the base SAM model and SAM-
pose2seg AP on the Ground-Truth pose keypoints. MaxVis
strategy does not make sense as the visibility classification is bi-
nary here, we therefore use selection by distance to optimize,
while sorting out all keypoints with visibilty set to zero. CO-
COPersons is a subset of COCO without Small category persons
(no Ground-Truth poses are available there). MaxSpread3 key-
point selection is used for SAM-pose2seg.

tions do not allow for visibility-based ranking.

4.3. Ablation Study

4.3.1. Correction Points In Training
We further review the correction process to prove why our
model converges to the optimal usage of three keypoints
during inference. Crucially, as the model adapts to hu-
man segmentation, it rarely requires all seven correction
points. In practice, the fine-tuned SAM-pose2seg model
often predicts a correct mask after the first sampled key-
point. When comparing Ground-Truth masks to masks
in each of the correction iteration, it was discovered that
the differences changes between the mask in each itera-
tion and their IoU with the Ground-Truth mask are small
– mean IoU on a small subset during before any correc-
tion iterations is already 81.0 % and only goes up by
6.4 percentage points after the last iteration (see Fig. 2).
This is corroborated by our Pose1MaskRefine experiment,
where only the first point is pose-derived, and subse-
quent correction points are sampled uniformly as in the
default method. The marginal difference in AP between
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Figure 2. Importance of correction points in the default SAM
training method MaskRefine. Comparison on a small COCO
+ CIHP training subset of mean IoU of the ground-truth mask.
The first iteration contains only one point, any other i-th iteration
is prompted by i keypoints and a correction mask. It seems that
the refinement mostly causes minor changes in the overall mask
shape.

Pose1MaskRefine and the full PoseMaskRefine confirms
that the first keypoint is the primary driver of performance
(see Tab. 1).

4.3.2. Prompting – Keypoint Selection
We evaluate two prompting strategies, MaxVis and
MaxSpread, which differ in keypoint selection and inter-
action with Ground-Truth (GT) masks during inference
and training (yet we stuck with PoseMaskRefine in the
case of training).

Method MaxVisn (Visibility-Based Keypoint Selec-
tion). This method selects the top n keypoints solely
based on visibility scores, imposing no additional spatial,
semantic, or structural constraints.

Method MaxSpreadn (Distance- and Visibility-Based
Keypoint Selection). Originally introduced in Bbox-
Mask-Pose [19] (specifically MaxSpread6), this method
extends visibility-based selection with a spatial diversi-
fication heuristic inspired by k-means++ [4]. The first
keypoint is chosen for maximum visibility; subsequent
points are selected to maximize distance from previous
ones. To reduce redundancy, number of used eye and
nose keypoints is limited to one, and low-visibility points
are excluded. This strategy generally outperforms MaxVis
on the default model and is preferred for binary visibility
classification.

MaxSpread6 proved most effective for pose-to-
segmentation, remaining consistent after incorporating
ProbPose [20] visibility. For the base model, spatially dis-
tributed keypoints provide richer cues than simple visibil-
ity selection, which often overrepresents facial points and
causes segmentation ambiguity (e.g., face vs. full body).
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Figure 3. Keypoint selection methods on SAM 2.1. Prompt-
ing methods MaxVis (full) and MaxSpread (dashed) on COCO
and CIHP datasets. 6 keypoints is the best for both methods.
MaxSpread outperforms MaxVis as shown in [19].
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Figure 4. Keypoint selection methods for SAM 2.1 and
SAM-pose2seg on COCO and CIHP datasets. SAM 2.1 with
MaxSpread (thin line) peaks at 6 keypoints for both datasets.
SAM-pose2seg with MaxSpread (dashed) and MaxVis (full) be-
haves the same on both datasets and peaks at 3 keypoints. We se-
lected MaxVis method due to its simplicity. SAM-pose2seg out-
performs SAM 2.1 with both selection methods on both datasets.

However, after fine-tuning with MaskRefine and Pose-
MaskRefine, the performance gap between MaxSpreadn
and MaxVisn becomes negligible (see Fig. 4).

We also briefly explored negative keypoint prompting;
however, as it did not yield consistent gains and introduces
strong context dependence, we defer a detailed analysis to
the Supplementary.

4.3.3. Bounding Boxes
Bounding boxes are not part of our final pipeline, but we
analyze their impact as an ablation to better understand
SAM’s behavior under pose-guided prompting.

The SAM model does support the use of bounding
boxes as prompts, and since ProbPose [20] provides
bounding box predictions, it would be natural to incorpo-
rate them into our pipeline. Ground-Truth bounding boxes
were found to be beneficial, as they define precise instance
boundaries (see Tab. 4). Even in this case, difficult set-
tings, where a correctly identified bounding box contains
large parts of multiple people, might pose a challenge (see
Fig. 5). Nevertheless, bounding boxes predicted by vari-
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Input SAM 2.1 SAM 2.1 + BBox

Figure 5. Problematic bounding box usage in SAM 2 when
multiple people are included. Note: a part of the other person’s
hand is recognized incorrectly in both cases due to an incorrect
pose keypoint.

Model Bbox type COCO AP CIHP AP

SAM 2.1 GT 50.5 76.4
SAM 2.1 inflated GT 17.5 52.4
SAM 2.1 none 41.2 71.6

SAM 1 GT 52.5 72.2
SAM 1 inflated GT 45.2 59.2
SAM 1 none 43.0 65.6

Table 4. Usage of bounding boxes in SAM 1 and SAM 2.1.
on COCO val and CIHP val. Performance comparison of the
base SAM 1 and SAM 2.1 models if ProbPose [20] keypoints
are accompanied by bounding boxes. We use the keypoint selec-
tion method MaxSpread6. While Ground-Truth bounding boxes
seem to be helpful in both scenarios, if both dimensions are en-
larged to simulate possible detector noise (by 50 % in each di-
rection – 400 % area increase in total), SAM 2.1 is not reliable.

ous detectors (that would be a part of iterative pose refine-
ment) may not be as precise [19]. As a result, segmen-
tation precision degrades significantly when using SAM
2.1: the model may incorrectly include parts of other peo-
ple or background regions in order to fill the provided
bounding box (see Fig. 6).

4.3.4. Backbone Choice: SAM 1 vs. SAM 2
As we tried to analyze whether we could improve our
prompting method, we also turned our attention to the
older SAM 1 model. In both cases, the second largest
models were used (Hiera Base Plus for SAM 2 and Vit-
L for SAM 1). We conducted several tests showing its
strengths and weaknesses, and it seems that for our task,
SAM 2.1 is more suitable. SAM 1 performs slightly better

Input SAM 2.1 + BBox SAM 1 + BBox

Figure 6. Inflated bounding box usage in base SAM 2.1 (mid-
dle) and SAM 1 (right). SAM 2.1 often incorporates unnecessary
noise when the prompted bounding box does not fit the person
exactly. In contrast, SAM 1 performance generally does not drop
drastically.

on COCO dataset, where the poses are more visible, yet
lags behind in OCHuman and CIHP datasets.

It also seems that SAM 1 is able to make better use
of negative keypoints in the case of OCHuman and CIHP
datasets. When sampling the closest pose keypoints, it
serves better as an option to remove superficial parts. Im-
precise bounding boxes also do not harm the prediction
process significantly, which could not be said for SAM 2.1
that often includes other objects just to fill the boundaries.

However, in general, SAM 2.1 turned out to be a
stronger base for our task, as the model itself is lighter
(and, therefore, much faster during inference), the pro-
vided training code serves well for the fine-tuning and the
experiments generally yielded worse results.

4.3.5. SAM-pose2seg Performance In Challenging
Scenes

Incomplete segmentation. In contrast to the base SAM
2.1, incomplete segmentation occurs far less frequently.
Since SAM-pose2seg is fine-tuned specifically for human
segmentation, it learns to recover the full human body
more consistently. This addresses a common ambiguity
of the base SAM model, which in some cases produced
masks corresponding only to clothing, skin regions, or iso-
lated body parts rather than complete human instances.

Partially occluded pose. SAM-pose2seg demonstrates
precise segmentation in scenarios where pose informa-
tion is unreliable or heavily occluded. By prioritizing
keypoints with the highest visibility scores, the model ef-
fectively leverages strong, reliable cues, reducing the im-
pact of missing or ambiguous points. In cases where a
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Input SAM 2.1 SAM-pose2seg

Figure 7. Improved handling of incomplete segmentation,
with SAM-pose2seg correctly segmenting full human instances.
More examples in Supplementary.

Input Base SAM 2.1 SAM-pose2seg

Figure 8. Improved handling of partially occluded poses.
More examples in Supplementary.

single additional misdetected keypoint could compromise
the segmentation, SAM-pose2seg maintains accuracy and
produces consistent, complete masks.

5. Conclusions
To sum up, we achieved substantial improvements in
the pose-to-segmentation task for humans by adapting
and fine-tuning SAM. We identified and validated the
most effective keypoint selection strategies, demonstrat-
ing that leveraging visibility scores allows the model to re-
liably choose strong, informative points. Simple and clear
prompting methods can be particularly useful in occluded
or crowded scenarios.

Our proposed SAM-pose2seg model shows strong gen-
eralization and robustness. It excels at recovering full hu-
man instances even when most keypoints are missing or
unreliable, and is less sensitive to errors that would oth-
erwise harm segmentation in the base SAM model. This
makes it suitable both for iterative refinement in pose es-
timation pipelines and as a standalone tool for human in-
stance segmentation. The deployment of SAM-pose2seg
in the BMP loop [19] improves the segmentation accuracy
from 31.8 AP to 33.7 AP on OCHuman.

Despite these improvements, some limitations remain.
SAM-pose2seg can struggle when multiple people are
closely overlapping and even high-visibility keypoints
carry ambiguous semantic meaning, occasionally merg-
ing visually similar regions across instances. Future
work could explore adaptive keypoint weighting, explic-
itly modeling the semantic meaning of each keypoint,
or integrating the approach into SAM3 to leverage its
language-based reasoning capabilities.

Overall, our results demonstrate that SAM-pose2seg
provides a practical and reliable approach for human
pose-guided segmentation, with potential applications as
a pseudo-annotation tool for large-scale datasets or as a
robust component in downstream vision pipelines.
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Abstract

Deepfake image detection framework that combines the
outputs of multiple pre-trained detectors using dynami-
cally predicted importance weights is proposed. The final
prediction is computed as a convex combination of detec-
tor scores, with weights derived from CLIP image embed-
dings, enabling the ensemble to adapt to different types
of synthetic content. To support evaluation, we construct
a dataset of approximately 50k images, including four
real-image sources and fake images generated by ten mod-
ern synthesis tools spanning GANs, diffusion models, and
commercial systems. We set up fourteen publicly available
detectors and benchmark them individually and within our
ensemble. Extensive experiments show that the proposed
model outperforms individual detectors and simpler base-
lines, particularly under image degradations and when
generalizing to unseen generators. Ablation studies fur-
ther confirm the benefits of dynamic weighting over static
combinations or CLIP-only predictors.

1. Introduction
The recent developments in generative models have un-
dermined the credibility of visual media. Images once as-
sumed to be trustworthy can now be effortlessly manipu-
lated using modern synthesis techniques. Contemporary
image-generation models, such as generative adversarial
networks and diffusion-based architectures, can produce
photorealistic face images or manipulate real ones with
such precision that the results are often indistinguishable
from authentic images, even for trained experts.

While this progress has opened new opportunities in
creative expression, education, and personalised content
creation, it also introduces considerable societal and se-
curity risks. Face-image generation can be weaponised to
fuel misinformation, interfere with democratic processes,
or facilitate identity deception in financial systems. More-
over, the widespread availability of these tools enables
even unskilled users to produce realistic synthetic media
at scale. Text-to-image generation, in particular, allows
adversaries to construct highly specific imagery aligned
with their intended narrative.

Consequently, there is a high demand for tools that

Figure 1. The proposed architecture of the ensemble model.
For a given image, a bank of pre-trained deepfake detectors is
executed, producing a probability vector. The final “fake/real”
prediction is computed as a weighted average of the individual
detector probability scores. The model is trained to estimate the
importance weights dynamically from image embeddings pro-
duced by the CLIP visual encoder. Models following this archi-
tecture are denoted Ens-Small and Ens-Final.

help governments, fact-checkers, or journalists establish
authenticity even when images have been deliberately al-
tered to evade detection. This work aims to support ex-
perts in answering a question that is becoming increas-
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ingly common in social media contexts or journalism: Is
this real or not?

The research landscape of deepfake image detection is
highly active, with a continual emergence of new detector
models. However, their accuracy varies substantially. A
key challenge is poor generalization: many detectors fail
when confronted with fake content that differs from the
data seen during training. Our approach is to aggregate a
diverse set of available detectors and construct an ensem-
ble that leverages all of them simultaneously. Since many
detectors appear to specialize in particular families of gen-
erators (e.g., GANs or diffusion models), we propose the
ensemble architecture shown in Fig. 1, where the final
probability score is computed as a convex combination of
individual detector outputs. The corresponding weights
are predicted dynamically from image embeddings pro-
duced by a foundation model, namely CLIP [22].

Our contributions are as follows:
• We constructed a diverse evaluation dataset made up of

about 50k images, containing 4 different real datasets
and realistic face images manipulated or fully generated
by 10 modern synthesis tools, including generative ad-
versarial networks, diffusion models, and commercial
image generators.

• We set up 14 deepfake image detection models sourced
from publicly available GitHub repositories.

• We proposed and developed an ensemble detection
model that combines outputs of a set of pre-trained de-
tectors with image features.

• We performed an ablation study comparing the pro-
posed ensemble architecture with models that either
rely solely on detector outputs combined using static
weights or use only image embeddings without detec-
tor outputs.

• We conducted extensive experiments evaluating the de-
tectors’ robustness to common image transformations
(degradations that occur in social media) and their abil-
ity to generalize to previously unseen generators.
The remainder of the paper is structured as follows.

The related work is summarized in Sec. 2, the proposed
method is presented in Sec. 3, the experiments are given
in Sec. 4, and finally Sec. 5 concludes the paper.

2. Related Work

2.1. Deepfake production techniques
Advanced face manipulation began with techniques such
as Face2Face, which used 3D models to transfer expres-
sions from one person to another in real time [29]. The
field then shifted significantly with the rise of deep learn-
ing and deepfakes, where autoencoders and GAN-based
models enabled face swapping with much higher real-
ism [17]. For example, SimSwap improved face swap-
ping by injecting source identity into the target’s features
while preserving target attributes such as expression and
gaze direction [4]. More recently, diffusion models have
been introduced into face manipulation tasks, achieving

improved performance compared to GAN-based meth-
ods [14].

2.2. Deepfake detectors
The detection of fake images has become a critical re-
search area in recent years due to rapid advances in gen-
erative technologies. These methods can modify existing
images or synthesise them entirely. As generative models
continue to improve in visual quality, fake images have
become increasingly difficult for regular, untrained ob-
servers to identify [10]. Notably, even experts often strug-
gle, sometimes misclassifying authentic images as gener-
ated and attributing imperfections made by human artists
to AI [10].

Classifiers trained in-distribution (i.e., on data from a
specific image-generator class) achieve high accuracy but
often fail when encountering images from unseen gener-
ative models [20]. Since new generative models emerge
frequently, there is a growing need for detectors capa-
ble of identifying fake images produced by previously
unseen methods. This property is referred to as gener-
alization, and it reflects a detector’s ability to perform
well across a range of generation techniques and manip-
ulation types. Another important property is robustness,
which denotes a model’s ability to maintain accuracy un-
der transformations such as resizing, compression, or ad-
versarial noise. To improve generalization and robustness,
researchers have introduced heavy augmentations, includ-
ing JPEG compression and blurring [30].

Wang et al. [30] showed that standard CNN classifiers
trained on images generated by models such as ProGAN
can generalise effectively across different GAN-based im-
ages, likely due to distinctive and persistent low-level arti-
facts shared across many GAN generations. However, de-
tectors trained on GAN-generated images often fail when
applied to diffusion-generated images [23]. These find-
ings laid the groundwork for exploring more generalisable
detection methods.

There are approaches that do not rely on training on
large datasets of fake images in order to avoid overfitting.
Shiohara et al. [27] focus on detecting blending artifacts
that are common in face-swap deepfakes, but absent in
fully synthetic images. Another method, DIRE [32], re-
ports strong generalization based on the observation that
synthetic images are easily invertible by diffusion models,
whereas real images are not.

In recent research, leveraging a large foundation model
as an image encoder, such as CLIP, has demonstrated no-
table generalisation across multiple deepfake-production
techniques and strong robustness, highlighting the advan-
tages of large-scale pretraining [7, 34].

2.3. Ensemble models
Ensemble models are a well-established strategy for im-
proving classification accuracy by combining the outputs
of multiple classifiers and reducing the overall bias of the
final prediction.
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(a) Ensemble model with static weights. The final prediction probability score is calcu-
lated as a weighted average of the individual detectors’ probability outputs. The weights
are constant and do not depend on the input image, unlike in the full architecture shown in
Fig. 1. The model is denoted as Ens-Probs.

(b) Image only model using CLIP embeddings.
The model utilises image embeddings from a frozen
CLIP visual encoder and passes them to an MLP
head, which produces the final prediction. The model
is denoted Mono-CLIP.

Figure 2. Diagrams of two baseline detection models explored in this work.

An early study regarding deepfake detection by Pani-
grah et al. [19] employed an ensemble of 13 CNN archi-
tectures including Xception, DenseNet121, and ResNet
variants with a majority voting mechanism for identifying
manipulated images created via splicing and copy-move
operations. This approach demonstrated significant im-
provements over single-model solutions.

More recently, computationally efficient ensemble
methods suitable for mobile deployment have been pro-
posed, combining lightweight CNN architectures like Ef-
ficientNetB0 and MobileNetV2, showing promising gen-
eralisation capabilities across various GAN-based gen-
erators [37]. However, these results primarily focused
on GAN-generated images, known for their distinctive
and detectable artifacts.

Another ensemble-based approach, MaskCLIP [31],
integrates pretrained models such as CLIP and MAE
(Masked Autoencoders) to detect high-level seman-
tic inconsistencies and low-level reconstruction anoma-
lies simultaneously. Furthermore, MaskCLIP employs
learnable continuous prompts and attention mechanisms
to combine diverse feature sources.

3. Method

The primary motivation for the ensemble model is
to enhance the robustness and generalization of exist-
ing fake-image detectors while leveraging their learned
knowledge. Individual detectors may exhibit limited gen-
eralization due to their training data or architectural con-
straints. Nevertheless, their outputs contain valuable in-
formation, and our goal is to exploit this by combining
the predictions of individual detectors into a collective de-
cision mechanism.

To achieve this, we introduce an additional degree of
freedom by incorporating semantic image understanding
through the CLIP visual encoder [22] to condition the con-
tribution of each detector. The learned weighting mecha-
nism adapts dynamically, assigning more or less trust to
individual detectors depending on the input image. Con-
ditioning the weighting system on CLIP features enables
the model to recognize when a detector is unreliable or
confident with respect to specific artifacts and to accord-
ingly decrease or increase that detector’s influence in the
final prediction. This approach allows us to leverage trans-
fer learning in two complementary ways: by exploiting
CLIP’s visual understanding and by utilizing the outputs
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of existing fake-image detectors. Moreover, the architec-
ture provides interpretability by producing per-image de-
tector weights.

3.1. Proposed architecture
The architecture of the proposed model is shown in Fig-
ure 1. It is designed to weight the outputs of pre-trained
detectors according to visual cues extracted from the im-
age by the CLIP visual encoder. For a given input image,
all pre-trained detectors are executed, producing scores
that form a probability vector. In parallel, semantic fea-
tures using a frozen pre-trained CLIP visual encoder are
extracted. These features are further processed by a small
multi-layer perceptron head, which produces the weight
vector. The final prediction score is computed as the dot
product between the weight and probability vectors. The
output is therefore a convex combination of the individual
detector outputs, as the weights are non-negative and sum
to one.

Model Formulation Let x ∈ RH×W×3 be an input im-
age. The CLIP visual encoder extracts a feature represen-
tation fCLIP(x) ∈ Rd, which is passed to an MLP head
gMLP that maps it to a weight vector

v(x) = [w1(x), w2(x), . . . , wn(x)] = gMLP(fCLIP(x)),

which is normalised with the softmax function

w(x) = softmax(v(x)),

then wi(x)≥0,
∑n

i=1 wi(x) = 1.
Simultaneously, the image is passed to a fixed set

of n pretrained detectors, each defined as a function
f
(i)
detector : x → ⟨0, 1⟩. Each detector outputs a probability

score (indicating the likelihood of belonging to the “fake”
class) for the input image:

pi(x) = f
(i)
detector(x), for i = 1, . . . , n.

These individual outputs form a probability vector:

p(x) = [p1(x), p2(x), . . . , pn(x)] ∈ [0, 1]n.

The final prediction is computed as the dot product be-
tween the weight vector and the vector of detector proba-
bilities, producing the final probability score

ŷ(x) = w(x)⊤p(x) =

n∑
i=1

wi(x) · pi(x) ∈ [0, 1],

where ŷ ≈ 1.0 indicates full confidence in the fake class
and ŷ ≈ 0.0 indicates full confidence in the real class.

3.2. Baseline architectures
The proposed model is ablated in two ways, resulting in
the following baseline variants.

Static Ensemble Detector. We implemented an en-
semble with static weights shown in Figure 2a using
only detector outputs (without image features) to assess
whether the image-based features are necessary for opti-
mal weighting.

Let w = [w1, w2, . . . , wn] ∈ Rn be a fixed weight
vector, where the weights are constrained that wi ≥ 0 and∑n

i=1 wi = 1. The rest is the same as the full model, so

ŷ(x) = w⊤p(x) =
n∑

i=1

wi · pi(x) ∈ [0, 1].

Note that the weight vector is constant, i.e. does not de-
pend on the input image.

To learn the constant weight vector, we employed
an evolution-based optimisation1, which turned to be
more accurate than gradient descent methods. The static
ensemble was faster to train, as we were able to produce
a decent detector in less time than it takes to train one
epoch of the full model.

Image Detector. Secondly, we implemented a
monomodal detector from Fig. 2b that relies exclu-
sively on image information. Specifically, a classification
head is applied to image embeddings extracted by the
CLIP visual encoder. No pretrained detectors are involved
in the model.

Formally, given an input image x ∈ RH×W×3,
the CLIP visual encoder extracts a feature vector
fCLIP(x) ∈ Rd. This feature is passed through a classi-
fication head hMLP, producing a scalar prediction:

ŷ(x) = hMLP(fCLIP(x)) ∈ [0, 1].

4. Experiments
4.1. Datasets
For our experiments, we collected a dataset of human face
images. The dataset contains both manipulated images
(e.g., face swap, face reenactment) and fully synthetic face
images produced by various generators. To generate the
images, we provided a detailed prompt for the sake of di-
versity, e.g. “close-up on face of a woman with gray hair,
alabaster skin, and amber eyes, having zen expression set
against a countryside background, with studio lighting.”
Real images were sampled from several datasets.

All images were subjected to the same preprocessing
pipeline: face detection, cropping, and resizing to 224 ×
224 px.

Training and validation set. The composition of our
training set is given in Tab. 1. We have two variants;
the Large set and the Small set. Intermediate and base-
line models were trained on the small set, the final model
was trained on the Large set. Fake images were mostly

1We used the differential evolution implementation
from scipy.optimize.
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Table 1. Training dataset composition. The table shows
the training dataset for the final ensemble model and smaller ex-
perimental variants. The validation set corresponds to a propor-
tion of the original data.

Source / Config. Large Small Label
FF++ 13,557 2,500 Fake
RV 7,690 2,500 Fake
Flux 50 – Fake
DF-IF 50 – Fake
WFIR 10 – Fake
LAION 18,878 5,000 Real
Total 40,235 10,000 –
Validation set 5% 10 % –
Augmentations 45% 45 % –

taken from Face Forensics++ [24] and generated by Real-
istic Vision (RV) model [5]. Real images for training were
sampled from LAION dataset [35].

To prevent overfitting of the model and improve robust-
ness to image degradations, we augmented 45% of the im-
ages in each epoch using techniques such as random qual-
ity level up to 60% JPEG compression, rotation, grayscale
conversion, sharpening, Gaussian blur, affine transforma-
tions, color jittering, horizontal and vertical flips, and ran-
dom cropping. The validation set is non-overlaping 5%
and 10% for Large and Small sets, respectively. The rate
of augmentation is the same on the validation set.

Test dataset. The composition of the test set is given
in Tab. 2. It is on purpose different from the training
set in both fake and real parts to test the model gener-
alization to unseen content. For each generator and the
real subset, we collected 1000 images. The images were
either generated using public models (e.g., via Hugging
Face) or sourced from benchmark datasets such as Deep-
FakeBench [24] and DF40 [33]. Real images were sam-
pled from publicly available datasets, including IMDB-
WIKI [25], CelebA [15], FFHQ [13]. Note that the real
images are taken from a different dataset than the training
set, which is a challenging situation, as the detector might
overfit to possible biases in the real data.

4.2. Detectors
The pre-trained deepfake detectors used in our ensemble
models are listed in Tab. 3. Multiple publicly available de-
tectors of various approaches that span years 2020–2026
were used.

We tested several of our models: Ens-Small – the
model of architecture in Fig. 1, and two ablated baselines
Ens-Probs – of architecture in Fig. 2a, and MonoCLIP
– see Fig. 2b. They were trained on the small training set
detailed in Tab. 1, and using transformer ViT-B/32 of
the OpenCLIP image encoder [11]. The final ensemble
model Ens-Final was trained on the large training set
and with a larger tranformer backbone ViT-L/14.

Table 2. Test dataset. The table lists all generators and real
image sources used for evaluation, along with their respective
origins and the reference names used throughout this work.

Generator Source Ref. Name
StyleGAN3 DF40 dataset [33] StyleG3
FaceForensics++ FaceForensics++ [24] FF++
PixArt-alpha Generated [3] PixArt
Realistic Vision v6 Generated [5] RV
Stable Diffusion XL Generated [21] SD-XL
Kandinsky 3.0 Generated [1] Kndsky
FLUX-dev Generated [2] Flux
DeepFloyd IF Generated [8] DF-IF
WhichFaceIsReal DF40 dataset [33] WFIR
MidJourney v6 DF40 dataset [33] MidJ
Real images IMDB + Celeba + FFHQ Real

Table 3. Pre-trained detectors. The table lists all pre-trained
detectors that were used in our ensemble models.

Detector Name Year Publication
CNND, CNND2 [30] 2020 CVPR
FreqD [9] 2020 ICML
GramNet [16] 2020 CVPR
Fusing [12] 2022 ICIP
DIMD-latent, DIMD-gan [6] 2023 ICASSP
UnivFakeD [18] 2023 CVPR
RPTC [36] 2023 ArXiv
DeFake [26] 2023 SIGSAC
NPR [28] 2024 CVPR
ClipBased, Corvi2023 [7] 2024 CVPRw
DeepfakeD [34] 2026 WACV

All models were trained to minimize binary cross-
entropy loss. The final model was extensively trained
for approximately five days using NVIDIA A100-SXM4
GPUs with 40GB of memory. Training epochs varied
in duration, typically requiring between 45 minutes to
two hours depending on computational resource utilisa-
tion and the complexity of the training scenarios.

4.3. Results
We evaluated all pretrained detectors and our models on
subsets of our test set. Testing was performed under two
scenarios: original images and degraded images produced
by random cropping (up to 5/8), resizing (down to 0.5),
and JPEG compression (down to 60%). The latter setting
simulates typical downstream processing on social-media
platforms. The results are shown in Tab. 4 and Tab. 5,
respectively.

The tables report classification accuracy. All test sub-
sets are balanced, containing 1000 real and 1000 fake im-
ages, so the chance level is 0.5. We gray out entries where
the generators in the training and test sets overlap. We
refer to these as “in-distribution” cases, and their accu-
racy values are excluded from the row-average calcula-
tions. While other detectors may encounter in-distribution
data during evaluation and benefit from this overlap, our
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Table 4. Accuracy of detectors across generative models (original images). Accuracy is evaluated per generator using balanced sets
of fake and real images. The table shows detectors (rows) evaluated against various generative models (columns). Greyed-out numbers
correspond to generators included in their training set; these values are excluded from the row-average calculations.

Detector DF-IF MidJ RV SD-XL Flux Kndsky PixArt FF++ StyleG3 WFIR Row Avg.
CNND 0.53 0.76 0.47 0.47 0.52 0.47 0.56 0.47 0.59 0.91 0.57
CNND2 0.50 0.54 0.50 0.50 0.50 0.50 0.51 0.50 0.50 0.56 0.51
Corvi2023 0.45 0.94 0.95 0.92 0.56 0.86 0.95 0.45 0.62 0.45 0.72
DIMD-gan 0.50 0.50 0.50 0.50 0.50 0.50 0.50 0.50 0.96 1.00 0.60
DIMD-latent 0.45 0.92 0.95 0.91 0.58 0.81 0.95 0.45 0.45 0.45 0.69
DeFake 0.58 0.55 0.70 0.72 0.63 0.67 0.70 0.52 0.49 0.70 0.63
FreqD 0.46 0.32 0.64 0.62 0.40 0.50 0.58 0.50 0.72 0.78 0.55
Fusing 0.84 0.83 0.48 0.47 0.54 0.48 0.61 0.47 0.88 0.73 0.63
GramNet 0.78 0.73 0.57 0.29 0.74 0.78 0.54 0.35 0.79 0.79 0.64
NPR 0.65 0.88 0.53 0.51 0.86 0.82 0.78 0.41 0.88 0.53 0.69
RPTC 0.61 0.57 0.70 0.57 0.60 0.78 0.72 0.33 0.80 0.80 0.65
UnivFakeD 0.49 0.49 0.49 0.49 0.49 0.52 0.49 0.65 0.81 0.57 0.55
ClipBased 0.66 0.40 0.87 0.57 0.70 0.87 0.58 0.86 0.88 0.57 0.70
DeepfakeD 0.52 0.58 0.50 0.54 0.51 0.62 0.65 0.93 0.98 0.51 0.63
Ens-Small 0.64 0.62 0.96 0.63 0.70 0.95 0.84 0.89 0.96 0.79 0.77
Ens-Probs 0.76 0.88 0.93 0.61 0.82 0.93 0.89 0.47 0.93 0.92 0.84
MonoCLIP 0.69 0.87 0.88 0.83 0.72 0.80 0.84 0.85 0.73 0.68 0.76
Ens-Final 0.76 0.71 0.92 0.91 0.83 0.91 0.91 0.93 0.94 0.91 0.88

Table 5. Accuracy of detectors on transformed images simulating social media degradation. Images undergo random cropping,
resizing, and JPEG compression to assess robustness under realistic post-processing conditions. The table shows detectors (rows)
evaluated against various generative models (columns). Greyed-out numbers correspond to generators included in their training set;
these values are excluded from the row-average calculations.

Detector DF-IF MidJ RV SD-XL Flux Kndsky PixArt FF++ StyleG3 WFIR Row Avg.
CNND 0.51 0.52 0.50 0.50 0.50 0.50 0.51 0.50 0.52 0.51 0.51
CNND2 0.50 0.50 0.50 0.50 0.50 0.50 0.50 0.50 0.50 0.50 0.50
Corvi2023 0.57 0.67 0.61 0.64 0.58 0.70 0.56 0.59 0.80 0.66 0.64
DIMD-gan 0.50 0.50 0.50 0.50 0.50 0.50 0.50 0.50 0.51 0.50 0.50
DIMD-latent 0.51 0.63 0.64 0.59 0.53 0.62 0.53 0.51 0.58 0.58 0.57
DeFake 0.59 0.63 0.65 0.67 0.48 0.73 0.67 0.52 0.41 0.61 0.60
FreqD 0.50 0.61 0.46 0.55 0.49 0.59 0.62 0.46 0.46 0.54 0.53
Fusing 0.54 0.54 0.50 0.52 0.53 0.50 0.53 0.50 0.62 0.52 0.53
GramNet 0.53 0.51 0.52 0.52 0.51 0.52 0.52 0.47 0.47 0.51 0.51
NPR 0.50 0.50 0.50 0.50 0.50 0.51 0.50 0.50 0.50 0.50 0.50
RPTC 0.60 0.58 0.42 0.58 0.61 0.47 0.49 0.55 0.54 0.58 0.54
UnivFakeD 0.48 0.48 0.48 0.48 0.48 0.52 0.49 0.61 0.62 0.49 0.51
ClipBased 0.58 0.54 0.58 0.58 0.56 0.59 0.58 0.59 0.59 0.54 0.57
DeepfakeD 0.54 0.59 0.47 0.55 0.52 0.64 0.64 0.89 0.93 0.47 0.62
Ens-Small 0.61 0.64 0.75 0.68 0.58 0.79 0.66 0.86 0.88 0.55 0.67
Ens-Probs 0.57 0.57 0.60 0.57 0.55 0.59 0.56 0.50 0.51 0.56 0.56
MonoCLIP 0.54 0.55 0.81 0.57 0.55 0.58 0.55 0.79 0.73 0.51 0.57
Ens-Final 0.68 0.66 0.89 0.76 0.69 0.87 0.85 0.98 0.95 0.54 0.82

models are strictly tested on unseen images, ensuring a
fair assessment of generalisation.

The proposed Ens-Final outperforms all competing
methods by a large margin on average accuracy. The mar-
gin is grater for the the degraded images. The model is
performing the best for many individual subsets.

For the smaller ensemble models, it is seen on Tab. 4

that our baseline ensemble model Ens-Probs exhibits
the best average accuracy, while it does not achieve the top
accuracy for any single generator. The result highlights
that even without image features, the ensemble technique
allows model to generalise effectively across unseen gen-
erators. However, when subjected to the degraded images,
its accuracy drops slightly above random chance, reveal-
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ing a significant lack of robustness against post-processing
transformations, see Tab. 5.

On the other hand, as indicated in Table 5,
the Ens-Small model maintains strong performance
under image degradations, achieving the highest row-
average accuracy among the models trained on the smaller
datasets (Ens-Probs, MonoCLIP). The image only
model MonoCLIP has a comparable average accuracy
with Ens-Small on the original, but much lower on
the degraded images. This result demonstrates the effec-
tiveness of combining multiple pretrained detectors when
models accesses both image features and detector outputs.

Interestingly, the architectures of our MonoCLIP and
the ClipBased detector [7] are very similar, but there
are still differences in accuracy. Since both models lever-
age CLIP embedding, we attribute the difference to a dif-
ferent training datasets.

Among other detectors, DeepfakeD and DeFake
also demonstrate stable performance across both origi-
nal and transformed images. Notably, DeepfakeD av-
erage accuracy remains nearly unchanged (0.63 to 0.62)
under augmentations, and it remains the best-performing
detector for StyleG3 and FF++. In contrast, sev-
eral models CNND2, CNND, UnivFakeD, and FreqD
operate close to random guessing levels and consis-
tently achieve row averages between 0.50 and 0.55.
Other models DIMD-gan, DIMD-latent, Fusing,
GramNet, NPR, and RPTC experience significant per-
formance degradation under transformations, approaching
random chance levels.

4.4. Contribution of individual detectors
To understand how the final ensemble model
Ens-Final allocates decision responsibility across
detectors, we analysed the per-image weights assigned
by the MLP head conditioned on CLIP embeddings.
Since the model computes a different set of weights for
each image, we evaluated 100 samples per generator and
calculated the mean and variance of the assigned weights.
Additionally, detectors with weights lower than 0.01 were
omitted from the figures for clarity, as their contribution
to the final decision is negligible.

The dynamic weights predicted by Ens-Final
model are shown in Fig. 3, again for two scenarios –
orginal and images distorted by common transofrma-
tions. The figure shows the weights of the static ensemble
Ens-Prob for comparison.

It is seen that the dynamic weights differ from the static
weights, so the model indeed learned to use the image
features. Moreover, the dynamic weights differ for gen-
erators and real images for both original and degraded im-
ages. On the other hand, we can observe certain similari-
ties between similar models, e.g. Realistic Vision and SD
XL. Interestingly, detector DeFake seemed to be used for
many generators. For FF++ images, the most important
was CLIPBased, which was the most useful for Style-
GAN3 and used more or less in all tested subsets. To

recognize real images, the most important detector was
DIMID-gan.

Note that the weights are sparse. Weights of many de-
tectors are always zero. Those detectors can be dropped
to speed the evaluation up.

5. Conclusions
In this work, we conducted a comprehensive evaluation
of fourteen publicly available deepfake detectors on a cu-
rated dataset of facial images comprising both real sam-
ples from multiple sources and synthetic samples gen-
erated by modern generative models. Building on these
findings, we proposed an ensemble architecture that inte-
grates the outputs of pretrained detectors and assigns them
adaptive importance weights predicted directly from im-
age features. Our experiments demonstrate that this ap-
proach consistently outperforms both individual detectors
and simpler ensemble baselines, particularly in challeng-
ing scenarios where input images undergo degradations
such as compression.

An analysis of the learned dynamic weights further re-
vealed that, for certain generator families, only a subset
of detectors contributes meaningfully to the final deci-
sion, while others receive negligible or effectively zero
weight. Although this insight highlights a potential path
toward computational efficiency, the current method re-
quires running all detectors during inference, resulting
in latency on the order of tens of seconds, since all the
detectors do not fit into a GPU memory. Parallel com-
putation on multiple GPUs will reduce latency. Future
work will therefore focus on leveraging the discovered
weight patterns to prune consistently uninformative de-
tectors and reduce computational cost. Moreover, the
observed generator-dependent weighting behavior opens
promising opportunities for model attribution, which we
plan to explore in subsequent research.
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Figure 1. 3DGS exhibits floaters and view inconsistencies under sparse-view constraints. These artifacts are mostly caused by depth
ambiguities and poor Gaussian alignment with the underlying geometry, as shown in the depth and normal maps. By incorporating
depth supervision, normal supervision, and additional pseudo views, our method significantly reduces these artifacts and produces more
view-consistent novel views with improved Gaussian alignment under sparse-view constraints.

Abstract

Novel view synthesis has evolved rapidly, advancing
from Neural Radiance Fields to 3D Gaussian Splatting
(3DGS), which offers real-time rendering and rapid train-
ing without compromising visual fidelity. However, 3DGS
relies heavily on accurate camera poses and high-quality
point cloud initialization, which are difficult to obtain in
sparse-view scenarios. While traditional Structure from
Motion (SfM) pipelines often fail in these settings, existing
learning-based point estimation alternatives typically re-
quire reliable reference views and remain sensitive to pose
or depth errors. In this work, we propose a robust method
utilizing π3, a reference-free point cloud estimation net-
work. We integrate dense initialization from π3 with a
regularization scheme designed to mitigate geometric in-
accuracies. Specifically, we employ uncertainty-guided
depth supervision, normal consistency loss, and depth
warping. Experimental results demonstrate that our ap-
proach achieves state-of-the-art performance on the Tanks
and Temples, LLFF, DTU, and MipNeRF360 datasets.

1. Introduction

3D scene reconstruction and novel view synthesis (NVS)
are rapidly advancing, with many applications across dif-
ferent domains [32]. These methods can be applied in
fields such as Virtual Reality (VR) for creating immersive
worlds, cinematography to create visually appealing as-
sets efficiently, or robot vision to help robots understand
their physical environment [23]. The foundation of 3D
scene reconstruction was laid by traditional Structure from
Motion pipelines. More recently, significant advances in
NVS were achieved by representing the scene as Neu-
ral Radiance Fields (NeRF) [16]. These methods achieve
state-of-the-art results but suffer from slow training speeds
and are unsuitable for real-time rendering due to high la-
tency. Newer methods such as 3D Gaussian Splatting
(3DGS) [11] enable high-quality NVS even for real-time
rendering. Additionally, training speed is significantly re-
duced.

A major limitation of these novel view synthesis meth-
ods is the need for dense views, which often is not feasi-
ble for real-world applications. In sparse-view settings,
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these methods tend to struggle with bad initialization,
depth ambiguities and overfitting to training views. To
improve the performance in these settings and counter-
act the depth ambiguities, certain priors are introduced to
better generalize and escape minima throughout the opti-
mization process. Methods such as DNGaussian [14] and
Few-shot Novel View Synthesis using Depth [13] leverage
monocular depth estimators to regularize the model with
the help of the inferred depth. The depth regularization
helps significantly to improve the depth ambiguities and
increase the generalization capability of the models. A
challenge for these models is correct depth scaling, proper
point initialization, and accurate camera poses. The ini-
tial points and camera poses are traditionally generated
using Structure from Motion (SfM) pipelines. However,
these pipelines often struggle with sparse input views and
limited overlap between views. Recent advancements for
sparse-view settings were achieved by leveraging dense
initialization with the help of point cloud estimation net-
works [27, 28, 31]. They replace the traditional SfM
pipeline with models such as MASt3R [7] or DUSt3R [24]
for the point cloud estimation and camera pose estimation.
The resulting models achieve high-fidelity results but re-
quire good initial reference views for accurate predictions.
In addition, a time-consuming iterative camera alignment
process is required, which can take several minutes. In-
accurate camera poses may further reduce reconstruction
quality.

We make the following contributions:
• We discuss a method for leveraging a Permutation-

Equivariant point cloud estimation network for dense
initialization without relying on traditional SfM.

• We introduce confidence aware pearson depth loss, to
counteract uncertain depth estimations.

• We explore the use of PGSR in sparse-view settings for
improved geometry alignment and reduced overfitting.

Our method achieves state-of-the-art results in sparse-
view settings and significantly improves Gaussian surface
alignment, while reducing floaters. Our code is publicly
available at https://github.com/Mango0000/Pi-GS.

2. Related Work
This section reviews prior work on 3D reconstruction,
covering classical geometry-based pipelines, neural radi-
ance fields, and Gaussian splatting approaches, with a fo-
cus on sparse-view and pose-free scenarios.

2.1. Traditional 3D Reconstruction
Classical 3D reconstruction pipelines typically rely on
Structure-from-Motion (SfM) to achieve camera pose es-
timation and to generate a point cloud from a given set of
images taken from various viewpoints. Afterward, Multi-
View Stereo (MVS) and surface reconstruction techniques
such as Poisson reconstruction are used [10, 20, 34].
These methods perform well in textured and opaque
scenes but struggle with transparent materials and sparse
or low-overlap views. Moreover, they are highly sensitive

to SfM failures, which can lead to unstable surface recon-
struction.

2.2. Neural Radiance Fields
Neural Radiance Fields (NeRF) [16] represent scenes by
continuous volumetric functions. This makes them ca-
pable of producing photorealistic novel views and han-
dling view-dependent effects more accurately. However,
a downside is that NeRFs are quite demanding in terms
of computation. As a result, we see more efficient vari-
ants like Instant-NGP [17], PlenOctree [30] and Efficient-
NeRF [9] that drastically shorten the training and render-
ing time by incorporating optimized data structures and
improving the architecture.

2.3. 3D Gaussian Splatting
3D Gaussian Splatting (3DGS) [11] has emerged as a new
method that improves on training and rendering speed by
replacing the implicit radiance field of NeRF-based meth-
ods with an explicit representation. Its core idea is to
use 3D Gaussians both for optimization and for render-
ing via rasterization, therefore achieving real-time ren-
dering without losing either fine details or transparency.
Advanced 3DGS methods, such as PGSR: Planar-based
Gaussian Splatting for Efficient and High-Fidelity Sur-
face Reconstruction (PGSR) [4], improve Gaussian sur-
face alignment with the help of planar Gaussians and
multi-view consistency losses. However, these methods
generally rely on SfM for initialization and are optimized
for dense and overlapping views.

2.4. Sparse-View Gaussian Splatting
Reconstruction from sparse views remains a major chal-
lenge for 3DGS. Several augmentations exist that address
sparse-view reconstruction by introducing additional con-
straints and regularization terms. Depth-based super-
vision is explored in Depth-Regularized 3D Gaussian
Splatting [6], Few-shot NVS with Depth-Aware 3D Gaus-
sian Splatting [13], and DNGaussian [14]. This type
of supervision results in fast convergence and reduces
depth ambiguities. Meanwhile, DropGaussian [18] and
DropoutGS [29] deactivate Gaussians at random in order
to counteract overfitting. There are also more advanced
methods like FSGS: Real-Time Few-Shot View Synthesis
using Gaussian Splatting [33] which introduces a pool-
ing strategy and fine-tunes the splitting strategy to im-
prove sparse view reconstruction across different datasets.
While these methods achieve very robust results in sparse-
view scenarios, they typically rely on accurate camera
poses from SfM.

2.5. SfM-Free Methods
Methods such as COLMAP-Free 3D Gaussian Splat-
ting [8] and InstantSplat [31], eliminate the need for SfM
by jointly optimizing the 3D Gaussians as well as the cam-
era poses and using depth estimations for point cloud ini-
tialization. These methods are able to handle sparse-view
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situations more robustly and recover from inaccurate cam-
era poses.

2.6. Diffusion-Based Priors
More recent works incorporate diffusion priors not
only to stabilize the reconstruction, but also to generate
additional views from the limited number of input views.
GenFusion [26], SparseGS [28], Gaussian Scenes [19],
and Intern-GS [27] are some of the methods where these
advantages can also be observed. While these methods
achieve impressive results, they often struggle with
high-frequency textures and view inconsistencies due to
depth ambiguities and inaccurate Gaussian alignment.

Our method differs fundamentally from diffusion-
based and optimization-heavy approaches. Instead of
synthesizing novel views using generative priors, we
improve reconstruction quality through dense geometric
initialization and strong generalizability across datasets.
We leverage depth and normal supervision from esti-
mated depth maps and explicitly model depth uncertainty
through confidence-aware constraints, allowing devi-
ations from noisy estimates. Camera poses and point
representations are predicted by a feed-forward network,
reducing reliance on iterative optimization and increas-
ing robustness in sparse-view settings. Consequently,
our approach focuses on geometric consistency and
generalization without relying on view hallucination or
diffusion-based priors.

3. Method

We begin by outlining preliminaries on Gaussian Splatting
and planar depth rendering. Section 3.2 details modifica-
tions to PGSR for sparse settings, followed by our dense
initialization strategy in Section 3.3. We then present our
uncertainty-aware Pearson loss in Section 3.4 and artifact-
free normal supervision in Section 3.5. Finally, Sec-
tion 3.6 describes our depth warping approach for improv-
ing view consistency.

3.1. Preliminaries
Gaussian Splatting. 3D Gaussian Splatting (3DGS) in-
troduced by Kerbl et al. [11] achieves great novel view
synthesis results with high efficiency by leveraging a
Gaussian scene representation. Another improvement of
this scene representation over NeRF is the real-time ren-
dering speed, as well as much faster training times. Our
approach also builds upon 3DGS. The scene representa-
tion is defined by a set of 3D Gaussians. Each Gaussian
can be defined by a 3D covariance matrix Σ ∈ R3×3 and
the 3D center point µ ∈ R3 in world space,

G(x) = e−
1
2 (x−µi)

TΣ−1(x−µi). (1)

To project this 3D Gaussian onto the 2D image plane
for rendering, the covariance matrix Σ′ in clip space is

defined as the following:

Σ′ = JWΣWTJT , (2)

where J is the Jacobian of the affine approximation for
this projection transformation and W is the view transfor-
mation matrix.

For the covariance matrix to be physically meaning-
ful, it needs to be positive semi-definite. To ensure this
throughout the training process, Σ is defined as the fol-
lowing:

Σ = RSSTRT , (3)

where S ∈ R3×3 is the scaling matrix, and R ∈ R3×3 is
the rotation matrix. This allows separate optimization of
rotation and scaling and ensures that Σ is positive semi-
definite. For increased memory efficiency, the rotation
matrix is stored as a quaternion, and scaling as 3D vec-
tor.

Furthermore, for rendering the color C, we blend the
colors of each Gaussian along the ray, as follows:

C =

N∑
i=1

Tiαici, (4)

where N is the number of Gaussians along a ray, ci is the
color of the i-th Gaussian represented by spherical har-
monics (SH) to account for view dependent effects, αi is
the weighted opacity of the i-th Gaussian and Ti is the
transmittance of the i-th Gaussian [11].

Transmittance Ti is defined as:

Ti =
i−1∏
j=1

(1− αj). (5)

By calculating the color for each ray from the camera, we
can render an image. The training of this Gaussian repre-
sentation is done by back propagation with the following
loss function:

L = (1− λ)L1 + λLD−SSIM , (6)

where L1 is a simple l1 loss between the rendered and
ground-truth image and LD−SSIM is an image simi-
larity measure between rendered and ground-truth im-
age [2, 11]. 3DGS relies on camera poses and points
obtained from structure from motion (SfM). However,
in sparse-view settings, the resulting point cloud can be
highly sparse, and the overlap between the images may be
insufficient to extract reliable structures or accurate cam-
era poses. This leads to a challenging starting point for
3DGS optimization.

Depth and Normal Rendering. We use Planar-based
Gaussian Splatting for Efficient and High-Fidelity Surface
Reconstruction [4] (PGSR) for normal and depth render-
ing. PGSR builds upon 3DGS, enabling the rendering and
backpropagation of both the depth and normals. A naive
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approach of computing the depth D of a pixel would be to
use depth accumulation defined as:

D =
N∑
i=1

Tiαizi, (7)

where Ti is the same as in Eq. (5), αi is the weighted
opacity of the i-th Gaussian and zi is its distance from
the camera [5]. PGSR on the other hand compresses the
3D Gaussians to get flat 2D planes, from which unbiased
depth and normal maps can be rendered [4].

To get the 2D planes, PGSR flattens the 3D Gaussians
by minimizing the minimum scale and therefore defining
the scale loss Ls as following:

Ls = ||min(s1, s2, s3)||1, (8)

where si is the i-th scale component of each Gaussian.
The direction of the minimum scale factor corresponds

to the normal ni. Therefore, the normals per ray, N , can
be rendered as following:

N =
N∑
i=1

RT
c niαiTi, (9)

where Rc is the rotation from the camera to the global
world.

The distance di from the Gaussian plane to the camera
center is defined as:

di = (RT
c (µi − Tc))R

T
c n

T
i , (10)

where Tc is the camera center in the world and µi is the
center of the i-th Gaussian.

The distance D along a ray can now be defined as:

D =
N∑
i=1

diαiTi. (11)

PGSR extends 3DGS by introducing an Image Edge-
Aware Single-View Loss Lsvgeo, which optimizes the
Gaussian Scene with the Local Plane Assumption. This
assumption states that two neighbouring pixels can be
considered as an approximate local plane, but only if
these pixels do not belong to an edge. The loss helps
to improve the local depth and normal consistency. They
also propose a Multi-View Geometric Consistency Loss,
Lmvgeom, which enhances geometric smoothness by pro-
jecting the depth and normals from one frame to another.
Finally, they employ a Multi-View Photometric Consis-
tency Loss, Lmvrgb, which projects the grayscale image
from one camera to another camera through depth warp-
ing [4].

3.2. PGSR Sparse-View
Default PGSR does not work well for the sparse-view set-
ting out-of-the-box because of the multi-view observer

(a) Ballroom scene with opacity
reset.

(b) Ballroom scene without
opacity reset.

Figure 2. Comparison of the Ballroom scene from Tanks and
Temples with and without opacity reset [12]. Background details
are lost when opacity reset is executed, and image quality further
degrades over the training process.

trim, which assures that each point is observed by mul-
tiple cameras and this is not guaranteed in sparse-view
settings. Therefore, we deactivate this trimming for our
method. Another parameter that requires adjustment is the
opacity reset interval. When opacity reset happens, fine
details in the background will be lost and artifacts appear,
as can be seen in Fig. 2. The details in Fig. 2a at the back
wall are completely lost and artifacts in the window frame
become visible. By continuing the training process even
further, the artifacts’ strength increases, and they become
even more prominent. When deactivating opacity reset,
the background details are retained and the artifacts van-
ish without sacrificing the overall quality. This can also
be seen in Fig. 2b. The improvement is also reflected in
the PSNR (Peak Signal-to-Noise Ratio), which increases
from 22.76 to 23.73. With these few settings, it is already
possible to run the PGSR framework with acceptable re-
sults. For improved performance, we deactivate the split-
ting strategy as it is not needed for our dense point cloud
initialization. The point cloud is already very detailed and
this setting does not improve the final results (cf. Tab. 1).

3.3. Dense Initialization

Sparse-view settings pose a fundamental challenge for
standard SfM frameworks like COLMAP [21, 22], where
limited image overlap can lead registration to fail. Fur-
thermore, the resulting sparse point clouds serve as a poor
initialization for 3DGS, complicating the optimization of
Gaussian primitives and compromising geometric fidelity.
To mitigate this, we leverage a pre-trained feed-forward
network to predict both depth and camera parameters.
This strategy provides the dense geometric initialization
and accurate poses required for high-quality sparse-view
reconstruction. Figure 3a illustrates the point cloud gen-
erated by the feed-forward model π3 [25], while Fig. 3b
depicts the result from COLMAP [21]. Both methods use
the same 24 input views from the ”bicycle” scene of the
MipNeRF360 dataset [3], rendered here from an identi-
cal viewpoint. The difference in density is significant:
The COLMAP reconstruction contains only 1,028 points,
whereas π3 yields 1,013,106 points. Note that the π3 out-
put was filtered using the default confidence threshold of
20%.
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(a) Point cloud inferred with π3. (b) Point cloud created with
COLMAP.

Figure 3. Comparison between π3 point cloud and COLMAP
point cloud, of the bike scene from MipNeRF360 Dataset with
24 training images [3, 21, 25].

3.4. Depth Supervision
From π3, we obtain the per view point clouds which can
be used as a depth map. For depth regularization, we eval-
uated different losses.

Standard L1 and L2 losses often cause the model to
overfit to the limited fidelity of the inferred depth maps.
We also evaluated the Global-Local Depth Normalization
from DNGaussian [14] but found it unnecessary given
the inherent scale consistency of our predictions. In-
stead, we utilize a Pearson correlation loss, which has
demonstrated superior performance. This approach en-
forces structural consistency while enabling the recovery
of high-frequency details that are missing from the initial
depth estimation.

In addition to the default Pearson correlation loss, we
also integrated the confidence given by π3. As a result,
the final depth can be modeled even more accurately by
assigning low weights to uncertain regions. Our newly
created confidence-aware depth loss, Lpearson, is defined
as:

µp =

∑N
i=1 CiD

p
i∑N

i=1 Ci

, µt =

∑N
i=1 CiD

t
i∑N

i=1 Ci

, (12)

D̄p = Dp − µp, D̄t = Dt − µt, (13)

Pconf =

∑N
i=1 CiD̄

p
i D̄

t
i√(∑N

i=1 Ci

(
D̄p

i

)2)(∑N
i=1 Ci

(
D̄t

i

)2) , (14)

Lpearson = 1− Pconf , (15)

N is the number of pixels, Dp
i is the predicted depth of the

i-th pixel, Ci the confidence of the i-th pixel and Dt
i is the

ground truth of the i-th pixel, which is the depth estimated
by π3, and Pconf is the confidence-aware Pearson corre-
lation. The resulting rendered depth after 7,000 iterations
with the help of confidence-aware Pearson correlation can
be seen in Fig. 4.

3.5. Normal Supervision
Surface Normals can be computed with the help of depth
maps by calculating the pixel-wise partial derivatives ∂z

∂x

and ∂z
∂y , where x and y are the pixel coordinates and z

is the depth value, either rendered or estimated by π3.

(a) Confidence-aware Peason loss. (b) Pearson loss.

Figure 4. Depth rendering of the Ballroom scene from the Tanks
and Temples dataset, comparing the confidence-aware Pearson
loss with the standard pearson loss [12]. The confidence-aware
loss leverages uncertainty estimates to enhance detail, particu-
larly in the background, and also improves performance with
low-resolution depth estimates.

(a) Default normal map with artifacts. (b) Masked normal map.

Figure 5. The Normal map generated from the depth map us-
ing partial derivatives, which introduces grid artifacts, and the
masked normal map, which removes grid artifacts introduced by
π3 architecture [25].

Because π3 processes each image in patches of 14 × 14
pixels, the gradient is not continuous between adjacent
patches, leading to grid-like artifacts, as can be seen in
Fig. 5a. To alleviate this problem, we add a mask to ig-
nore these discontinuous regions during loss computation.
The mask is computed by creating a grid with 14 × 14
pixel cells, masking the 1-pixel-wide inner border of each
cell. Therefore, the Gaussians are not regularized in these
border regions, and the grid artifacts do not appear in the
scene representation. The masked normal map can be seen
in Fig. 5b. As supervision, we simply use the L1 loss be-
tween the rendered and ground-truth normal map defined
as:

Lnormal =
1

N

N∑
i=1

||N t
i −Np

i ||1, (16)

where N is the number of pixels, N t
i is the ground-truth

normal at pixel i and Np
i is the predicted normal at pixel i.

3.6. Depth Warping
To improve generalization of our model further, we in-
clude pseudo-views which are generated with the help of
depth warping. This is achieved by projecting the image
pixels from one camera into 3D space, and then repro-
jecting the 3D points into the 2D image plane of a tar-
get camera. For accurate results, we only project pixels
with high confidence and mask out the rest, including un-
seen regions. To generate high-quality pseudo-cameras,
we use circle interpolation with the camera parameters as
input. A circle can be defined by three points, so we use
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Figure 6. The two Figures show two reprojection examples with
the applied mask for the Barn scene of the Tanks and Temples
dataset [12].

the two nearest cameras to the target camera for pseudo-
view generation. The positions of the three cameras de-
fine our circle. Now then interpolate by a certain amount
between each pair of neighbouring views, which results in
two additional views per camera. We can generate an arbi-
trary number of pseudo-views by adjusting the interpola-
tion step size. However, in our experiments, two pseudo-
views between each pair yielded the best results. The
nearest cameras are already computed by PGSR, therefore
we can reuse them. A few examples of these generated
pseudo-views can be seen in Fig. 6. These pseudo-views
are then used throughout training for additional supervi-
sion with the help of SSIM and L1 loss, but with a weight
set to 0.1.

4. Evaluation
For testing strategy, we adhere to previous state-of-the-art
models to ensure comparability. The datasets used for the
evaluation are Tanks and Temples [12], MipNeRF360 [3],
LLFF [15] and DTU [1].

Implementation Details. The Tanks and Temples
dataset covers real-world indoor and outdoor scenes, but
we only use a subset of 8 scenes, as done by other sparse-
view models like Intern-GS and InstantSplat. We focus
on the 3-view setting and therefore use the same train/test
split. This means the testing set includes 12 images uni-
formly sampled without the first and last frame and the
remaining set is the training set where we again uniformly
sampled the 3 views [31]. For Tanks and Temples, no
downsampling is applied.

The MipNeRF360 dataset contains real-world 360◦ in-
door and outdoor scenes. For this dataset, two different
approaches are used. One for the 3-view setting as defined
by Gaussian Scenes [19] and one for the 12-view setting
as defined by SparseGS [28]. For both settings, the 4x
downsampled images are used, to adhere to the evaluation
strategies of state-of-the-art models. For the 3-view set-
ting, we use every 8th image as testing set and uniformly
sample the 3 training views. For the 12-view setting, we
use the split dataset provided by SparseGS [28]. The 12-
view setting uses only 6 of the 9 scenes contained in the
MipNeRF360 dataset, whereas the 3-view setting uses all
9 scenes.

The LLFF dataset contains real-world forward-facing
images. For this dataset, we used the same evaluation

strategy as defined by DNGaussian. A downsampling rate
of 8 is used, and we adhere to the train/test split of the 3-
view setting of DNGaussian [14].

Lastly, we also evaluated on the DTU dataset, which
contains highly calibrated lab captures of object centric
scenes. This dataset also provides bit masks to separate
the background and real camera poses. We used our own
inferred camera poses. We again used the testing strat-
egy defined by DNGaussian. This time we used 4x down-
sampled images and the same train/test split of the 3-view
setting of DNGaussian [14]. Similar to DNGaussian and
other comparable methods, we applied the provided sepa-
ration masks for the evaluation.

We use the exact same settings for all evaluations.
π3 [25] automatically downsamples the images to a cer-
tain pixel size, therefore we counteract the downsampling
by rescaling the cameras to the full size. To make a
fair comparison, we only project the training views to 3D
space. The testing views are only used to get initial cam-
era positions. We train for 7000 iterations, with depth
loss, normal loss as well as pseudo views. The pseudo
views are generated with a confidence threshold of 20%.
This means that we mask out the projected pixel with
confidence under 20%. Splitting of Gaussians is deacti-
vated. We evaluate our model in terms of PSNR, SSIM
and LPIPS.

4.1. Quantitative Evaluation
Tables 3 and 6 show the comparison between Intern-
GS [27], InstantSplat [31], SparseGS [28], DNGaus-
sian [14], FSGS [33], 3DGS [11] and Our method. On
DTU and Tanks and Temples, our model can reconstruct
the scene accurately, with good Gaussian surface align-
ment and without smoothing out high-frequency textures.
On LLFF our model achieves slightly lower scores, be-
cause of missing information in unseen regions, as our
model optimizes only on seen regions and known infor-
mation. An example of this unseen region is illustrated in
Fig. 7.

Tab. 4 shows the comparison between Gaussian
Scenes, MASt3R Initialization, FSGS and Our method
in the 3-view setting on MipNeRF360 [19, 33]. Our
model achieves the lowest LPIPS score and second high-
est PSNR and SSIM. Compared to FSGS our model does
not rely on accurate camera poses from traditional SfM.

Tab. 5 shows the comparison between 3DGS, DNGaus-
sian, SparseGS and Our method in 12-view setting on
MipNeRF360 [3]. Our model achieves the highest results
with very coherent and view-consistent final scene, as our
model improves the Gaussian surface alignment signifi-
cantly. A comparison can be seen in Fig. 8.
To validate the accuracy of our camera pose estimates, we
evaluate the Absolute Trajectory Error (ATE) on the Tank
and Temples dataset. Our pose estimator, π3, achieves
a mean ATE of 0.0293 and a root mean squared error
(RMSE) of 0.0325, demonstrating that it produces accu-
rate camera poses suitable for fair comparison of photo-
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(a) Ground Truth (b) Intern-GS

(c) Ours

Figure 7. The Figures show a comparison between Intern-
GS [27], Ours and the Ground Truth. Our model has very accu-
rate reflections and fewer artifacts, nevertheless our model can
not correctly reconstruct the unseen region at the ceiling.

(a) SparseGS (b) Ours

Figure 8. The Figures show a comparison between
SparseGS [28] and our method. Our model reconstructs the
background and ground more accurately, and additionally de-
creases artifacts.

metric metrics in 3D Gaussian splatting.

4.2. Ablation

We evaluate the impact of each individual optimization
on our final result. The evaluation is conducted using the
Barn scene from the Tanks and Temples dataset. It is ev-
ident that all of our optimizations improve the result even
further. Dense point cloud initialization with the help of
π3 significantly improves the result by also reducing the
time required for SfM. Our custom depth loss improves
the score by allowing low confidence depth regions to
optimize more freely. Normal regularization encourages
the Gaussians’ normals to match the ground-truth geom-
etry. Depth warping improves the results by adding more
views, which helps the model generalize better and avoid
overfitting to the training views. Our full model achieves
a PSNR of 22.15 on the Barn scene. We also evaluated
the effect of enabling splitting of Gaussians in our model.
This setting results in a slight decrease in performance and
was therefore deactivated. These results can be seen in

Tab. 1.

Method PSNR

Original 3DGS 17.53
PGSR 18.05
π3 (dense) initialization 19.66
+ Depth Regularization 20.72
+ Normal Regularization 21.56
+ Depth Warping (Full Model) 22.15

+ Splitting Densification 21.97

Table 1. Ablation study of the regularization techniques intro-
duced in our model on the Barn scene of Tanks and Temples.
Additionally, we evaluated the impact of splitting Gaussians dur-
ing densification.

In addition, we evaluate the impact of using PGSR
compared to standard 3DGS for our sparse view setting
(3-views). Table 2 shows that the planar depth created
by PGSR helps significantly to place the Gaussians more
accurately. Additionally, the losses introduced by PGSR
help to improve the rendering results further. Our model
remains stable even after increased training iterations and
continues to show improved novel view synthesis results.
A visual comparison between 3DGS and PGSR with dif-
ferent number of iterations can be seen in Fig. 9.

Framework Iteration
Tanks and Temples MipNeRF360

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

PGSR [4] 7000 19.99 0.503 0.355 23.36 0.791 0.156
3DGS [11] 7000 18.00 0.426 0.449 23.07 0.773 0.172

PGSR [4] 15000 20.19 0.517 0.343 23.41 0.795 0.169
3DGS [11] 15000 17.04 0.391 0.465 20.94 0.719 0.244

Table 2. Ablation study on the use of PGSR as base framework
compared to 3DGS. The additional multi-view and single-view
losses introduced by PGSR are activated after iteration 7000.
This comparison shows that the PGSR depth rendering captures
the underlying surface geometry more accurately by also reduc-
ing floaters significantly. With the help of PGSR we achieve
view-consistent surfaces and reduce overfitting significantly.

Method PSNR↑ SSIM↑ LPIPS↓

3DGS [11] 15.36 0.572 0.379
DNGaussian [14] 20.69 0.721 0.277
SparseGS [28] 21.20 0.717 0.231
InstantSplat [31] 22.20 0.743 0.199
FSGS [33] 22.31 0.693 0.197
Intern-GS [27] 22.67 0.736 0.191
Ours 22.87 0.764 0.189

Table 3. Evaluation on Tanks and Temples dataset with 3-view
setting. Our model does not oversmooth high-frequency textures
and accurately aligns the Gaussians with the underlying surface
geometry.
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Figure 9. Visual comparison between 3DGS and PGSR with different Iterations. The planar depth from PGSR helps significantly to
remove floaters and align the Gaussians accurately to the ground-truth geometry.

Method PSNR↑ SSIM↑ LPIPS↓

MASt3R Initialization [19] 12.59 0.231 0.593
Gaussian Scenes [19] 13.81 0.265 0.547
FSGS [33] 14.17 0.318 0.578
Ours 14.14 0.310 0.523

Table 4. Evaluation on MipNeRF360 dataset with 3-view set-
ting. Our model reconstructs seen regions accurately, but can
not introduce geometry in unseen regions.

Method PSNR↑ SSIM↑ LPIPS↓

3DGS [11] 17.49 0.490 0.431
DNGaussian [14] 16.28 0.432 0.549
SparseGS [28] 19.37 0.577 0.398
Ours 19.54 0.492 0.362

Table 5. Evaluation on MipNeRF360 dataset with 12-view set-
ting. Our model can reconstruct the scenes with highly accu-
rate surface alignment. The ground is view-consistent, and fewer
floating artifacts compared to SparseGS [28].

5. Conclusion and Limitations

Our model shows strong performance under sparse-view
constraints, specifically when handling between 3 and 12
views. The model demonstrates the importance of accu-
rate dense point cloud initialization. We introduce a mod-
ified depth loss that enables correct scene generalization
by reducing depth ambiguities without introducing arti-
facts in low confidence regions. In addition, we introduce
normal and depth warping loss terms that improve align-
ment with the ground-truth surface geometry. Finally, we

Method
LLFF DTU

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

3DGS [11] 15.52 0.408 0.405 10.99 0.585 0.313
DNGaussian [14] 19.12 0.591 0.294 18.91 0.790 0.176
SparseGS [28] 19.86 0.668 0.322 18.89 0.834 0.178
InstantSplat [31] 17.67 0.603 0.379 17.55 0.634 0.212
FSGS [33] 20.31 0.652 0.288 19.54 0.732 0.199
Intern-GS [27] 20.49 0.693 0.212 20.34 0.851 0.163
Ours 19.92 0.664 0.254 23.52 0.815 0.145

Table 6. Evaluation on LLFF and DTU dataset with 3-view set-
ting. Following previous work, for evaluation on DTU the back-
ground masks are applied. Our model is able to reconstruct fine-
grained textures accurately, but it underperforms in unobserved
regions compared to methods that generate content for unseen
regions.

relax certain assumptions from PGSR to allow robust op-
timization in sparse-view settings.

Our model faces limitations when dealing with large
datasets, as processing many input views with π3 con-
sumes a large amount of GPU memory, which is infea-
sible on consumer hardware. Additional limitations come
from inaccurate depth estimations in specific scenes, such
as the leaves scene from the LLFF dataset [15]. Future
improvements could include the joint optimization of the
camera poses and the Gaussian scene, which would re-
sult in improved reconstruction quality. Furthermore, the
integration of generative priors could enhance the model’s
ability to maintain photometric and geometric consistency
across occluded or sparse areas.
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Abstract

Sea surface temperature (SST) reconstruction of missing
values in cloud-covered regions is crucial for many down-
stream geophysics tasks. It is fundamentally ambigu-
ous, yet most state-of-the-art methods remain determin-
istic, producing a single overly-smoothed reconstruction,
often contaminated by artifacts, or offering a limited un-
certainty estimation. We present DIRECT, a conditional
generative model that reconstructs dense SST fields by
learning the full conditional distribution of plausible solu-
tions. DIRECT proposes a rectified flow-matching formu-
lation, with the network conditioned on temporal context
and day-of-year seasonality, and presents an observation-
guided rectification that anchors the generative trajec-
tory to measured pixels at every integration step. DI-
RECT produces an ensemble of physically consistent re-
constructions, yielding both an accurate mean estimate
and spatially resolved uncertainty that is well-calibrated
via a lightweight post-hoc variance correction. DIRECT
sets a new state-of-the-art on three Level-3 SST datasets
(Mediterranean, Adriatic, Atlantic), delivering 6–17%
improved reconstruction compared to the strongest pub-
lished method and better preserving the mesoscale struc-
ture.

1. Introduction
Sea surface temperature (SST) is a key variable at
the ocean–atmosphere interface, regulating exchanges of
heat, moisture, and momentum and influencing atmo-
spheric convection, storm development, and large-scale
climate variability such as ENSO and monsoon systems
[12, 18, 26, 27]. This designates SST as an essential cli-
mate variable [5], widely used in climate monitoring, nu-
merical weather prediction, ocean reanalysis, and marine
ecosystem studies [8, 28].

Global SST observations are primarily obtained from
satellite-based infrared (IR) and microwave radiome-

Acknowledgements. This work was supported by the ARIS program
P2-0214 and projects L2-3169, J2-60054, and by the Slovenia super-
computing network SLING (ARNES, EuroHPC Vega - IZUM).

Figure 1. DIRECT recovers spatially coherent temperature fields
from partially observed inputs and preserves smooth mesoscale
structure in reconstructed regions. Compared to CRITER [34]
(current state-of-the-art), DIRECT delivers more faithful pat-
terns, which is further demonstrated by the spatial gradient mag-
nitudes – notice that the blocky high-frequency structures emerg-
ing in CRITER are not present in DIRECT estimates.

ters on low-Earth-orbit and geostationary platforms [24].
While IR sensors provide high spatial resolution, they are
severely affected by cloud cover, which obscures large
and spatially coherent portions of the ocean surface at any
given time. This results in structured gaps that persist
across space and time, posing a fundamental challenge for
downstream applications that require spatially complete
SST fields (Figure 1, top-left).

Classical SST reconstruction methods based on statis-
tical interpolation or low-rank decompositions (e.g., Opti-
mal Interpolation, EOFs [1, 31]) recover large-scale vari-
ability but are limited by linearity and stationarity assump-
tions. Recent learning-based models, which range from
convolutional autoencoders such as DINCAE/DINCAE2
[2, 3] to transformer-based methods like MAESSTRO
[14] and CRITER [34], have substantially improved accu-
racy, but remain fundamentally deterministic, producing a
single reconstruction that struggles to capture ambiguity
under heavy cloud cover, complicates uncertainty estima-
tion, and often smooths fine-scale structure or introduces
long-range artifacts (Figure 1, top-right).
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Diffusion-based generative models [7, 17, 33] have
achieved state-of-the-art performance in image restoration
by learning full conditional distributions rather than point
estimates. In geophysical reconstruction they have been
recently explored for satellite gap-filling and data assimi-
lation [4, 32]. However, existing approaches typically op-
erate on single snapshots without explicit spatiotemporal
context [4], rely on coarse or implicit conditioning rather
than structured temporal representations [32], or lack ex-
plicit mechanisms for handling physical masks (e.g., land)
and uncertainty calibration [4]. Consequently, a princi-
pled generative formulation tailored to dense, spatiotem-
poral SST reconstruction remains an open challenge.

We propose DIRECT, a diffusion-inspired generative
model for dense SST reconstruction from partially ob-
served satellite measurements. DIRECT formulates SST
gap-filling as a conditional flow-matching problem, learn-
ing a deterministic probability flow that maps noise to
physically plausible SST fields conditioned on sparse ob-
servations, temporal context, and seasonal information.
The model integrates (i) a unified U-Net backbone with
SST-specific global conditioning, (ii) a spatiotemporal
context representation that explicitly encodes the tempo-
ral origin of auxiliary information, and (iii) a task-specific
rectification mechanism that enforces hard consistency
with observed pixels throughout the generative process.
By sampling multiple reconstructions, DIRECT produces
both an accurate mean estimate and spatially resolved
uncertainty, which is further automatically calibrated to
avoid ensemble collapse. Our contributions are:
• We formulate dense SST reconstruction as a conditional

flow-matching problem, integrating spatiotemporal con-
text, seasonal conditioning, and hard observation con-
sistency within a single end-to-end generative model.

• We introduce an explicit temporal offset encoding for
auxiliary context frames, together with a multi-pass
reconstruction strategy that iteratively refines the spa-
tiotemporal context and the resulting reconstructions.

• We propose an effective post-hoc uncertainty calibra-
tion scheme that corrects ensemble under-dispersion
and yields well-calibrated per-pixel uncertainty esti-
mates without modifying the training objective.
DIRECT sets a new state-of-the-art on three multi-

sensor SST benchmarks, reducing reconstruction error in
occluded regions by 6–17% relative to the strongest ex-
isting baseline (CRITER [34]) and by up to 63% com-
pared to other recent methods, while better preserving
mesoscale spatial structure and producing well-calibrated
uncertainty estimates.

2. Related work
Early SST reconstruction methods based on statistical in-
terpolation and low-rank decompositions (e.g., Optimal
Interpolation, EOFs [1, 31]) recover large-scale variabil-
ity but are limited by linearity and stationarity assump-
tions. Learning-based models substantially improve re-
construction quality: convolutional autoencoders such as

DINCAE/DINCAE2 [2, 3] remain overly smooth despite
providing uncertainty surrogates, while transformer-based
methods like MAESSTRO [14] and CRITER [34] better
capture long-range structure but remain fundamentally de-
terministic, producing a single reconstruction that is lim-
ited in ambiguity representation and may introduce struc-
tured artifacts. In contrast, DIRECT models the full con-
ditional distribution and produces ensembles of plausible
reconstructions.

Inpainting by diffusion models has ben extensively ex-
plored in computer vision. The methods achieve state-
of-the-art image restoration by learning full conditional
distributions [7, 17, 33]. Pixel re-injection as in RePaint
[23] and subsequent refinements [21] has been success-
fully exploited to enforce observation consistency during
sampling for inpainting. However, these methods typi-
cally operate on single images and do not address spa-
tiotemporally structured gaps, physical masks (e.g., land),
or calibrated uncertainty in geophysical fields. DIRECT
extends the generative restoration paradigm to spatiotem-
poral SST with explicit temporal conditioning and physi-
cal constraints. As alternative to diffusion models, flow
matching and rectified-flow models learn deterministic
probability flows that transport noise to data [22]. DI-
RECT builds on this framework for conditional recon-
struction, combining flow-based sampling with hard ob-
servation consistency and domain-specific spatiotemporal
conditioning.

A growing body of work applies diffusion-style gen-
erative models to Earth-science reconstruction tasks, mo-
tivated by their ability to generate ensembles and quan-
tify uncertainty. Barth et al. [4] demonstrate diffusion-
based gap-filling for satellite ocean color (chlorophyll-
a), producing ensembles and evaluating uncertainty re-
liability. For SST specifically, CARE-SST [6] applies
a DDPM-style approach with historical context to re-
construct cloud-contaminated SST. Related efforts also
extend diffusion-based reconstruction to broader ocean-
temperature settings using observation-guided sampling
and simulation pretraining [29]. In atmospheric data as-
similation, physics-guided diffusion frameworks incor-
porate physical regularization to improve coherence un-
der sparse observations [32]. These works establish the
promise of generative modeling for geosciences, but com-
monly differ from the SST gap-filling setting considered
here in one or more aspects: operating on single snap-
shots or coarse temporal context, relying on guidance
schemes without explicit temporal-offset encoding, and/or
not targeting calibrated per-pixel uncertainty for dense
spatiotemporal reconstruction. DIRECT addresses these
gaps with an explicit temporal context formulation, hard
observation consistency throughout sampling, and uncer-
tainty calibration.

3. DIRECT
Let X = {xt}Tt=1 denote a sequence of SST measure-
ments xt ∈ RW×H , and M = {mt}Tt=1 a sequence of
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corresponding binary masks mt ∈ {0, 1}W×H , with ones
indicating valid observations, and let ml be a constant bi-
nary mask, with zeros indicating land. Our task is to re-
cover a sequence of dense reconstructed fields {µt}Tt=1

along with per-pixel uncertainty estimates Σ = {σt}Tt=1.
The SST reconstruction is inherently a spatio-temporal

inference problem, as the ocean surface temperature
evolves smoothly over time under physical constraints. As
a result, observations from adjacent days provide valuable
information for reconstructing the field at time t, while
the utility of temporally more distant observations dimin-
ishes. Previous studies [3, 34] have explored this temporal
dependency and report that a window spanning one day
before and after the target time captures most of the rele-
vant information, meaning days at times t−1, t, and t+1
are considered in reconstruction of the missing values at
day t.

Because adjacent context frames may themselves be
partially observed, we densify the temporal context by op-
portunistically replacing missing pixels with observations
from nearby days. Specifically, when a pixel is missing
at time t ± 1 it is filled using the closest available obser-
vation from days before/after up to a maximum temporal
offset of ∆filled = 3 days. We denote these filled context
frames as x

′

t−1 and x
′

t+1. To preserve the temporal ori-
gin of this information, we accompany each context frame
with a one-hot encoded mask Mt±1 ∈ {0, 1}3×W×H , en-
coding specific offsets (1, 2, or 3) or denoting the pixel
as invalid (0). For the central frame, a two-channel mask
Mt ∈ {0, 1}2×W×H indicates the observed versus miss-
ing (or land) pixels. We denote the temporal context fields
as C1t = [x

′

t−1,xt,x
′

t+1] and the corresponding masks as
C2t = [Mt−1,Mt,Mt+1]. Finally, also following good
practices of prior works [3, 34], we incorporate the day-
of-year (DoY) dt to provide the context of seasonal infor-
mation.

3.1. A flow-matching architecture
We frame the SST reconstruction as a conditional flow
matching problem [19], which specifies the reconstruc-
tion process as a deterministic probability flow from a
simple noise distribution into the target data distribution.
The process involves simulating a stochastic differential
equation, for which the Euler integration at iteration step
k ∈ [0, 1] is

x̂
(k)+∆
t = x̃

(k)
t +∆ · vθ(x̃

(k)
t |Ct, k, dt), (1)

where ∆ is the integration step, vθ(x̃
(k)
t |Ct, k, dt) is the

rectified flow network, with Ct the provided context, dt
the day-of-the-year variable, and x̃

(k)
t the previous itera-

tion reconstruction x̂
(k)
t with observed values re-injected

to constrain the reconstruction steps, i.e.,

x̃
(k)
t = FUSE(x̂(k)

t ) = (x̂
(k)
t ⊙(1−mt)+xt⊙mt)⊙ml.

(2)
Figure 2 visualizes the vθ(x̃

(k)
t |Ct, k, dt) architecture.

The input y(k)
t ∈ R128×W×H is formed by concatenating

x̃
(k)
t with the context C1t and mixed by a 1 × 1 convolu-

tion, which is summed with the C2t also passed through
1× 1 convolution to match the feature dimensions.

The core is a U-Net architecture following [20], where
the encoder progressively increases the feature channels
across four levels (128, 256, 384, 512). We employ 5
residual blocks at the first level and 3 at subsequent levels,
with self-attention applied at the lowest resolution.

Global conditioning is injected via FiLM modula-
tion [25]. We construct a conditioning token e ∈
R512 by summing two embeddings: (i) the day of
year dt, encoded using its sine–cosine representation
[sin(dt

2π
365.25 ), cos(dt

2π
365.25 )] and mapped through a two-

layer MLP, to provide seasonal context; and (ii) the flow
iteration variable k, encoded via sinusoidal embeddings
followed by a two-layer MLP. The resulting conditioning
token modulates feature maps in every residual block.

3.2. A multi-pass formulation
Note that missing measurements in days before and af-
ter the reconstructed day xt (i.e., its temporal context) are
naiively filled with past/future observations before pass-
ing to vθ(x̃

(k)
t |Ct, k, dt). Improved reconstruction of xt

may be expected if the missing values in its temporal con-
text days were replaced by their own reconstructions. We
thus propose to run the reconstruction of the entire time-
series in multiple (Np) passes, in each pass building the
temporal context from the previous-pass reconstructions
and setting the corresponding values in the context C2t to
±1 days, respectively.

3.3. Probabilistic reconstruction
The time-series is reconstructed N = 16 times, starting
with different random Gaussian samples initializing the
missing regions, leading to an ensemble of reconstructions
S = {x̂t,n}Nn=1. Ideally, the ensemble per-pixel variance
would capture the full posterior uncertainty, but our initial
observations indicate that the variance is under-estimated
at a small subset of pixels, whose locations vary. To ad-
dress this, we consider the ensemble as a mixture of Gaus-
sians, each centered at ensemble member with a small
constant variance σ2

0 across all pixels. The final recon-
struction is thus obtained by moment-matching the mix-
ture with a single Gaussian, i.e.,

µt =< S > ; σ2
t = var(S) + σ2

0 . (3)

The constant σ2
0 is estimated on the validation set.

3.4. Training
DIRECT is trained by a modified self-supervised flow-
matching objective to enable training with incomplete
data. The training samples are created by sampling cloud
masks mm from other days and applying them to the cen-
tral day, yielding x′′

t = xt ⊙ mm. Thus, a ground truth
direction vector ut = xt − x̃

′′(0)
t is constructed from the

simulated observed field with missing values initialized
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conv
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Figure 2. The DIRECT architecture overview. The SST field x̂
(k)
t estimated at k/∆-th iteration is accompanied by the temporal context

C1t and the time-stamp masks C2t, seasonal context dt, and the current flow iteration value k. The FUSE rectified reconstruction x̃
(k)
t

is concatenated with context frames C1t and summed with the embedded origin masks C2t to form the network input. Token e

modulates the U-Net via FiLM [25]. The network output updated the initial SST estimate into x̂
(k)+∆
t by Euler integration.

by noise (x̃′′(0)
t ) and the original observed field xt. The

flow iteration variable k is sampled at uniform from inter-
val [0, 1], leading to the following loss at field indexed by
time-step t:

Lt =
1

Nobs,t

Nt∑
i=1

wt,i

(
vθ(x̃

(k)
t |Ct, k, dt)(i) − ut,i

)2

,

(4)
where Nt is the number of pixels in the SST field, Nobs,t

is the number of observed pixels in xt, and wt = mt⊙ml

indicates observation presence at pixel i.
After training the model, the training set (or validation

if available) can be reconstructed and the regularization
variance σ2

0 estimated as follows. Following [34] we de-
fine per-pixel scaled reconstruction error as

ϵt,i = (xt,i − µt,i)/σt,i. (5)

For a well-calibrated estimator, this error should follow a
unit-variance, zero-centered Gaussian. The σ2

0 can thus be
estimated by minimizing the KL divergence [16] between
the ideal Gaussian and the empirical Gaussian obtained
from (5), which yields the following loss

Lσ2
0
= (µ2

ϵ) + (σ2
ϵ − log σ2

ϵ ). (6)

4. Results
Model parameters. During inference, each input pro-
duces an ensemble of N = 16 reconstructions, each ob-
tained with Nk = 25 flow timesteps. The main results
reported were obtained by using Np = 2 passes.

Training details. The model is trained for 200 epochs
using the AdamW optimizer (η = 10−4, β1 = 0.9 and
β2 = 0.95). We employ a hybrid learning-rate sched-
ule consisting of a 20-epoch linear warm-up followed by
cosine decay over the remaining 180 epochs, with a mini-
mum learning rate of 1× 10−8.

Performance measures. We report the Root Mean
Squared Error (RMSE) calculated over three specific re-
gions: the region with observed data (RMSEobs), the re-
gion in which we occluded the data (RMSEmis), and the
two regions combined for overall evaluation (RMSEall).
While RMSEobs is included for completeness, it is not par-
ticularly informative: due to the FUSE rectification step
(2), observed pixels are replaced with their measured val-
ues at every flow integration step, leading to near-zero er-
ror. Nevertheless, note that many competing methods do
reconstruct also this part of the data, necessarily increas-
ing the errors also in the observed regions. The metric of
primary interest is therefore RMSEmis, which reflects the
quality of reconstruction in the occluded regions.

4.1. The SST datasets
We evaluate DIRECT on three level-3 (L3) multi-sensor
SST datasets that represent diverse oceanographic regions
with varying resolution and data sparsity: (i) The Mediter-
ranean dataset [11] (from January 1, 2008, to December
31, 2021, remapped to a 0.0625° × 0.0625° grid), (ii) the
Adriatic dataset [9] (from August 25, 1981, to December
31, 2022, remapped to a 0.05° × 0.05° grid), and (iii) the
Atlantic dataset [10] (from January 1, 1982, to January 1,
2022, remapped to a 0.05°× 0.05° grid). Following [34],
we filter samples exceeding region-specific cloud cover-
age thresholds (100% for Mediterranean, 60% for Adri-
atic, 75% for Atlantic), resulting in 5114 valid samples
for the Mediterranean, 7800 for the Adriatic, and 3454
for the Atlantic dataset, and employ chronological splits
to prevent temporal leakage: 90% of the samples are used
for training, 5% for validation, and 5% for testing.

4.2. Comparison with state-of-the-art
We compare DIRECT against three recent SST recon-
struction methods: DINCAE2 [3], MAESSTRO [14], and
CRITER [34]. We follow the evaluation procedure intro-
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Table 1. Comparison of DIRECT to current state-of-the-art methods. All of the reported reconstruction errors are in °C, where the two
numbers in parentheses correspond to the 10% and 90% percentiles.

Dataset Model RMSEall RMSEmis RMSEobs

Mediterranean MAESSTRO [14] 0.487 (0.320, 0.657) 0.607 (0.394, 0.856) 0.434 (0.299, 0.564)
DINCAE2 [3] 0.209 (0.140, 0.300) 0.319 (0.226, 0.418) 0.148 (0.112, 0.184)
CRITER [34] 0.127 (0.037, 0.235) 0.255 (0.168, 0.352) 0.017 (0.013, 0.021)
DIRECT (ours) 0.106 (0.026, 0.196) 0.220 (0.144, 0.302) 0.000 (0.000, 0.001)

Adriatic MAESSTRO [14] 0.456 (0.296, 0.635) 0.583 (0.362, 0.844) 0.392 (0.261, 0.539)
DINCAE2 [3] 0.270 (0.111, 0.522) 0.433 (0.203, 0.769) 0.106 (0.087, 0.129)
CRITER [34] 0.130 (0.045, 0.222) 0.243 (0.140, 0.358) 0.021 (0.014, 0.030)
DIRECT (ours) 0.109 (0.029, 0.193) 0.202 (0.113, 0.304) 0.001 (0.001, 0.002)

Atlantic MAESSTRO [14] 0.802 (0.508, 1.239) 0.832 (0.514, 1.301) 0.764 (0.479, 1.137)
DINCAE2 [3] 0.444 (0.332, 0.581) 0.525 (0.396, 0.692) 0.302 (0.236, 0.364)
CRITER [34] 0.391 (0.249, 0.542) 0.518 (0.386, 0.692) 0.036 (0.019, 0.046)
DIRECT (ours) 0.363 (0.234, 0.499) 0.489 (0.369, 0.640) 0.001 (0.000, 0.002)

Figure 3. Comparison of DIRECT and CRITER reconstructions on the Atlantic region. The columns show (from left to right):
the partially observed input (xt ⊙ mm), the ground truth xt, the reconstruction µt, the estimated uncertainty σt, and the absolute
reconstruction error (RMSEall). All values are in °C.

duced by [34], in which each test sample is reconstructed
10 times, each time with a newly sampled cloud mask
applied to the central frame. Final performance scores
are obtained by averaging the reconstruction errors across
these 10 passes over the test dataset. Because our evalua-
tion replicates this protocol, we adopt the baseline results
reported by [34] as reference values in this comparison.

Results in Table 1 show that across all three datasets,
DIRECT achieves the lowest reconstruction error among
all considered methods. Relative to DINCAE2, DIRECT
reduces RMSEmis by 53% on the Adriatic dataset, 31%
on the Mediterranean, and 7% on the Atlantic dataset.
Improvements over MAESSTRO are even greater, rang-
ing from 41% on the Atlantic to more than 63% on both
the Mediterranean and Adriatic datasets. Compared to
CRITER, the strongest published baseline, DIRECT fur-
ther reduces reconstruction error in occluded regions by
17% on the Adriatic, 14% on the Mediterranean, and 6%
on the Atlantic. These gains also correspond to visibly
more coherent reconstructions. An example from the At-
lantic dataset is shown in Figure 3, where DIRECT re-
covers better spatially consistent SST fields while avoid-
ing artifacts that persist in CRITER reconstructions (i.e.,

blocky structures). For subsequent experiments, we retain
CRITER as the sole baseline, since it consistently outper-
forms DINCAE2 and MAESSTRO, and drop RMSEobs,
except when it offers some additional insight.

4.2.1. Uncertainty estimation and bias analysis

We evaluate the reliability of ensemble-based uncertainty
estimates using the scaled error metric (5), which mea-
sures how well the predicted uncertainties explain the
actual reconstruction error. Table 2 shows that the
raw ensemble without the per-sample uncertainty σ0

(DIRECTw.o.σ0 ), underestimates uncertainty (σϵ > 1.4).
This reflects cases of ensemble collapse at sparse set of
pixels, where reconstructions become overly similar, re-
sulting in the predicted variance being too small. By us-
ing the dataset-specific learned regularization constant σ0

(0.114 for Mediterranean, 0.095 for Adriatic, 0.285 for
Atlantic) in the total variance estimation (3), the under-
estimation is removed, reaching (σϵ ≈ 1.0). DIRECT
therefore achieves near-ideal estimation of standard devia-
tion and bias on all three datasets. For further insights, we
computed the ratio between the estimated constant σ0 and
the average total per-dataset standard deviations. Overall,
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Table 2. Uncertainty estimation analysis of DINCAE2,
CRITER, and DIRECT. Mean standardized error (µϵ), standard
deviation (σϵ), and bias are reported for each dataset.

Dataset Model µϵ σϵ Bias
Medite- DINCAE2 -0.060 0.334 -0.060
rranean CRITER -0.022 1.116 -0.007

DIRECTw.o.σ0 -0.036 1.728 -0.003
DIRECT -0.018 1.062 -0.003

Adriatic DINCAE2 0.198 0.996 0.128
CRITER 0.041 1.082 0.007
DIRECTw.o.σ0

0.029 1.733 0.003
DIRECT 0.018 1.080 0.003

Atlantic DINCAE2 -0.017 0.801 -0.006
CRITER 0.118 1.156 0.047
DIRECTw.o.σ0

0.150 1.792 0.039
DIRECT 0.099 1.099 0.039

the σ0 accounts for the 23%, 23%, and 33% of the total
variance across the Mediterranean, Adriatic and Atlantic
datasets, respectively.

4.2.2. Power spectrum density analysis
We perform a power spectral density (PSD) analysis [30]
on a region of interest (ROI) in the central Mediterranean
to evaluate how well DIRECT recovers spatial variabil-
ity across scales compared to CRITER [34]. Time frames
for which the ROI is fully observed are first identified, af-
ter which cloud masks are sampled, obscuring between
51% and 100% of the ROI. Both models reconstruct
the full SST field from these masked inputs. For each
reconstruction, we compute the 2D gradient magnitude
||∇µROI

t ||2 and the isotropic PSD using a FFT with a
Blackman–Harris window [15].

The resuling graphs are shown in Figure 4. Both mod-
els successfully reproduce the large-scale spectral struc-
ture of the SST field and interestingly exhibit nearly iden-
tical spectral energy profiles at high wavenumbers. How-
ever, care is required in interpreting the density. Notably,
while CRITER appears to recover the high-frequency
parts equaly well as DIRECT, note that the gradient mag-
nitudes (Fig. 4, row 3), reveal that this is partly driven
by non-physical block artifacts, a byproduct of patch-
based processing. In contrast, DIRECT’s energy profile
reflects coherent, albeit slightly smoothed, oceanic struc-
tures. Thus, DIRECT achieves a more physically faith-
ful representation of the continuum, avoiding the spurious
grid-like artefacts that inflate the PSD of the patch-based
baselines.

4.2.3. Analysis of spatial scale correlation
To assess the preservation of spatial structure and
mesoscale variability beyond pixel-wise error, we analyze
the spatial correlation properties using empirical semivar-
iograms [13]. Semivariance is computed as

γ(d) =
1

2N(d)

∑
i,j∈P(d)

(pi − pj)
2, (7)

where P(d) denotes the set of N(d) pixel pairs seperated
by distance d, and pi is the observation value of xt at i-
th pixel. To ensure statistical robustness, we average the
results across 10 independent mask realizations sampled
from the dataset.

As shown in Figure 5, both models effectively cap-
ture local correlations (short lags). At intermediate to
larger spatial lags, however, clearer differences appear. In
the hidden region variograms, DIRECT consistently re-
produces the growth of semivariance with distance more
faithfully, while CRITER exhibits less stable long-range
behavior, suggesting a struggle to maintain spatial coher-
ence over large obscured gaps. When considering the full
valid SST domain, the performance gap narrows signif-
icantly. In this setting, both DIRECT and CRITER fol-
low the ground truth semivariance almost perfectly, with
virtually no observable difference between the two mod-
els. This convergence is expected, as the calculation in-
cludes observed pixels. The results highlight that while
both models are highly reliable when observations are
present, DIRECT provides a more physically consistent
spatial texture when reconstructing larger completely un-
observed areas.

4.3. Influence of multi-pass reconstruction

We next evaluate the multipass inference strategy de-
scribed in Section 3.2. The notation DIRECTNp

is used to
explicitly note the number of passes Np used in DIRECT,
with DIRECT1 indicating a single pass, with initial fall-
back context used. Table 3 summarizes the results across
three regions, with CRITER included for reference.

On the Mediterranean and Adriatic datasets, a two-pass
version (DIRECT2) provides modest but consistent im-
provements over the single pass, reducing RMSEmis by
6% and 3%, respectively. This performance boost con-
firms that substituting the initial fallback context with the
model’s own high-fidelity estimates provides a cleaner
conditioning signal. Compared to CRITER, DIRECT2

achieves overall RMSEmis reductions of 14% on the
Mediterranean and 17% on the Adriatic. However, in-
creasing to a three passes (DIRECT3) yields no further
benefits. On the Atlantic dataset, which covers a vast
open-ocean area characterized by persistent, large-scale
cloud cover, no measurable gain is observed even at Np =
2. In such scenarios, both the initial fallback context and
the first-pass reconstruction suffer from a lack of ”anchor”
observations. If the first-pass estimate contains significant
uncertainty or reconstruction bias, using it as context for a
second pass likely propagates these errors rather than re-
ducing them – nevertheless the errors do not increase in
this case, implying DIRECT’s robustness.

4.4. Ablation study

Ablation studies were performed on the Mediterranean
dataset with single-pass inference (Np = 1) to expose the
influences of individual parts.
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Figure 4. Masked SST input, ground truth field, and DIRECT/CRITER reconstructions (row 1). Structural SST field differences in
selected region (row 2) are visualized by spatial gradient magnitudes (row 3), and by isotropic power-spectral density (row 4).

Table 3. Influence of the multi-pass strategy (DIRECTNp , with
Np passes), with CRITER results for reference. All reported
reconstruction errors are in °C

Dataset Model RMSEall RMSEmis

Medite- DIRECT1 0.113 0.234
rranean DIRECT2 0.106 0.220

DIRECT3 0.106 0.222
CRITER 0.127 0.255

Adriatic DIRECT1 0.113 0.208
DIRECT2 0.109 0.202
DIRECT3 0.109 0.202
CRITER 0.130 0.243

Atlantic DIRECT1 0.363 0.489
DIRECT2 0.363 0.489
DIRECT3 0.364 0.490
CRITER 0.391 0.518

4.4.1. Analysis of input rectification (FUSE)

We evaluate the importance of the FUSE procedure
(Equation (2)). To this end, we compare DIRECT
against three ablated variants: one without injecting ob-
served SST values (DIRECTOBS), one without zeroing
land pixels (DIRECTML), and one without any rectifica-
tion (DIRECTFUSE). Results in Table 4 show that com-

Table 4. Performance of DIRECT variants. All of the reported
reconstruction errors are in °C.

Variant RMSEall RMSEmis RMSEobs

DIRECTOBS 0.115 0.237 0.011
DIRECTML 0.115 0.239 0.000
DIRECTFUSE 0.222 0.295 0.181
DIRECT 0.113 0.234 0.000

pletely disabling FUSE causes a large drop in reconstruc-
tion accuracy, with RMSEmis increased by more than 20%.
Restoring only the injection of SST values (DIRECTML)
or only the masking of land pixels (DIRECTOBS) recov-
ers much of this loss (only a 2% increase for both), in-
dicating that both corrections help anchor the generative
process and prevent errors from propagating across inte-
gration steps. The best results are obtained when both cor-
rections are applied, confirming that the full FUSE proce-
dure provides complementary benefits and stabilizes the
flow integration process.

4.4.2. Influence of reconstruction ensemble size
Because DIRECT is a generative model, multiple recon-
structions can be sampled for a single input by varying the
initial noise seed. As per Section 3.3, we average these
samples to obtain a final reconstruction. Table 5 shows
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Full region variogram

Hidden region variogram

Figure 5. Visualization of the spatial scales and correlation prop-
erties analysis. Top plot: empirical semivariograms computed
exclusively over hidden regions. Bottom plot: semivariograms
computed over the full SST domain. Each curve represents the
mean semivariance across 10 different mask realizations.

Table 5. Influence of ensemble size N on reconstruction accu-
racy. All of the reported reconstruction errors are in °C.

Ensemble size N RMSEall RMSEmis

N = 1 0.148 0.307
N = 4 0.125 0.251
N = 8 0.118 0.241
N = 16 0.113 0.234
N = 32 0.113 0.234
CRITER 0.127 0.255

that averaging just N = 4 reconstructions already reduces
RMSEmis by 18% compared to N = 1, and crucially,
this already outperforms the deterministic state-of-the-art
CRITER. Our default N = 16 yields a 23% improvement
compared to N = 1. Although larger ensembles (e.g.
N = 32) are comparable with our default, they also in-
crease inference time, making 16 samples practical and
effective.

Figure 6 visualizes the characteristics of this ensem-
ble. While the mean field provides a stable and accurate
reconstruction, the per-pixel standard deviation captures
the model’s uncertainty in obscured regions. The resid-
uals ∆n = µt − x̂t,n (Rows 2–4) highlight the diverse
high-frequency fluctuations present in individual samples.

5. Conclusion
We presented DIRECT, a diffusion-inspired generative
model for reconstructing dense SST fields from partially

Figure 6. A visualization of a reconstruction ensemble. The
first row shows the masked input, the ensemble mean (µt) and
the per-pixel uncertainty (σt). Rows 2–4 visualize the residual
fields µt − x̂t,n for nine independent samples, illustrating the
high-frequency structural diversity.

observed satellite measurements. By formulating SST
gap-filling as a conditional flow-matching task, DIRECT
departs from deterministic reconstruction and instead pro-
duces an ensemble of physically plausible realizations,
enabling both accurate reconstructions and spatially re-
solved uncertainty estimation. The model integrates tem-
poral context, seasonal conditioning, and observation-
guided rectification within a single end-to-end framework.
Experimental results across Mediterranean, Adriatic, and
Atlantic datasets show that DIRECT consistently outper-
forms current state-of-the-art methods in both reconstruc-
tion accuracy and structural fidelity.

Limitations and Future Work. While the ensemble
mean provides a stable and accurate estimate, the aver-
aging process inherently acts as a low-pass filter, atten-
uating some of the high-frequency details present in in-
dividual generative samples. Future work could focus
on improving the fidelity of single-sample reconstruc-
tions. Furthermore, while our post-hoc uncertainty cal-
ibration effectively corrects for under-dispersion, incor-
porating this calibration objective directly into the train-
ing phase via a proper scoring rule loss may lead to
even sharper uncertainty estimates. Finally, extending
the DIRECT architecture to multivariate oceanographic
data represents a promising path toward a more holistic,
physically-constrained generative model.
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Troupin, and J.-M. Beckers. Ensemble reconstruction of
missing satellite data using a denoising diffusion model:
application to chlorophyll a concentration in the black sea.
Ocean Science, 20(6):1567–1584, 2024. 2

[5] Stephan Bojinski, Michel Verstraete, Thomas C. Peterson,
Carolin Richter, Adrian Simmons, and Michael Zemp. The
concept of essential climate variables in support of climate
research, applications, and policy. Bulletin of the American
Meteorological Society, 95(9):1431 – 1443, 2014. 1

[6] Minki Choo, Sihun Jung, Jungho Im, and Daehyeon Han.
Care-sst: context-aware reconstruction diffusion model for
sea surface temperature. ISPRS Journal of Photogramme-
try and Remote Sensing, 220:454–472, 2025. 2

[7] Florinel-Alin Croitoru, Vlad Hondru, Radu Tudor Ionescu,
and Mubarak Shah. Diffusion models in vision: A survey.
IEEE Transactions on Pattern Analysis and Machine Intel-
ligence, 45(9):10850–10869, 2023. 2

[8] C. Donlon, I. Robinson, K. S. Casey, J. Vazquez-Cuervo,
E. Armstrong, O. Arino, C. Gentemann, D. May, P.
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Azcarate, M. Ličer, and M. Kristan. Criter 1.0: a coarse
reconstruction with iterative refinement network for sparse
spatio-temporal satellite data. Geoscientific Model Devel-
opment, 18(17):5549–5573, 2025. 1, 2, 3, 4, 5, 6

60



29th Computer Vision Winter Workshop
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Abstract

Handwritten STEM exams capture open-ended reasoning
and diagrams, but manual grading is slow and difficult
to scale. We present an end-to-end workflow for grading
scanned handwritten engineering quizzes with multimodal
large language models (LLMs) that preserves the standard
exam process (A4 paper, unconstrained student handwrit-
ing). The lecturer provides only a handwritten reference
solution (100%) and a short set of grading rules; the ref-
erence is converted into a text-only summary that condi-
tions grading without exposing the reference scan. Re-
liability is achieved through a multi-stage design with a
format/presence check to prevent grading blank answers,
an ensemble of independent graders, supervisor aggrega-
tion, and rigid templates with deterministic validation to
produce auditable, machine-parseable reports. We evalu-
ate the frozen pipeline in a clean-room protocol on a held-
out real course quiz in Slovenian, including hand-drawn
circuit schematics. With state-of-the-art backends (GPT-
5.2 and Gemini-3 Pro), the full pipeline achieves ≈8-point
mean absolute difference to lecturer grades with low bias
and an estimated manual-review trigger rate under 20%
at Dmax = 40. Ablations show that trivial prompting and
removing the reference solution substantially degrade ac-
curacy and introduce systematic over-grading, confirming
that structured prompting and reference grounding are es-
sential.

1. Introduction

Handwritten, paper-based exams remain common in
STEM education (science, technology, engineering, and
mathematics), because they naturally elicit open-ended
reasoning, intermediate work, and sketches (e.g., circuit
diagrams) that are difficult to capture with purely digi-
tal assessments. Figure 1 illustrates the challenges. Yet
manual grading of such exams is time-consuming and
hard to scale. Learnosity reports that, in an online sur-
vey of 258 U.S. teachers, respondents spent an average
of 9.9 hours per week grading and marking [14]. At the
university level, faculty emotions research similarly sug-
gests that grading can be experienced as comparatively

Figure 1. Sample handwritten answer with diagrams (e.g. cir-
cuits) that our system is designed to handle. Sample provided by
class lecturer (not student).

unpleasant: in a large U.S. faculty sample, grading was
associated with less positive and more negative emotions
than research and teaching [24]. Beyond the immediate
time cost, practitioner-facing syntheses argue that exten-
sive grading can consume time and energy that would oth-
erwise support course planning and instructional improve-
ment [28].

The problem is amplified in STEM courses, where
written exams and technical assignments require evaluat-
ing multi-step solutions and graphical artifacts under time
pressure. A STEM-focused review notes that, as enroll-
ments and workloads grow, instructors can struggle to pro-
vide timely feedback on labor-intensive assessments and
may assign fewer practice opportunities despite pedagog-
ical benefits [27]. More broadly, automated grading sys-
tems are often motivated by reducing educator workload
and shortening feedback turnaround [27]. Workflow sys-
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tems such as Gradescope show that digitizing and organiz-
ing scanned handwritten submissions can reduce grading
overhead and support more consistent rubric application
[25], but these platforms largely preserve a fundamental
bottleneck: humans still read and score each response.

Recent progress in large language models (LLMs)
opens a path toward more automated grading. On text-
only short-answer grading, experiments on K–12 (pri-
mary and secondary school) short-answer data report that
GPT-4 can achieve agreement close to human rater agree-
ment under relatively simple prompting [10]. Controlled
ASAG evaluations further show that grading performance
is sensitive to prompt context—including whether a ref-
erence answer is provided or withheld—and can change
substantially across datasets and setups [11]. For paper-
based STEM exams, multimodal LLMs can be evaluated
directly on images of handwritten solutions; recent re-
sults report improved alignment when prompts include
official solutions and a grading rubric, while also noting
that accuracy can remain insufficient for unsupervised,
real-world deployment [5]. Practical limitations also re-
main in hybrid workflows: when handwriting is tran-
scribed to text/LATEX before grading, transcription errors
can affect downstream scoring, and recent work treats
LLM-produced grades as subject to subsequent human
verification and explores confidence estimation via re-
peated sampling [15]. Separately, applied deployments
on longer, multi-part responses highlight handwriting-to-
text conversion as a recurring bottleneck and report chal-
lenges in applying fine-grained rubrics to long solutions
and diagram/graph-heavy work [12]. Together, these find-
ings suggest that reliable exam grading requires not only
strong multimodal models, but also systems-level design:
structured prompting, verification/aggregation, and deter-
ministic post-processing to enforce consistent outputs.

In this work, we target the setting of end-to-end grad-
ing for scanned handwritten STEM exams that combine
free-form text with hand-drawn diagrams. We present a
multi-stage, multi-prompt grading workflow with deter-
ministic post-processing to ensure reliable, auditable out-
puts, and evaluate it on undergraduate open-question engi-
neering exams requiring handwritten textual answers and
electrical schematics.

2. Related Work

Research into automated exam grading has a long history
that predates modern LLMs. Before LLMs, many practi-
cal systems either (i) constrained answers into computer-
readable formats (enabling direct scoring) or (ii) relied on
handwriting recognition/OCR to extract text from scanned
work before applying text-based scoring methods. A re-
curring challenge in this area is data availability: authentic
exam scripts are frequently private and difficult to share,
and publicly distributable datasets often only partially re-
flect real exam conditions.

2.1. Exam grading before the advent of LLMs
Prior to multimodal LLMs, automatic assessment largely
decomposed into (i) text-based automated short-answer
grading (ASAG) and (ii) document pipelines that first
transcribed handwriting. Surveys of ASAG describe
early systems built around engineered lexical/syntactic
features and semantic similarity to reference answers, of-
ten using supervised models trained on scored responses
and evaluated with standard agreement/correlation met-
rics [4]. Representative feature-integration approaches
combine multiple linguistic feature families in discrimina-
tive scoring models [23], while vector-based approaches
use distributed representations and similarity scoring for
grading [16]. More recent surveys emphasize the shift to-
ward deep learning and pretrained language models (in-
cluding transformer-based approaches) for text ASAG [9].

For handwritten work, a common strategy was hand-
writing recognition/optical character recognition (OCR),
followed by text-based scoring. Early examples integrated
handwriting recognition with automated essay scoring and
underscored the dependence of end-to-end scoring qual-
ity on transcription quality [26]. For short handwritten
answers, Rowtula et al. propose a word-spotting-based
approach that avoids full transcription and instead relies
on retrieval-style signals for downstream evaluation [22].
In parallel, system-level tools such as Gradescope scaled
the workflow of grading scanned submissions through dy-
namic rubrics and answer grouping, while still relying on
humans to assign points [25]. For structured STEM prob-
lems, clustering-based methods have been proposed to
group similar solution structures so that an instructor can
label clusters and propagate (partial) credit [13]. Over-
all, pre-LLM grading systems either assumed clean text
or relied on transcription as an error-prone front-end, and
most did not robustly support unconstrained handwriting,
diagrams, and multi-page exam context end-to-end.

2.2. Exam grading in the LLM era
Since 2023, large language models have been evaluated as
general-purpose graders, first on text-only responses and
increasingly on images of handwritten work. On K–12
short-answer data, Henkel et al. report that GPT-4 with
relatively simple prompting can achieve agreement close
to human rater agreement [10]. Complementary ASAG
studies show that results depend on prompt context and
experimental setup, including whether reference answers
are provided or withheld [11]. In advanced mathemat-
ics settings, Gandolfi reports that GPT-4 can produce use-
ful solutions and grading rationales, while also document-
ing reliability issues such as occasional loss of coherence
and hallucinations that motivate explicit verification and
guardrails [6].

A major shift is direct multimodal grading of scanned
handwritten solutions. For university-level math exams,
Caraeni et al. evaluate GPT-4o grading directly from
handwriting images and report improved alignment when
prompts include official solutions and a grading rubric,
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Figure 2. System overview. Green boxes denote data artifacts, red ellipses denote prompt pairs and templates, and blue boxes denote
processing stages. All blue processing stages invoke a multimodal LLM backend (e.g., GPT-4o, GPT-5.x, Gemini, or Mistral), while
reference solution scans are converted into a text-only summary that is injected into grading prompts. Only format checker, ensemble
graders and reference solution extractor receive images, all other LLM interaction is text-only.

while noting that overall accuracy remains a limiting fac-
tor for real-world use [5]. Hybrid pipelines remain rele-
vant: Liu et al. study AI-assisted grading of handwritten
university mathematics exams using an OCR/LATEX tran-
scription stage and emphasize both transcription sensitiv-
ity and the role of human verification, while also exploring
confidence estimation by sampling multiple grading runs
[15]. At larger scale (e.g., hundreds of scripts in physics),
workflow studies continue to highlight handwriting-to-
text conversion as a practical bottleneck, challenges in
applying fine-grained rubrics to long solutions, and per-
sistent difficulty with diagrams/graphs [12]. For non-
textual outputs such as hand-drawn graphs, recent com-
parative work evaluates meta-learning approaches along-
side vision-language models on graph grading tasks [21].
Alternative multimodal scoring paradigms use CLIP-style
embeddings (optionally combined with OCR) to incorpo-
rate visual information into scoring [2], and new bench-
marks (e.g., DrawEduMath) systematically probe VLM
interpretation of students’ hand-drawn math images and
document remaining weaknesses [3].

2.3. Datasets

Public datasets that enable end-to-end evaluation of hand-
written exam grading (images in, numeric scores out) are
rare, largely because authentic exam scripts are privacy-
sensitive and typically collected under institutional con-
sent/institutional review board (IRB), limiting public re-
lease. Consequently, recent multimodal grading studies
evaluate on private course-exam collections with scanned
pages, rubrics, and human scores [5, 12], while graph-
focused handwritten corpora are likewise institutional
[21]. The few open resources with handwriting either
target short answers [7] or serve as VLM understand-
ing benchmarks rather than points-based grading datasets
[3]; large educational corpora with image responses are

often not redistributable [1]. Therefore, to evaluate an
end-to-end pipeline under realistic STEM exam condi-
tions (multi-part solutions and diagrams), we collected
and graded our own exam data.

3. Methods

The pipeline was designed to minimize interference with
the exam process. Beyond using the standard A4 paper, no
constraints are imposed on students or on how the lecturer
administers the exam. The only additional requirement is
that the lecturer provides a handwritten reference solution
representing a perfect (100%) answer. These requirements
directly shape the architecture shown in Fig. 2.

3.1. System architecture

The pipeline in Fig. 2 couples deterministic document
handling with a small number of LLM-invoking stages.
While the system is implemented as a substantial amount
of orchestration code, the primary methodological contri-
bution lies in the structure of the pipeline and, crucially, in
the prompt pairs and rigid templates that make the over-
all behavior stable and machine-parseable. Due to space
constraints, we do not reproduce the full prompts and tem-
plates.

Reference conditioning without exposing the reference
scan. The lecturer provides a handwritten reference so-
lution representing a perfect (100%) answer. A dedi-
cated reference-extraction stage converts the scanned ref-
erence into a text-only summary that is injected into grad-
ing prompts; the reference image itself is not used during
grading. This stage is run with a highly capable multi-
modal backend (GPT-5.2-pro in our experiments) to ro-
bustly interpret unconstrained handwriting and sketches.

63



Answer presence guardrail. Before any scoring, a for-
mat/presence checker predicts which tasks contain an ac-
tual student answer. This safeguard was introduced af-
ter observing rare cases where a model would hallucinate
content when an entire answer region was left blank. Al-
though such events are not reflected in aggregate metrics,
they are operationally unacceptable, and the presence list
prevents the grader from assigning points to missing an-
swers.

Ensemble grading and supervisor aggregation. For
each task, grading is performed by an ensemble of K = 3
independent, stateless model calls that produce structured
drafts according to a fixed template. A supervisor model
then merges the drafts into a single exam-level output,
enforces template compliance, applies the presence de-
cisions (unanswered tasks receive 0%), and flags incon-
sistencies for optional human resolution. This ensemble-
plus-supervisor design reduces variance and improves ro-
bustness to occasional model glitches.

Postprocessing and exports. Finally, a postprocessor
produces presentation-ready artifacts (e.g., report assem-
bly and optional translation) while preserving all numeric
fields and the template structure, enabling deterministic
parsing, auditing, and export.

Privacy. Students are instructed not to write their name
and surname anywhere on the exam. Instead, they are
required to write their registration number, so the data
is pseudo-anonymized before invoking LLM. The LLM
gets sanitized student roster with all registration numbers
for students participating in the exam and only needs to
find which one of the finite set of registration number is
written at the top of the first page of the exam. All de-
anonymization is done locally after grading. Mandatory
markdown templates ensure that the model outputs stu-
dent’s pseudo-identity in a specific place in the output,
where it can be parsed. If parsing fails, human is required
to read the number from the scan.

3.2. Prompts and templates
Each LLM-invoking stage is implemented as a prompt
pair (system + user) backed by rigid Markdown templates.
The system prompt fixes role, constraints, and prohibited
behavior, while the user prompt injects instance-specific
context (task labels, student scan, reference summary, and
optional instructor rules). The templates strictly define
section hierarchy and numeric fields, converting otherwise
probabilistic outputs into artifacts that can be validated
and parsed by deterministic post-processing; in contrast,
directly asking an LLM to “grade the exam” is unreliable
due to format drift and inconsistent application of rubrics.

Instructor-facing configuration. The only course-
specific inputs are (i) the scanned handwritten reference

solution and (ii) a short list of grading rules. All other
pipeline stages, prompts, and templates are intended to
remain unchanged across courses. Rules are numbered
([R1], [R2], . . . ), appended verbatim to grading-related
prompts, and graders are instructed to cite applicable rule
IDs in their explanations, improving auditability and fa-
cilitating human review. In our experiments, most rules
transferred across STEM quizzes, with only minor course-
specific adjustments (e.g., evaluating circuit sketches by
topology rather than drawing orientation).

Template constraints. Two templates are used: a per-
grader template and a supervisor template. Both prohibit
adding or removing sections and enforce a fixed scoring
line with a deterministic numeric pattern (achievement,
weight, contribution). Per task, the template separates the
question text, a plain-text summary of the student answer,
a correctness explanation with required short meta-tags
(including rule citations), and a single scoring line. The
final exam total must equal the sum of per-task contribu-
tions (no normalization), which enables automatic consis-
tency checks.

Language. Unless stated otherwise, the prompts, rules,
and templates used in our experiments are written in
Slovenian. The pipeline itself is language-agnostic:
adapting to other languages requires only translating these
text artifacts, without changing the processing stages.

4. Experiments
Automated grading quality has important qualitative as-
pects that are not fully captured by aggregate metrics
alone (e.g., the coherence and pedagogical usefulness of
the generated feedback). Therefore, in addition to the
quantitative evaluation reported below, we provide sup-
plementary material, comprised of the scanned reference
solution of the ”Class B” exam, and a corresponding mock
solution, which was actually graded by the pipeline using
GPT-5.2 with thinking set to ”high”. We provide these
materials to illustrate the structure and depth of the pro-
duced feedback. The link to the supplementary material is
provided at the end of the manuscript.

4.1. Experimental protocol
Our grading pipeline is not trainable and therefore oper-
ates in a fully zero-shot setting. To limit potential bias
from iterative prompt and rubric engineering, we use a
clean-room protocol with two parallel courses: Class A
(development) and Class B (held-out evaluation).

During the semester, the system was deployed weekly
on Class A quizzes and its outputs were reviewed by
the lecturer and students, providing formative feedback
on system behavior. After week 9, the pipeline and all
prompts were frozen. The frozen system was then ap-
plied to one scanned quiz from Class B without any mod-
ifications to the pipeline, prompts, or templates. The
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only change relative to Class A was an instructor-facing
grading-rule adjustment reflecting standard practice for
circuit sketches: circuit answers were evaluated by elec-
trical topology rather than drawing orientation. All quan-
titative and qualitative results reported in this paper are
based exclusively on this held-out Class B evaluation and
are compared to grades assigned by the Class B lecturer.

To maintain separation, Class B quizzes were graded
only by the lecturer during the semester and scanned for
archival purposes. Apart from limited pilot runs in week 2
(not used for analysis), the Class B materials were not ac-
cessed or inspected by the system developers prior to the
held-out evaluation.

4.2. Dataset
Class A is an undergraduate course on communication
technologies (approximately 30 enrolled students, weekly
exams were attended by 20-25 students), while Class B
is an industrial electronics course (approximately 15 en-
rolled students). Both courses used short weekly written
quizzes administered for 20 minutes at the beginning of
each lecture, covering material from the previous week.
The quizzes consist of open-ended questions requiring
handwritten text and, where appropriate, hand-drawn dia-
grams or schematics. Dataset for testing was obtained by
collecting 15 exams from the third week of lectures, one
from each students.

Weekly quizzes were not strictly mandatory, but pass-
ing a subset was required to qualify for the final exam;
strong weekly performance could optionally substitute the
final exam grade. This provided meaningful incentive
while keeping overall pressure moderate. For privacy rea-
sons, we do not release student submissions, scans, or
grades; we report only aggregate performance metrics and
the exact text of the held-out evaluation questions.

Language. The quizzes and student answers were in
a non-English language (Slovenian). Accordingly, all
prompt pairs, grading rules, and report templates used
in the main evaluation were written in Slovenian. The
pipeline itself is language-agnostic: language-specific
content is confined to prompts, rules, and templates,
which can be translated to other languages (including
with the assistance of modern LLM-based tools) without
changing the pipeline stages.

Held-out exam content. Table 1 lists the three ques-
tions (with weights) from the held-out Class B quiz used
for evaluation.

4.3. Evaluation Metrics
We evaluate the grading system using exam-level metrics
that quantify agreement with human grading. As ground
truth, we use the exam grade assigned by the lecturer of
Class B, which is the only available reference.

Unless stated otherwise, all metrics are computed at the
level of the full exam (three tasks), thereby evaluating the

Weight Question text
25% When using voltage dividers, we encounter a trade-

off: for certain reasons we want to construct the di-
vider using resistors with as small resistance values
as possible, while on the other hand we want the
resistances to be as large as possible. Explain this
contradiction and the reasons behind it.

25% What condition must be satisfied when connecting
a load to a voltage divider consisting of resistors R1

and R2 in order for the load to be current-driven?
50% Two batteries with Thevenin voltages Ut1 and Ut2

and Thevenin internal resistances Rt1 and Rt2 are
connected in parallel and then connected to a load
Rb.
• Sketch the corresponding circuit.
• Write the expression for the Thevenin resistance

of the combined source.
• Write the expression for the Thevenin voltage of

the combined source.
• Write the expression for the voltage across the

load.

Table 1. Exam questions used in the held-out evaluation. Only
question text and weights are disclosed; no student data are
shared. Questions are translated from Slovenian; translation is
provided for readability.

system in a true end-to-end setting. Importantly, we dis-
tinguish two sources of variability: (i) an internal ensem-
ble used by the grading pipeline as part of its fixed design,
and (ii) independent repetitions of the full evaluation used
only to estimate experimental variability.

Pipeline parameter: ensemble size. Within a single
pipeline execution, each task is graded by an ensemble
of K = 3 independent, stateless model calls, and the
resulting drafts are merged by a supervisor model into a
single exam-level grade. We denote this final, supervisor-
aggregated output for student i as gLLM

i . The ensemble
size K is a fixed pipeline parameter (not varied in the ex-
periments), chosen early as a compromise between infer-
ence cost and robustness to occasional model failures.

Let N denote the number of students, gLLM
i the exam

grade assigned by the system for student i, and gH
i the

corresponding grade assigned by the human lecturer. We
define the signed grading difference as ∆i = gLLM

i − gH
i .

Mean Absolute Difference (µ). Overall grading accu-
racy is measured using the mean absolute difference be-
tween automated and human-assigned grades:

µ =
1

N

N∑
i=1

|∆i| . (1)

Standard Deviation of Absolute Differences. To cap-
ture the variability of grading errors across students, we
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compute the standard deviation of absolute differences:

σ|∆| =

√√√√ 1

N

N∑
i=1

(|∆i| − µ)
2
. (2)

Grading Bias. Systematic over- or under-grading is
quantified by the mean signed difference:

b =
1

N

N∑
i=1

∆i. (3)

Manual Review Trigger Rate. In addition to agree-
ment with human grades, we quantify the expected
amount of manual consolidation required when multiple
automated graders disagree. This metric does not rely on
human reference grades and is computed solely from the
ensemble outputs.

Let si,k denote the exam-level score assigned to student
i by grader k within the ensemble, with k = 1, . . . ,K. For
a given disagreement threshold Dmax, a manual review is
triggered for student i if the maximum pairwise disagree-
ment between graders exceeds the threshold, i.e.,

max
k

si,k −min
k

si,k ≥ Dmax. (4)

We define the corresponding trigger indicator as

Ti(Dmax) =

{
1, if a review is triggered for student i,
0, otherwise.

(5)
The manual review trigger rate at threshold Dmax is

then given by

TR(Dmax) =
1

N

N∑
i=1

Ti(Dmax). (6)

Here Dmax is measured in absolute points on the 0–
100 exam scale. In this work, TR(Dmax) is estimated
at the exam level, using final exam scores produced by
each grader. In practical deployments, the same criterion
could be applied at a finer granularity, such as the level
of individual questions or answers, to further localize and
reduce the required amount of human intervention.

Experimental parameter: evaluation repetitions.
Separately from the pipeline ensemble, we repeat the en-
tire evaluation R = 3 times to measure run-to-run vari-
ability due to stochastic model outputs. Each repetition
corresponds to a full rerun of the grading pipeline (includ-
ing all model calls and supervisor aggregation) with the
system configuration unchanged. For each metric, we re-
port the three per-run values, together with their mean and
standard deviation across the R repetitions. The choice
R = 3 reflects a practical compromise between robust-
ness and the computational cost of repeated multimodal
inference.

Figure 3. Baseline exam-level performance across backends
(mean over R = 3 repetitions where available; GPT-5.2-pro:
single run). Legend note: In all figures, “MAD” denotes
the mean absolute difference (µ) and “Bias” denotes the mean
signed difference (b) as defined in Sec. 4.3.

5. Results
All results are reported on the held-out Class B exam
(Sec. 4). We use the exam-level metrics defined in Sec. 4.3
(µ, σ|∆|, b ) and, where relevant, the manual review trigger
rate based on grader disagreement.

Legend note. In all figures, MAD denotes the mean ab-
solute difference (µ), STD(|∆|) the standard deviation of
absolute differences (σ|∆|), and Bias the mean signed dif-
ference (b), all measured in points on the 0–100 exam
scale.

Unless noted otherwise, each backend was evaluated
with the full pipeline configuration and repeated R = 3
times to estimate experimental variability; GPT-5.2-pro
is reported from a single run due to cost. OpenAI mod-
els were accessed via the official OpenAI API [17], while
other models were accessed via OpenRouter [20].

Model viability screening. Figure 3 compares back-
ends under the full pipeline. The strongest back-
ends (GPT-5.2, GPT-5.2-pro, and Gemini-3 Pro) achieve
single-digit µ with low bias, indicating close agreement
with the lecturer’s exam grades. In contrast, GPT-4o and
Mistral 3 exhibit substantially larger deviations; Mistral 3
also shows a pronounced positive bias, consistent with
systematic over-grading on this exam.

Ablation on pipeline guidance. To isolate the effect of
prompt engineering and reference conditioning, we evalu-
ate two strong backends under a trivial prompting regime
(Fig. 4). In this setting, the prompts only enforce the
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Figure 4. Full pipeline vs. trivial prompting for two strong back-
ends (trivial: no rules, no reference, no supervisor).

Markdown output format, but omit grading rules, omit the
reference-solution summary, and disable supervisor ag-
gregation. Because aggregation is disabled, we treat the
three per-grader outputs as independent grading attempts
and report their mean. For both GPT-5.2 and Gemini-3
Pro, trivial prompting increases µ and introduces a strong
positive bias, confirming that structured prompting and
reference grounding are necessary to obtain reliable grad-
ing.

Estimated manual review workload. Figure 5 reports
the fraction of submissions that would require manual
consolidation as a function of the disagreement thresh-
old Dmax, computed at the exam level from the ensemble
grader outputs. At strict thresholds (e.g., Dmax = 20–
30 points), weaker backends yield substantially higher
review rates, reflecting less stable grading. For larger
thresholds the trigger rate drops for all models, indicat-
ing that only a small subset of submissions exhibit se-
vere grader disagreement. This analysis complements ac-
curacy metrics by quantifying the expected human effort
required to safely deploy the system.

Ablation on reference conditioning. Table 2 ablates
reference usage for the two best backends (GPT-5.2,
Gemini-3 Pro) under three regimes: Full pipeline (ref-
erence extracted to text and injected into prompts), No
reference, and Image reference (reference image only, no
text extraction). Each cell reports run1/run2/run3 and
mean±std; best results per model and metric are bold-
faced. We report µ, σ|∆|, b, and the exam-level man-
ual review trigger rate TR(Dmax = 40) from per-grader
scores. For GPT-5.2, removing the reference increases µ
and introduces a strong positive bias; image-only refer-
ence partly recovers µ but remains biased, highlighting the

Figure 5. Estimated manual review trigger rate vs. disagreement
threshold Dmax (mean over repetitions where available). Note
that the rate never falls to zero – this means there are samples
where reviewers always disagree.

role of text extraction for calibrated scoring. For Gemini-
3 Pro, both ablations primarily increase positive bias with
limited gains in µ/σ|∆|, consistent with pipeline develop-
ment being carried out mainly on GPT-5 models, yielding
a larger benefit for GPT-5.2 than for Gemini.

Student feedback (Class A). We collected preliminary
student feedback in Class A after real use of the system
on 8 weekly AI-graded quizzes. A total of 14 students
completed an anonymous questionnaire; at the time of
the survey, students had already received detailed PDF
feedback and had access to a complaint process. Atti-
tudes toward AI-first grading were mostly positive: 64%
reported a positive stance or preference, 21% negative,
and 14% indifferent. When asked whether they benefit
from the system, 71% answered yes (29% no). Reported
benefits (multiple-choice) were primarily detailed expla-
nations (41%), perceived fairness/impartiality (34%), and
fast turnaround (21%). The main concerns were missed
answers (35%), more mistakes than professors (26%), and
changed exam difficulty (22% less demanding, 17% more
demanding). Overall, 43% judged that advantages out-
weigh disadvantages, 29% the opposite, and 21% reported
no difference.

6. Discussion
To the best of our knowledge, the literature does not yet
describe a comparable end-to-end framework that grades
scanned, multi-page, handwritten STEM exams with di-
agrams using multimodal LLMs while producing deter-
ministically parseable outputs with explicit guardrails, ag-
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Model Regime µ σ|∆| b TR(Dmax = 40) [%]

GPT-5.2
Full pipeline

7.7/8.4/7.4
(7.8±0.4)

4.2/6.5/6.9
(5.9±1.2)

0.6/-0.4/0.3
(0.2±0.4)

16.7/16.7/16.7%
(16.7±0.0)%

No reference
9.8/11.2/9.5
(10.2±0.8)

8.4/6.4/6.0
(6.9±1.1)

6.5/6.4/6.1
(6.4±0.2)

22.2/16.7/16.7%
(18.5±2.6)%

Image reference
7.7/8.2/8.2
(8.1±0.2)

5.9/4.9/7.1
(6.0±0.9)

3.9/3.4/4.8
(4.0±0.5)

16.7/16.7/16.7%
(16.7±0.0)%

Gemini-3 Pro
Full pipeline

7.1/9.8/6.7
(7.9±1.4)

5.0/15.1/5.7
(8.6±4.6)

3.0/-2.7/0.7
(0.3±2.3)

16.7/16.7/16.7%
(16.7±0.0)%

No reference
7.4/8.9/9.6
(8.6±0.9)

6.8/8.2/8.6
(7.9±0.8)

6.6/8.4/9.0
(8.0±1.0)

16.7/16.7/16.7%
(16.7±0.0)%

Image reference
7.9/8.5/8.4
(8.3±0.3)

6.9/6.2/7.4
(6.9±0.5)

7.1/7.8/7.7
(7.5±0.3)

16.7/16.7/16.7%
(16.7±0.0)%

Table 2. Ablation study on the two best-performing backends under three reference regimes: Full pipeline (reference extracted into
text and injected into prompts), No reference, and Image reference (reference image only, no text extraction). Each cell reports
run1/run2/run3 and mean±std across runs. Metrics are exam-level µ, σ|∆|, b, and the manual review trigger rate TR(Dmax = 40)
computed from per-grader exam scores. Best results per model and metric are highlighted in bold (lowest mean; for b, smallest absolute
mean).

gregation, and auditable reports. Our results show that,
with such workflow design, modern multimodal back-
ends can grade short engineering quizzes with agreement
close enough to enable practical use with limited man-
ual intervention. In informal discussions with instructors,
we repeatedly encountered skepticism that this would be
achievable for unconstrained handwriting and sketches at
the level of accuracy reported here; these experiments pro-
vide evidence that the capability is now real when the
system is engineered around model failure modes rather
than idealized prompts. A key contextual point is tim-
ing: in our experience, this type of end-to-end approach
only became practically viable with the late-2025 gener-
ation of multimodal reasoning-capable models released
by major providers (e.g., GPT-5/GPT-5.2 and Gemini 3)
[8, 18, 19]. Earlier backends in our screening exhibit sub-
stantially larger deviations and stronger bias (Fig. 3), re-
inforcing the need for both capable models and systems-
level safeguards.

The presented pipeline was built first for real instruc-
tional use, not as a benchmark-optimized research proto-
type. Accordingly, our evaluation is preliminary: results
are reported on one held-out quiz with a single human
grader as reference, and the underlying exam data cannot
be released in its raw form due to privacy constraints. We
therefore plan to expand validation to a larger and more di-
verse collection and, following privacy review and institu-
tional approval, release the code, prompts, and an accom-
panying dataset suitable for standardized evaluation. The
absence of widely usable end-to-end datasets for authen-
tic handwritten exam grading remains a practical barrier
for the field; we view this work as an initial step toward
making such evaluation feasible and repeatable.

7. Conclusion
We presented an end-to-end workflow for grading scanned
handwritten engineering exams with multimodal LLMs.
The core contribution is a robust system design that cou-
ples prompt pairs and rigid templates with deterministic
validation, ensemble grading, and supervisor aggregation
to turn probabilistic model behavior into auditable grad-
ing artifacts. On a held-out real course quiz, state-of-the-
art multimodal backends achieve close agreement with
lecturer grades and manageable estimated manual-review
rates, indicating that deployment is plausible for short
formative assessments. We release this as preliminary
evidence that automated grading of realistic handwritten
STEM work is now achievable under careful workflow
constraints, and we plan broader evaluation and open-
sourcing (with an accompanying dataset) after further val-
idation and privacy review.

Ethical considerations
The ethical consideration of this research research aims
to protect both study participants and future users of the
proposed technology. Key ethical concerns include the
handling of sensitive data (e.g., grades), the risk that par-
ticipation in the experiment could affect student perfor-
mance, and the power imbalance between students and in-
structors.

Our approach is guided by the three principles of the
Belmont Report [29]:
1. Respect for persons: safeguarding autonomy through

dignity, agency, and informed consent;
2. Beneficence: maximizing potential benefits while

minimizing risks and harms; and
3. Justice: ensuring equitable treatment and a fair distri-

bution of benefits and burdens.
In this context, a central consideration is whether the

anticipated benefits justify the burdens placed on the af-
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fected population. Potential benefits to students include
(i) more objective grading and (ii) higher-quality feed-
back from their instructors. Individualized feedback is
especially valuable because it is often infeasible for in-
structors to provide at scale. The resulting feedback may
also support improvements to course design and teaching
practices. Importantly, the automated grading system did
not affect students’ official course or exam grades; all as-
sessments were graded manually as they would have been
without the study.

A full-scale deployment would require formal ethical
review, including evaluation of the experimental design
and data-protection measures. Nonetheless, we conclude
that the anticipated benefits to students outweigh the asso-
ciated burdens.

Disclosure of AI use
The whole orchestration pipeline and the experimental
code (approximately 13.000 lines of python code) has
been written with the help of GPT5-codex tool and GPT5-
pro models by OpenAI. Search for related work was done
using OpenAI’s AI agent (DeepResearch), and manuscript
text was written by dictating the contents to the GPT5-pro.
The manuscript has been throroughly checked by the au-
thors and revised where necessary.

Supplementary material
We provide the scanned reference solution of the ”Class
B” exam, and a corresponding mock solution, which was
actually graded by the pipeline using GPT-5.2 with think-
ing set to ”high”. It can be accessed via the following
link: https://lmi.fe.uni-lj.si/en/janez-
pers-2/supplementary-material/

Acknowledgements
We acknowledge the support of the EC/EuroHPC JU and
the Slovenian Ministry of HESI via the project SLAIF
(grant number 101254461). This research was also sup-
ported by project P2-0246 ICT4QoL - Information and
Communications Technologies for Quality of Life and
ARIS research program P2-0095.

References
[1] Sami Baral, Anthony F. Botelho, John A. Erickson,

Priyanka Benachamardi, and Neil T. Heffernan. Improving
automated scoring of student open responses in mathemat-
ics. In Proceedings of the 14th International Conference
on Educational Data Mining (EDM 2021), pages 130–138,
Paris, France, 2021. International Educational Data Mining
Society. Conference dates: June 29–July 2, 2021. 3

[2] Sami Baral, Anthony Botelho, Abhishek Santhanam,
Ashish Gurung, Li Cheng, and Neil Heffernan. Auto-
scoring student responses with images in mathematics. In
Proceedings of the 16th International Conference on Ed-
ucational Data Mining, pages 362–369, Bengaluru, India,
2023. International Educational Data Mining Society. 3

[3] Sami Baral, Lucy Li, Robert Knight, Alice Ng, Luca Sol-
daini, Neil Heffernan, and Kyle Lo. DrawEduMath: Eval-
uating vision language models with expert-annotated stu-
dents’ hand-drawn math images. In Proceedings of the
2025 Conference of the North American Chapter of the
Association for Computational Linguistics: Human Lan-
guage Technologies, pages 7110–7132. Association for
Computational Linguistics, 2025. arXiv version: https:
//arxiv.org/abs/2501.14877. 3

[4] Steven Burrows, Iryna Gurevych, and Benno Stein. The
eras and trends of automatic short answer grading. Inter-
national Journal of Artificial Intelligence in Education, 25
(1):60–117, 2015. 2

[5] Adriana Caraeni, Alexander Scarlatos, and Andrew S. Lan.
Evaluating GPT-4 at grading handwritten solutions in math
exams, 2024. 2, 3

[6] Alberto Gandolfi. GPT-4 in education: Evaluating aptness,
reliability, and loss of coherence in solving calculus prob-
lems and grading submissions. International Journal of
Artificial Intelligence in Education, 35(1):367–397, 2024.
2

[7] Christian Gold and Torsten Zesch. Handwritten ASAP
short answer scoring. Zenodo dataset, 2020. Version 1.0;
accessed 2025-12-14. 3

[8] Google. A new era of intelligence with Gemini 3. https:
//blog.google/products/gemini/gemini-
3/, 2025. Accessed: 2025-12-23. 8

[9] Stefan Haller, Adina Aldea, Christin Seifert, and Nicola
Strisciuglio. Survey on automated short answer grading
with deep learning: from word embeddings to transform-
ers, 2022. 2

[10] Owen Henkel, Adam Boxer, Libby Hills, Bill Roberts,
and Zachary Levonian. Can large language models make
the grade? an empirical study evaluating LLMs’ ability
to mark short answer questions in K-12 education. In
Proceedings of the 11th ACM Conference on Learning
@ Scale (L@S), pages 300–304, 2024. arXiv version:
https://arxiv.org/abs/2405.02985. 2

[11] Gerd Kortemeyer. Performance of the pre-trained large lan-
guage model GPT-4 on automated short answer grading.
Discover Artificial Intelligence, 4(1):47, 2024. Open PDF
also available via ETH Research Collection (see Springer
page for links). 2

[12] Gerd Kortemeyer, Julian Nöhl, and Daria Onishchuk.
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Abstract

Existing single-image morphing attack detection (S-MAD)
systems often suffer from poor cross-dataset generaliza-
tion and operate as opaque “black boxes,” which is par-
ticularly problematic in high-stakes border control sce-
narios. This paper investigates the adoption of open-
source Multimodal Large Language Models (MLLMs) for
S-MAD under strict cross-dataset evaluation through two
different approaches. First, we assess selected MLLMs
in zero-shot settings using a structured forensic prompt-
ing framework, which elicits multi-step semantic analy-
sis with human-readable regional attributions. Second,
leveraging the lightweight and parameter-efficient LoRA
approach and a synthetic training dataset of morphs, we
adapt the best-performing MLLM to the morphing attack
detection (MAD) task in an efficient, generalizable, and
privacy-preserving manner, enhancing the model’s sen-
sitivity to diverse morphing artifacts. Our experimental
results show that the proposed prompting strategy signif-
icantly improves overall attack detection accuracy com-
pared to naive prompting. Moreover, our LoRA-adapted
MLLM, Gemma-3 12B, achieves an average equal error
rate (EER) of 14.81% across various morphing attack
benchmarks, outperforming widely used MAD models.

1. Introduction
Face-morphing attacks pose a serious threat to the in-
tegrity of biometric security systems by blending facial
images of two individuals into a single composite im-
age that simultaneously represents both identities, as il-
lustrated in Figure 1 [15, 19]. By embedding such a mor-
phed image into an identity document, such as a passport,
an attacker and an accomplice can jointly and repeatedly
bypass automated face matching systems during identity
verification [7]. This fundamental vulnerability has mo-
tivated the development of dedicated morphing attack de-
tection (MAD) techniques aimed at reliably distinguishing
bona fide facial images from morphed ones [7, 9, 14, 21].

MAD methodologies are generally categorized into
differential and single-image approaches. Differential
MAD methods assess the authenticity of a presented face
image by directly comparing it to a trusted reference im-

Subject A

(bona fide)

Morphed

(attack)(bona fide)

Subject B

input data
model inference

evaluation

EER
MACER
BSCER

Eyes Geometry

Texture

Boundary Lighting

Identity

Figure 1. Face morphing attack threat and proposed detection
pipeline: Blended facial identities compromise document secu-
rity (top); our framework performs detection through zero-shot
structured forensic analysis or fine-tuned classification (bottom).

age acquired during enrollment [6, 33]. In contrast, single-
image MAD operates solely on the probe image, making
it particularly suitable for practical real-world border con-
trol scenarios where reliable reference images are often
unavailable, outdated, or of insufficient quality [7]. In this
paper, we limit our focus to the more challenging single-
image morphing attack detection (S-MAD) task, which
poses stricter constraints on available information.

While traditional S-MAD detectors rely on hand-
crafted features, modern approaches leverage deep learn-
ing supervised classifiers, which often suffer from severe
generalization issues. Recent studies show cross-dataset
equal error rates degrading to near-random performance
when models are trained on one type of morphing at-
tack techniques and tested on another [11, 14]. This ef-
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fect is caused not just by the domain shift, but also due
to the variability of morphing attack artifacts that char-
acterize individual morphing techniques [22]. This issue
has been tackled with the development of different un-
supervised [14, 16, 20] and self-supervised MAD tech-
niques [21, 22], but these methods either fail to learn a
well-defined boundary between bona fides and morphs, or
lack human-interpretable results of the decision [39].

Recent advances in foundation models, spanning
vision-only architectures (e.g., ViT), vision–language
models (e.g., CLIP), and Multimodal Large Language
Models (MLLMs) capable of more complex reasoning,
offer a promising route to simultaneously improve MAD
generalization and interpretability. General-purpose vi-
sion–language models, such as CLIP, have previously
shown competitive MAD performance when adapted to
the downstream MAD task [7], but they lack explicit se-
mantic reasoning, which is important for forensic anal-
ysis in security-critical applications. Conversely, propri-
etary MLLMs such as GPT-4 have demonstrated both
impressive zero-shot detection capabilities and decision
interpretability, as reported in preliminary MAD stud-
ies [1, 39]. However, their closed-source nature lim-
its reproducibility, transparency, and task-specific adap-
tation, motivating the exploration of open-source MLLMs
for morphing attack detection. These observations leave
two fundamental questions unanswered: i) whether open-
source MLLMs can match or even exceed specialized
CNN-based MAD systems under strict cross-dataset eval-
uation, and ii) whether parameter-efficient adaptation on
privacy-friendly synthetic data can equip such models
with robust and explainable morphing detection capabil-
ities without overfitting to specific attack processes.

In this paper, we address these questions through a sys-
tematic investigation of widely used open-source MLLMs
for single-image morphing attack detection, focusing on
reproducible, locally deployable architectures rather than
proprietary APIs. Our contributions are multifold:
• We conduct the first systematic zero-shot and cross-

dataset benchmarking of open-source MLLMs across
various, i.e. landmark-, GAN-, and diffusion-based
morphing attacks, revealing pronounced differences in
their latent forensic sensitivity to MAD.

• We introduce a structured multi-step forensic prompt-
ing protocol that leverages chain-of-thought (CoT) rea-
soning to substantially improve zero-shot morphing at-
tack detection performance over naive prompting, while
simultaneously providing interpretable, region-level se-
mantic attributions of detected morphing artifacts.

• We propose a self-supervised, parameter-efficient
MLLM adaptation strategy that leverages privacy-
preserving synthetic data to achieve strong cross-dataset
generalization and competitive performance against
widely used state-of-the-art MAD methods.

The remainder of the paper is organized as follows. Sec-
tion 2 reviews related work on MADs. Section 3 describes
our proposed MAD approach. Sections 4 and 5 present

experiments and results. Section 6 concludes the paper.

2. Related Work
Face morphing attacks have evolved from early landmark-
based warping techniques to increasingly sophisticated
generative approaches. Modern attacks span classical
landmark-based morphs [13, 28], GAN-based synthe-
sis [8, 38], and more recent diffusion-based morphs [3,
11]. This rapid progression has, in turn, driven the evo-
lution of Morphing Attack Detection (MAD) method-
ologies, which have advanced from hand-crafted foren-
sic features to supervised deep learning approaches, and
more recently to generalized unsupervised frameworks
and foundation model-based solutions.

Early Single-Image MAD. Early S-MAD approaches
relied on hand-crafted texture descriptors and image
forensics. Techniques employing Local Binary Patterns
(LBP), Binarized Statistical Image Features (BSIF), and
Photo Response Non-Uniformity (PRNU) analysis were
effective at identifying blending artifacts or sensor noise
inconsistencies [12, 27, 32]. In parallel, Image Qual-
ity Assessment (IQA) strategies, such as MagFace [23]
and CNNIQA [16], leveraged the observation that mor-
phing processes often degrade facial utility or natural im-
age statistics. These methods established important base-
lines and remain relevant as quality-based detectors in our
comparative evaluation. However, their reliance on low-
level cues limits robustness against high-quality, seamless
morphs produced by advanced generation techniques, re-
sulting in poor generalization across datasets [31].

Supervised CNN-based MAD. The advent of deep
learning shifted the focus toward supervised Convolu-
tional Neural Networks (CNNs) as the dominant paradigm
for morphing attack detection. Architectures such as
MixFaceNet-MAD [4] and adaptations of Inception and
ResNet [17, 35] demonstrated high intra-dataset detection
accuracy under controlled laboratory conditions. To fur-
ther enhance interpretability and spatial precision, Pixel-
Wise MAD (PW-MAD) introduced explicit pixel-level su-
pervision to localize morphing regions at fine granularity
and provide more transparent decision cues [9]. Despite
achieving strong detection performance on known attack
types, supervised methods remain prone to severe overfit-
ting to training distributions and dataset-specific artifacts.
As a result, they often fail when confronted with pre-
viously unseen morphing techniques, such as diffusion-
generated morphs, particularly when trained exclusively
on landmark-based examples [14]. This lack of robustness
highlights a fundamental limitation of CNN-based detec-
tors, whose performance can degrade substantially when
exposed to novel and rapidly evolving attack generation
mechanisms encountered in real-world deployments.

Unsupervised and Self-Supervised MAD. To address
the generalization gap, recent research has pivoted toward
the unsupervised and self-supervised learning paradigms,
where MADs are trained on bona fide data only, treating
morphs as out-of-distribution samples. Self-Paced Learn-
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ing MAD (SPL-MAD) [14] and MAD-DDPM [20], for
example, train reconstruction models that, based on the
reconstruction error during testing time flag, morphs as
statistical outliers. To improve the estimation of the bona
fide distribution, approaches such as OrthoMAD [25] and
IDistill [5] optimize their models by simultaneously per-
forming identity disentanglement. Some recent works,
e.g., SelfMAD [21] and SelfMAD++ [22], also leverage
self-supervised signals, that train the model in a binary
manner, by utilizing synthetic morphs that represent typ-
ical morphing artifacts, created using augmentations of
bona fide data. These methods have significantly reduced
cross-dataset error rates by learning generic definitions of
face authenticity rather than memorizing specific attack
signatures. Our LoRA-based adaptation of MLLMs fol-
lows a similar path, as training is performed exclusively
on bona fide images with online generation of synthetic
artifacts to preserve generalization to unseen attacks.

Foundation Models for MAD. Most recently, the
emergence of foundation models has opened a new fron-
tier in MAD. Caldeira et al. proposed MADation [7],
which fine-tunes the CLIP vision-language model using
Low-Rank Adaptation (LoRA) [18], achieving state-of-
the-art generalization by leveraging broad pre-trained vi-
sual knowledge. Concurrently, Caldeira et al. introduced
MAD-Prompts [6], exploring multi-prompt aggregation
for zero-shot MAD with proprietary MLLMs. How-
ever, their study remains limited to closed-source APIs
and does not investigate parameter-efficient adaptation or
open-weights models. Furthermore, zero-shot evaluations
using Multimodal Large Language Models (MLLMs) like
GPT-4 Vision have shown that these models possess in-
herent forensic capabilities, offering both detection and
textual explanations without task-specific training [1, 39].

In contrast to MADation, which adapts only the CLIP
vision-language model without explicit reasoning mech-
anisms, our work employs MLLMs that integrate vision
and language for semantic analysis. We introduce a
structured multi-step Chain-of-Thought forensic prompt-
ing protocol for zero-shot MAD. Moreover, we implement
self-supervised LoRA fine-tuning of MLLMs applied to
both the vision and language components of the models,
for their adaptation to the downstream MAD task. Unlike
existing MAD methods, our approach provides both inter-
pretability through structured reasoning and cross-dataset
performance across diverse morph types.

3. Methodology
In this section, we present two distinct options related to
the adoption of open-source MLLMs for MAD. First, we
propose a zero-shot forensic prompting strategy designed
to elicit latent expert knowledge from off-the-shelf mod-
els without parameter updates. Second, we introduce a
synthetic-data-driven MLLM adaptation, where we fine-
tune an MLLM to a downstream task using on-the-fly
generated synthetic artifacts. The latter approach aims
to learn generalized representations of morphing attacks

without relying on labeled datasets of specific morphing
algorithms, thereby addressing the critical issue of over-
fitting in current MAD approaches.

3.1. Zero-Shot Forensic Prompting Strategy
Standard prompting strategies (e.g., asking ”Is this face
morphed?”) fail to produce reliable results in forensic con-
texts, often leading to model hallucinations or refusals due
to safety alignment [24]. To overcome this issue, we de-
veloped a structured prompting methodology grounded in
Chain-of-Thought (CoT) reasoning [37], transforming the
MLLM from a passive classifier into an active forensic an-
alyst. We additionally condition the MLLM with a foren-
sic analyst system prompt to reduce generic safety refusals
and anchor the model in the MAD context.

Structured Analytical Protocol. Our approach moves
beyond binary classification by implementing a six-step
analytical protocol inspired by NISTIR 8584 [26] guide-
lines. This protocol explicitly guides the model’s attention
to anatomical face regions where morphing artifacts typ-
ically appear. These six steps are presented as numbered
sub-questions in the prompt, and the model must provide
a brief textual assessment for each before issuing a final
decision. Our proposed prompt sequentially evaluates:
1. High-Frequency Features: Scrutinizing fine-grained

details around the eyes and lips for ghosting, double
edges, or unnatural sharpness discontinuities.

2. Facial Geometry: Detecting subtle asymmetries, spa-
tial misalignments, or warping inconsistencies intro-
duced by landmark-based blending operations.

3. Skin Texture Analysis: Identifying unnatural smooth-
ing, loss of skin porosity, or texture homogenization
commonly observed in attacks generated with deep
learning-based methods or heavily retouched imagery.

4. Boundary Consistency: Checking for blending arti-
facts, color mismatch, or edge disruptions at common
areas of interest such as hairline, jawline, face contour.

5. Lighting Coherence: Verifying consistent illumination
direction, shadow placement, and reflectance proper-
ties across different facial regions in the image.

6. Identity Integrity: Performing a holistic assessment
of overall identity coherence, ensuring that facial at-
tributes remain semantically consistent and plausible.
Semantic Scoring and Output Constraints. A key

challenge in zero-shot evaluation with MLLMs is the re-
liable extraction of calibrated, continuous confidence esti-
mates for quantitative performance analysis. In prelim-
inary experiments, we observed that coarse confidence
scales (e.g., 0–100, where lower values indicate bona fide
images and higher values indicate morphs) induce pro-
nounced score quantization, with predictions collapsing
onto a small set of discrete values. This behavior reduces
score resolution and degrades the reliability of threshold-
based evaluation metrics used to quantify detection error.

To mitigate this issue, we adopt a high-resolution con-
fidence scale ranging from 0 to 10,000, coupled with an
explicit semantic interpretation of score intervals. This
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choice is not intended to increase numerical precision in a
statistical sense, but to counteract the tendency of MLLMs
to collapse predictions onto a small set of preferred nu-
meric tokens when prompted with coarse ordinal scales.
Low-resolution ranges (e.g., 0–100) encourage categori-
cal reasoning and rounded outputs, whereas a larger nu-
meric range supports finer-grained ordinal differentiation.
To further stabilize score usage, semantic anchors are de-
fined within the prompt. Scores above 9,000 thus indicate
high certainty of a morph, while scores in the 1,000–3,000
range denote likely bona fide images. This guides the
model to utilize a full dynamic range and yields smoother
score distributions for threshold-based evaluation.

To support automated evaluation and reproducibility,
we constrain the model output to a strict JSON schema
of the form {"step1 reasoning": "...",
"step1 score": "...", ...}. For each of the
six forensic analysis steps introduced above, the model
is required to produce textual reasoning and a score
denoting whether the input image represents an attack.
The final decision score is obtained by averaging the six
step-wise confidence scores and is used for quantitative
evaluation and threshold-based decision making. This
structured output ensures machine parsability while
enforcing a clear separation between reasoning and
decision making, thereby improving interpretability and
consistency across inference runs. The exact prompts
used in our experiments are provided in the Appendix.

3.2. Synthetic-Data-Driven MLLM Adaptation
Zero-shot MLLMs rely solely on broad pretraining and
prompt-based reasoning, without task-specific calibration
to the subtle visual artifacts characteristic of morphing at-
tacks. Consequently, their sensitivity to fine-grained, low-
level inconsistencies, such as localized geometric distor-
tions or frequency-domain artifacts, may be insufficient
for reliable morph detection. These limitations motivate
targeted adaptation of MLLMs to improve detection accu-
racy while preserving generalization. We adapt MLLMs
using a binary training objective on synthetic data.

Generation of Synthetic Training Data. We adopt a
training strategy that simulates typical morphing artifacts
rather than using real morphs, similar to [21]. By defin-
ing the “attack” class through synthetic perturbations, we
force the model to learn generic indicators of manip-
ulation rather than the specific characteristics of actual
morphing techniques (e.g., StyleGAN fingerprints). The
pipeline for simulation of training data generates training
pairs of bona fide and morphed images (IBF, IM) by pro-
cessing bona fide inputs I through three separate stages:
• Pixel-Space Artifact Simulation: introduces artifacts

that simulate irregularities created by landmark-based
morphing techniques. Specifically, given an input bona
fide image I , this stage first applies a set of randomly
parametrized geometrical image transformations ζ:

IPA = ζ(I), (1)

where ζ is randomly sampled from {Translation,
ElasticTransform, Scaling}. The pixel-
augmented image IPA is blended with the source I us-
ing a binary blending mask M :

I ′PA = IPA ⊙ a ·M + I ⊙ (1− a) ·M, (2)

where a is the blending factor, uniformly sampled from
a predefined set {0.5, 0.5, 0.5, 0.375, 0.25, 0.125}.

• Frequency-Space Artifact Simulation: injects structured
noise patterns into the Fourier spectrum of the blended
image I ′PA to mimic the spectral inconsistencies in-
troduced by deep learning morphing techniques, i.e.,
GANs and diffusion models. Specifically, this stage first
creates a random structured geometrical pattern Φ, uni-
formly chosen to represent one of the following: a sym-
metrical grid, an asymmetrical grid, a square checker-
board, a circular checkerboard, randomly distributed
squares, a set of random lines, or a set of random
stripes. The magnitudes of its Fourier transform FΦ =
|FFT(Φ)| are then superimposed on the magnitudes of
the Fourier transform of I ′PA, FPA = |FFT(I ′PA)|, and
transformed back to the image space, by applying the
inverse Fourier Transformation FFT−1:

IFA = FFT−1
(
(1− k)FPA ⊕ kFΦ

)
, (3)

where k is a constant that defines the contribution of
Fourier spectra FPA and FΦ to the summation.

• Visual Variability Simulation: focuses on transform-
ing the visual appearance of images to simulate subtle,
global visual variations commonly encountered in real-
world imagery. Specifically, given an input bona fide
image I and a synthetic morph IFA, this stage applies
a set of randomly parametrized transformations ψ, to
generate a bona fide image IBF and morph IM :

IBF = ψ(I), IM = ψ(IFA) (4)

where ψ is uniformly sampled from
{RGBShift,HueSaturationValue,
RandomBrightnessContrast,
RandomDownScale, Sharpen} - a set comprising
five basic (global) image transformations.
An example of a train pair (IBF , IM ) is shown in Fig-

ure 2.
Parameter-Efficient MLLM Adaptation. Full fine-

tuning of multi-billion-parameter models is computation-
ally prohibitive and may lead to catastrophic forgetting of
pre-trained knowledge. Therefore, we employ LoRA [18]
to adapt our MLLM by injecting a small number of train-
able parameters while keeping the pre-trained weights
frozen. Specifically, for a frozen pre-trained weight ma-
trix W0 ∈ Rd×k, the weight of the adapted model is

W =W0 +∆W, ∆W = BA (5)

where B ∈ Rd×r and A ∈ Rr×k are trainable low-rank
matrices with rank r ≪ min(d, k).
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(a) Bona Fide Image IBF (b) Simulated Morph IM

Figure 2. Example of a synthetic training image pair used for the
MLLM adaptation. (a) represents a bona fide image, (b) is gen-
erated via pixel-space and frequency-space artifact simulation.

Importantly, during the adaptation of our MLLM, we
apply LoRA adapters to query (q) and value (v) projec-
tions of the self-attention layers in both the Vision En-
coder and the Language Decoder towers. This dual-tower
strategy is essential for MAD, as adapting the vision tower
allows the model to extract forensic visual cues (e.g.,
noise patterns) that are likely suppressed in standard pre-
training, while adapting the language tower aligns the rea-
soning engine to the description of typical visual artifacts.
Additionally, we append the final aggregated token output
of the decoder with a lightweight MLP classification head,
optimized using Binary Cross-Entropy (BCE) loss:

LBCE = − [y · log(p) + (1− y) · log(1− p)] (6)

where p is the model’s probability to classify an image as
a bona fide or a morph, while y is the ground truth label.

The classification head is trained jointly with the LoRA
adapters in the vision and language towers, while original
MLLM parameters are not updated as they are frozen.

4. Experiments
Experimental MLLMs. For our experiments, we select
four different widely used open-source MLLMs: Gemma-
3 (27B and 12B) [36], optimized for strong multimodal
reasoning with efficient instruction tuning; Qwen2.5-VL
32B [2], known for robust visual understanding and mul-
tilingual reasoning; Llama-4-Scout 17B, designed for effi-
cient deployment and fast multimodal inference; and Mis-
tral Small 3.1 24B - a compact yet powerful MLLM em-
phasizing efficiency and strong language modeling per-
formance. With this selection, we aim to cover various ar-
chitectural innovations, including Mixture-of-Experts and
varying parameter scales, ensuring our findings are robust
across different model backbones. In our experiments
all models are evaluated in zero-shot settings, while the
parameter-efficient LoRA adaption is performed only with
Gemma-3 12B, as the best-performing MLLM.

Testing Datasets. To ensure rigorous assessment of
MLLMs’ MAD performance, we evaluate models across
different testing datasets spanning classical landmark-
based morphs, GAN-, and diffusion-based attacks. Fig-
ure 3 illustrates how visual characteristics of morphs

(a) OpenCV (b) StyleGAN2 (c) Greedy-DiM

Figure 3. Examples of a landmark-based (a), a GAN-based (b),
and a diffusion-based (c) morph, all three generated using bona
fide images from FRLL. The visual characteristics of morphs
vary substantially depending on the morphing technique.

differ depending on the type of the underlying morph-
ing technique. In our experiments, we utilize seven
widely used benchmark datasets: FRLL-Morphs, FRGC-
Morphs, FERET-Morphs [30], containing morphs gen-
erated with morphing algorithms AMSL, FaceMorpher
(FM), OpenCV (OCV), StyleGAN2 (SG), and WebMorph
(WM), and higher-quality sets MorGAN [8], MIPGAN-
II [38], MorDIFF [11], and Greedy-DiM [3]. In addition
to these datasets, we also use LMA-DRD [9], included to
evaluate performance on printed and scanned images, to
assess robustness against re-digitalization noise.

Training Data. During the synthetic-data-driven
MLLM adaptation, we utilize the bona fide training sub-
set of SMDD [10]. This subset consists of 25,000 syn-
thetic images generated with StyleGAN2 utilized to gen-
erate simulated training morphs as described in Section 3.

Evaluation Metrics. In our evaluations, we follow the
ISO/IEC 20059:2025 standard1 by computing the Equal
Error Rate (EER), where the Morphing Attack Classifica-
tion Error Rate (MACER) equals the Bona Fide Sample
Classification Error Rate (BSCER). MACER corresponds
to the proportion of morphs incorrectly accepted as bona
fide, whereas BSCER measures bona fide images falsely
rejected as attacks. Beyond EER, in some experiments we
also report BSCER at fixed MACER operating points of
1% and 5%. These stricter operating points more accu-
rately reflect real-world identity verification tasks, where
low attack-acceptance is essential for system security.

Implementation Details. Our experimental protocol
explicitly differentiates between zero-shot evaluation of
MLLMs and their adaptation to the MAD task.

During the zero-shot evaluations, all models were con-
figured with a temperature of 0.1 to balance output deter-
minism with the creative reasoning required for forensic
analysis. Inference was performed using the vLLM en-
gine on a cluster of four NVIDIA RTX 4090 GPUs. To fit
memory constraints, Llama-4-Scout utilized 4-bit quanti-
zation, while other models used bfloat16. Images were
preprocessed following the requirements of each MLLM.

During the lightweight adaptation of Gemma-3 12B,

1International Organization for Standardization (ISO). ISO/IEC
20059:2025 — Information technology — Biometric presentation attack
detection — Testing and reporting. (This standard supersedes ISO/IEC
30107-3:2017.)
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Table 1. Zero-shot MLLM evaluations vs. LoRA-adapted Gemma-3 performance in terms of EER(%). The LoRA-adapted Gemma-3
significantly outperforms all zero-shot baselines, including the classification head trained on top of the pretrained Gemma-3.

Dataset Morph Zero-shot evaluations Gemma-3 + classification head
type Mistral Small 3.1 Llama-4-Scout Qwen2.5-VL Gemma-3 Pretrained backbone LoRA adapted

FRGC-M
FM 49.20 — 42.41 32.19 24.48 4.98

OCV 52.82 — 42.62 43.55 29.72 9.23
SG 50.45 — 59.81 57.06 40.82 17.32

FERET-M
FM 53.07 — 34.52 18.20 13.80 9.30

OCV 53.26 — 32.46 19.62 11.73 7.40
SG 48.57 — 34.27 40.94 27.40 34.97

FRLL-M

AMSL 42.13 49.63 44.13 25.10 48.62 12.74
FM 37.29 41.50 43.01 13.08 18.15 0.49

OCV 40.24 37.63 39.51 13.33 6.38 1.47
SG 52.06 47.59 26.86 27.39 16.72 6.83

WM 40.78 39.22 41.06 12.88 21.47 2.37

LMA-DRD D 49.01 — 45.40 47.05 31.56 18.90
PS 51.50 — 47.43 43.88 39.74 28.28

MorGAN GAN 55.60 — 48.63 52.58 46.69 45.26
LMA 46.88 — 51.67 52.87 50.00 23.06

MIPGAN II SG 50.24 46.58 20.75 35.56 31.67 17.92
Greedy-DiM DiffAE 50.49 49.93 24.55 6.15 11.24 11.78
MorDIFF DiffAE 47.77 — 45.91 36.13 24.88 17.33
Average 48.41 44.58 40.28 32.09 27.50 14.98

we leverage LoRA adapters with parameters r = 16,
and α = 32, injected into the query and value projec-
tions of all self-attention layers in the vision and the lan-
guage tower of the MLLM. Weights were optimized for
30 epochs with an effective batch size of 32. To promote
stable optimization, we employ a differential learning rate
strategy across model components. Specifically, we use
a higher learning rate for the randomly initialized clas-
sification head (1 × 10−4), a moderate learning rate for
the vision tower (6 × 10−6), and a substantially lower
learning rate for the language tower (3 × 10−7). This de-
sign reflects the differing levels of sensitivity to parame-
ter updates: the classification head requires rapid conver-
gence from scratch, while the vision and language tow-
ers—adapted via LoRA—benefit from more conservative
updates to preserve pre-trained representations and pre-
vent destabilization of linguistic reasoning. The optimiza-
tion was performed on two NVIDIA A100 (80GB) GPUs.

Comparison With Existing MADs. We assess the
MAD performance of evaluated MLLMs against various
established MAD methods. Among supervised baselines,
we consider MixFaceNet-MAD [4], Inception-MAD [29],
and PW-MAD [9]. As the performance of the supervised
methods and their generalization strongly depend on the
training data, we train each method on three different
datasets, i.e., SMDD, MorGAN, and LMA-DRD, follow-
ing a protocol established in [14]. In addition to super-
vised MADs, we also include comparison with unsuper-
vised MADs FIQA-MagFace [16], CNNIQA [16], SPL-
MAD [14], and MAD-DDPM [20], conceptually similar
self-supervised models SBI [34] and SelfMAD [21], and
the foundation model-based method MADation [7].

5. Results
MLLM Evaluation in Zero-Shot Settings. Results ob-
tained during the zero-shot evaluation of selected MLLMs

are summarized in Table 1. Among the four selected
MLLMs, Gemma-3 27B achieved the best average EER
of 32.09%, outperforming the runner-up Qwen2.5-VL
by 8.19%. Both Llama-4-Scout and Mistral Small 3.1
performed substantially worse, with an overall EER of
44.58% and 48.4%, respectively. These results demon-
strate that MLLMs possess different zero-shot capabilities
for detecting morphed faces. The sensitivity of the models
to specific morphing techniques also varies considerably.
However, MLLMs in general achieve lower attack detec-
tion error when tested on artifact-rich morphs, as opposed
to the accuracy measured on higher-quality morphed im-
ages. Gemma-3, for example, relatively accurately de-
tects blending artifacts in FRLL FaceMorpher, OpenCV,
and WebMorph attacks, with an EER ranging between
12.88% and 13.33%. Nevertheless, detection errors are
significantly higher on FRGC-StyleGAN morphs (57.1%
EER), probably due to the seamless latent-space interpo-
lation performed by the morphing technique StyleGAN,
which produces very few perceptible artifacts. Qualita-
tive evaluation examples with corresponding confidence
scores and reasoning are shown in Figure 4.

Evaluation of the Adapted MLLM. To isolate the im-
pact of LoRA adaptation, we evaluate Gemma-3 12B us-
ing a lightweight, probability-based classifier rather than
prompt-derived numeric scores. Specifically, we first at-
tach and train an MLP classification head on top of the
frozen (unadapted) MLLM and use its sigmoid output as
the morph probability. This bypasses the need to inter-
pret free-form numeric confidence values generated by
the language decoder, which are subject to token-level bi-
ases and scale-dependent discretization. We then evalu-
ate the LoRA-adapted Gemma-3 12B in the same man-
ner. Results are reported in Table 1. As can be seen,
the unadapted MLLM with an added classification head
achieves an average EER of 27.50%, outperforming zero-
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Table 2. Comparison of the LoRA adapted Gemma-3 with supervised MAD models trained on different datasets in terms of EER(%).
Gemma-3 outperforms competitors in terms of average detection accuracy, achieving stable performance across different morph types.

Dataset Morph MixFaceNet-MAD [4] PW-MAD [9] Inception-MAD [29] Gemma-3
type D PS LMA GAN SMDD D PS LMA GAN SMDD D PS LMA GAN SMDD [LoRA]

FRGC-M
OCV 23.81 25.04 31.62 21.11 20.67 57.06 48.60 29.74 53.55 26.45 34.32 13.65 36.17 59.66 19.63 9.23
FM 22.83 23.54 29.38 19.98 18.10 56.00 50.70 30.49 51.61 23.40 34.96 19.71 35.10 56.91 16.06 4.98
SG 32.71 28.68 21.70 21.95 11.62 37.38 38.42 16.43 26.62 14.32 41.14 25.85 36.19 47.03 15.26 17.32

FERET-M
OCV 28.12 32.19 31.57 33.86 31.74 37.27 45.29 34.27 43.11 39.93 6.39 7.23 42.12 13.62 59.32 7.40
FM 22.57 29.48 27.90 31.81 23.69 35.16 44.30 28.24 40.40 29.41 5.17 6.91 36.53 18.36 46.94 9.30
SG 29.57 29.02 35.46 39.41 39.85 44.25 45.30 29.70 42.47 47.20 9.03 7.12 35.29 15.09 60.05 34.97

FRLL-M

OCV 8.82 13.22 8.91 17.66 4.39 17.33 15.69 13.96 45.59 2.42 13.72 10.76 6.86 55.89 5.38 1.47
FM 7.80 10.97 7.34 15.65 3.87 13.88 15.14 10.92 44.57 2.20 16.62 15.81 6.32 66.14 3.17 0.49
SG 20.07 15.29 13.41 23.51 8.89 29.97 27.64 18.11 48.53 16.64 37.24 19.58 20.56 55.03 11.37 6.83

WM 25.97 29.04 20.61 30.39 12.35 33.78 28.51 35.75 52.43 16.65 57.38 58.32 30.88 77.42 9.86 2.37
AMSL 24.53 27.59 19.24 30.03 15.18 36.25 32.95 34.38 48.52 15.18 49.02 61.44 9.80 86.49 10.79 12.74

LMA-DRD D 15.68 18.03 17.06 25.01 19.42 20.80 25.10 22.34 40.21 17.06 7.64 17.06 15.68 50.77 15.11 18.90
PS 21.77 18.44 27.05 27.05 23.72 26.48 23.72 29.41 44.11 20.39 11.37 12.75 22.34 38.42 19.01 28.28

MorGAN LMA 39.42 22.89 10.61 46.42 30.12 34.20 34.14 9.71 34.37 27.31 38.55 31.73 8.43 40.16 28.51 23.06
GAN 53.01 50.44 42.57 24.90 42.64 52.04 46.59 42.80 8.84 43.78 50.84 38.79 27.41 0.40 44.34 45.26

Greedy-DiM DiffAE 45.10 41.67 40.69 48.04 39.71 17.16 33.82 17.16 15.20 42.16 31.86 51.96 25.98 29.90 56.86 11.78
MorDIFF DiffAE 21.30 23.70 28.83 30.19 20.40 3.21 0.98 11.60 16.00 13.80 21.08 21.78 19.41 56.09 15.23 17.33
Average 26.71 26.30 25.21 28.88 21.55 33.21 33.32 25.33 40.46 23.43 28.67 25.48 25.42 47.94 25.70 14.81
∗ Train data: D (LMA-DRD - digital), PS (LMA-DRD - print&screen), LMA (MorGAN - landmark-based), GAN (MorGAN - GAN-based), SMDD

Table 3. Comparison of the LoRA adapted Gemma-3 with unsupervised MAD models in terms of EER(%) and BSCER at MACER
5% and 10%. Gemma-3 shows competitive average EER, while highlighting complementary strengths with state-of-the-art MADs.

Dataset
Morph FIQA-MagFace CNNIQA SPL-MAD MAD-DDPM SBI SelfMAD MADation MADation Gemma-3

type [16] [16] [14] [20] [34] [21] ViT-B[7] ViT-L[7] [LoRA]
EER 5% 10% EER 5% 10% EER 5% 10% EER 5% 10% EER 5% 10% EER 5% 10% EER 5% 10% EER 5% 10% EER 5% 10%

FRGC-M
FM 33.82 73.79 62.84 42.84 75.94 66.86 16.91 25.39 21.47 25.62 95.12 90.15 16.68 38.07 26.14 5.59 6.43 2.80 – – – – – – 4.98 4.91 2.15

OCV 33.30 74.71 62.52 43.15 74.64 66.35 20.75 32.50 25.42 28.22 95.12 90.15 15.32 36.31 25.10 2.59 1.14 0.41 – – – – – – 9.23 14.11 8.31
SG 14.21 26.46 17.60 36.51 70.34 57.93 16.80 26.13 21.09 9.02 95.12 90.15 52.90 97.10 94.40 15.84 45.23 25.52 – – – – – – 17.32 34.35 25.21

FERET-M
FM 25.14 61.22 44.44 13.23 35.17 19.32 20.42 40.85 27.09 27.98 95.27 90.17 26.47 60.87 52.36 3.19 1.70 0.38 – – – – – – 9.30 19.50 8.04

OCV 26.14 61.50 43.95 20.45 58.60 37.23 25.71 57.45 45.60 31.38 95.27 90.17 28.73 70.08 60.61 1.13 0.57 0.38 – – – – – – 7.40 12.75 4.97
SG 12.67 24.63 15.71 33.84 79.55 66.17 25.33 62.06 49.72 32.14 95.27 90.17 41.83 90.55 82.42 18.14 46.12 32.33 – – – – – – 34.97 71.23 61.56

FRLL-M

AMSL 30.94 77.94 66.18 21.61 60.29 39.22 3.26 0.50 0.50 27.13 94.94 90.02 11.76 24.23 16.78 0.99 0.05 0.05 3.85 – 2.89 7.26 – 10.63 12.74 20.71 14.22
FM 27.99 73.04 57.35 19.97 57.84 36.76 1.03 0.99 0.99 10.40 95.19 90.38 13.73 36.99 26.10 0.00 0.26 0.17 1.35 – 0.00 0.74 – 0.98 0.49 0.00 0.00

OCV 24.73 66.18 53.43 7.53 11.76 4.41 1.88 0.50 0.50 13.76 95.17 90.01 12.25 27.85 18.84 0.00 0.00 0.00 2.97 – 0.49 0.99 – 0.00 1.47 0.49 0.00
SG 7.53 8.82 5.39 35.92 75.49 68.14 14.65 32.18 24.75 14.32 95.17 90.18 44.61 94.68 90.92 10.34 24.22 12.52 17.21 – 26.69 24.96 – 49.03 6.83 10.29 5.39

WM 27.19 68.14 55.39 21.54 46.57 33.33 6.39 11.39 3.47 30.30 95.09 90.34 39.22 89.93 83.37 3.45 1.64 0.41 3.42 – 0.49 4.07 – 1.47 2.37 1.47 0.49
MIPGAN II SG – – – – – – – – – – – – – – – – – – 22.21 – 47.55 9.06 – 5.39 17.92 – 23.57
Greedy-DiM DiffAE 47.00 94.61 85.78 49.40 96.08 93.14 37.72 80.69 71.78 36.10 95.20 89.70 33.82 90.60 81.60 7.60 37.60 27.80 – – – – – – 11.78 13.73 11.76
MorDIFF DiffAE – – – – – – – – – – – – – – – – – – 1.10 – 0.00 20.40 – 37.25 17.33 – 26.04
Average (∗) 25.89 59.25 47.55 28.83 61.86 49.07 15.90 30.89 24.36 23.86 95.16 90.13 28.11 63.11 54.89 5.74 13.75 8.56 – – – – – – 9.91 16.96 11.84
Average (†) – – – – – – – – – – – – – – – – – – 7.44 – 11.16 9.64 – 14.96 8.45 – 9.96

∗ Test data: FRGC-M, FERET-M, FRLL-M, Greedy-DiM; † Test data: FRLL-M, MIPGAN II, MorDIFF

shot evaluations by 4.59 percentage points. However, the
LoRA-adapted model significantly reduces the EER to
14.81% (a 46.2% relative improvement), suggesting that
unadapted features are not as informative for MAD.

In our experiments, the adaptation was especially
beneficial for landmark-based morphs. On FRLL-
FaceMorpher, for example, the adapted Gemma-3 12B
achieved an EER of 0.49%, a substantial gain over the
previously reported zero-shot EER of 13.08%. Similar
gains appear on FRLL-OpenCV and FRLL-WebMorph.
After the adaptation, the detection accuracy was also sig-
nificantly improved for some GAN-based morphs, such
as FRLL-StyleGAN2 (improved from 27.39% EER to
6.83%). However, GAN-based MorGAN attacks re-
mained challenging even after the MLLM adaptation. To
better assess such failures, a further analysis on the impact
of the training data used for the adaptation is needed.

Comparison Against Supervised MADs. The em-
pirical comparison of the adapted Gemma-3 12B with
existing supervised MADs is given in Table 2. As can
be seen, our adapted MLLM outperforms all compet-
itive models, achieving an average EER of 14.81%, a
6.74% improvement over the best supervised MAD base-
line MixFaceNet-MAD, trained on SMDD. In addition,
we note that supervised baselines exhibit severe overfit-

ting. Inception-MAD trained on GAN morphs, for exam-
ple, degrades to 55.03% on FRLL-StyleGAN2. In con-
trast, our Gemma-3 12B-MAD maintains consistent per-
formance across attack types, showing better robustness
and generalization across different test data.

Comparison Against Unsupervised MADs. The em-
pirical comparison of the adapted Gemma-3 12B with ex-
isting unsupervised and self-supervised MADs is given
in Table 3. The HRNet-W18-based SelfMAD achieves
the best average EER of 5.74%, outperforming Gemma-3
12B-MAD by 4.17 percentage points. Unlike Gemma-
3 12B-MAD, whose vision encoder represents a trans-
former, SelfMAD extracts visual features with a high-
resolution CNN, which is especially good at detecting lo-
calized artifacts, important for the MAD task. We also
note that while SelfMAD dominates landmark-based at-
tacks, Gemma-3 12B-MAD performs better on certain
generative attacks. On Greedy-DiM, Gemma-3 12B-
MAD achieves 13.73% BPCER at 5% APCER versus
37.60% for SelfMAD. Moreover, Gemma-3 12B-MAD
outperforms both SPL-MAD and MAD-DDPM, showing
the strength and the underexplored potential of MLLMs
in the context of MAD.

Comparison With Foundation Model-based MADs.
We compare against MADation and proprietary MLLMs.
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BonaFide
Confidence Score: 1038.71

The image exhibits very low to
moderate suspicion of being a morphing

attack. While the image appears
generally authentic, subtle

inconsistencies in skin texture and a
slight unnatural smoothness around the
mouth warrant a degree of caution. The

overall impression is that of a
genuine face, but the minor artifacts

prevent a completely confident
assessment of authenticity, placing it
within the Low to Moderate Suspicion

range.

StyleGAN
Confidence Score: 5050.51

The image exhibits moderate suspicion,
falling within the Ambiguous/Moderate

Suspicion range. While no single
artifact is definitive, several subtle

inconsistencies in skin texture,
lighting, and facial geometry suggest
potential manipulation. The overall

impression is slightly 'off,'
prompting a cautious assessment.

MorDiff
Confidence Score: 6967.19

The image exhibits several artifacts
indicative of a morphing attack,

falling into the High Suspicion range.
The most prominent issues are the
unnatural smoothness of the skin,

inconsistencies in lighting, and
subtle asymmetries in facial features.

While no single artifact is
overwhelmingly conclusive, the

cumulative effect strongly suggests
manipulation.

OpenCV
Confidence Score: 8133.86

The image exhibits strong indicators
of being a morphing attack. The most
prominent artifacts are the ghosting

and blending around the eyes and ears,
coupled with inconsistencies in skin
texture and lighting. These findings

place the image firmly within the
'High Suspicion' range, suggesting a

high probability of manipulation.

Figure 4. Qualitative zero-shot results generated with Gemma-3. Examples illustrate the step-wise forensic reasoning produced by the
proposed six-step prompting protocol, together with the final aggregated confidence score for one bona fide and three morphing attacks.

Prior work [39] reports GPT-4 Turbo achieves 37.0%
EER on MIPGAN-II in zero-shot evaluation. Our LoRA-
tuned Gemma-3 12B achieves 17.92%, demonstrating
that domain-specific adaptation outperforms larger propri-
etary models. Compared to MADation ViT-B (7.44% av-
erage EER on FRLL/MIPGAN-II/MorDIFF), Gemma-3
12B performs comparably (8.45%). At strict thresholds,
Gemma-3 achieves 9.96% BPCER at 10% APCER versus
14.96% for MADation ViT-L (Table 3).

6. Conclusion

This paper explored the potential of open-source Mul-
timodal Large Language Models (MLLMs) for single-
image morphing attack detection (S-MAD) under strict
cross-dataset evaluation, addressing both generalization
and interpretability, two longstanding challenges in bio-
metric security. We explored MLLMs through two
paradigms: structured zero-shot forensic prompting and
parameter-efficient, synthetic-data-driven adaptation.

First, we demonstrated that carefully designed multi-
step forensic prompting, inspired by established forensic
analysis guidelines, can effectively elicit latent morphing-
related knowledge from pretrained MLLMs without task-
specific training. The proposed Chain-of-Thought pro-
tocol significantly improves zero-shot detection perfor-
mance compared to naive prompts, while simultaneously
producing human-readable, region-level semantic expla-
nations. Notably, zero-shot Gemma-3 exhibits competi-
tive performance on diffusion-based morphs, outperform-
ing specialized CNN-based detectors in certain cases,
highlighting the complementary forensic sensitivity of
MLLMs to emerging face morphing attack types.

Second, we showed that parameter-efficient LoRA
adaptation, guided by privacy-preserving synthetic arti-
facts, substantially enhances MLLM detection accuracy

and cross-dataset robustness. The adapted Gemma-3 12B-
MAD model achieves a strong average EER across eight
diverse benchmarks, outperforming widely used super-
vised and unsupervised MAD methods and approaching
the performance of state-of-the-art self-supervised and
foundation model–based detectors. This confirms that
MLLMs can be effectively adapted to the MAD task with-
out reliance on real-world datasets or proprietary models.

Despite these advances, important limitations remain.
Zero-shot MLLM performance, while inherently inter-
pretable and informative, is not yet sufficient for deploy-
ment in high-security operational settings with strict ac-
curacy requirements. Conversely, LoRA-adapted models
currently operate as binary classifiers and do not retain
the rich, structured forensic explanations available in zero-
shot inference. Additionally, performance degradation on
low-resolution and re-digitized images highlights the need
for improved robustness to adverse data acquisition.

These findings point to a promising future direc-
tion: conversational and multi-objective fine-tuning of
MLLMs, enabling models to jointly deliver classifier-level
accuracy and structured, step-by-step forensic reasoning.
Such models could effectively bridge the gap between
transparency and performance, positioning MLLM-based
MAD systems as trustworthy, explainable, and opera-
tionally viable tools for biometric security applications.
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Attack Detection with Denoising Diffusion Probabilistic
Models. In 11th International Workshop on Biometrics and
Forensics (IWBF), 2023. 2, 3, 6, 7

[21] Marija Ivanovska, Leon Todorov, Naser Damer,
Deepak Kumar Jain, Peter Peer, and Vitomir Štruc.
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