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LLMs
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Code Generation

Knowledge Retrieval

Summarization
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LLM Visiondriven

‣ Object-based control in the real world [1]

‣ SMPL pose generation/editing [2]

‣ Tracking [3] and segmentation [4]

‣ Reasoning [5]

‣ …

[1] Learning to Generate Object Interactions with Physics-Guided Video Diffusion, Romero et al., arxiv

[2] UniPose: A Unified Multimodal Framework for Human Pose Comprehension, Generation and Editing, Li et al., CVPR 25

[3] Monocular-Video Based 3D Visual Language Tracking, Wei et. al, CVPR 25

[4] Unifying LLM-Driven Semantic Cues with Visual Features for Robust Few-Shot Segmentation, Karimi et al., CVPR 25

[5] Vision-Centric Reasoning with Grounded Chain-of-Thought, Man et al., CVPR 25
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LLMs in this talk
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LLM Visiondriven

Fusion of LLM and: 


‣ Diffusion models[1]


‣ Self-supervised vision pretraining [2]

‣ Large-scale video data [3]

[1] RefAM: Attention Magnets for Zero-Shot Referral Segmentation, Kukleva* & Simsar* et al., arxiv

[2] Language-Unlocked ViT (LUViT): Empowering Self-Supervised Vision Transformers with LLMs, Kuzucu et al., arxiv

[3] HowToCaption: Prompting LLMs to Transform Video Annotations at Scale, Shvetsova* & Kukleva* et al., ECCV 24
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RefAM: Attention Magnets for Zero-Shot Referral Segmentation
Anna Kukleva , Enis Simsar ,  Alessio Tonioni , Ferjad Naeem , Federico Tombari  , Jan Eric Lenssen , Bernt Schiele1* 2* 3 3 3,4 1 1

Max Planck Institute for Informatics, ETH Zurich, Google, TU Munich   1 2 3 4

Leveraging pre-trained LLM  

for implicit semantic understanding
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Zero-Shot Referral Segmentation
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A largest orange goldfish

Goal: given image/video and referral expression, segment corresponding objects in the image/video

 RefAM: Attention Magnets for Zero-Shot Referral Segmentation
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Zero-Shot Referral Segmentation Pipeline
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Previous work [1,2]


1. Mask proposals

2. Local and Global reasoning modules 

3. Integration with CLIP visual-language space 

[1] Zero-Shot Referring Image Segmentation with Global-Local Context Features, Yu et al., CVPR 2023

[2] Hybrid Global-Local Representation with Augmented Spatial Guidance for Zero-Shot Referring Image Segmentation, Liu et al., CVPR 2025

Our work


1. No Mask proposal

2. No Local and Global reasoning modules 

3. No Integration with CLIP visual-language space 

 RefAM: Attention Magnets for Zero-Shot Referral Segmentation
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Zero-Shot Referral Segmentation Pipeline
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Text-to-text attention

Text-to-image attention (“_patches” token)
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Transformer Block ID
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Figure 3: Emergence of semantic information in DiT. Top: text-to-text attention across layers.
Early layers (0–19) are diffuse and uniform, while middle and late layers (20–47) develop block-
diagonal structure, indicating meaningful linguistic grouping. Bottom: text-to-image attention for the
“ patches” token. Early layers spread attention broadly over the scene, whereas middle layers begin
to localize, and late layers sharpen around the target object. These dynamics illustrate how semantic
alignment emerges progressively with depth.

While the DiT is trained to predict the noise ω, its intermediate activations capture rich semantic
information. In particular, cross-attention maps between text and image tokens provide spatial
grounding signals. For the denoising process itself, the model uses either the source prompt (if
available) or an empty prompt. In parallel, we collect features from a separate text branch that encodes
the referring expression, similarly as in (Helbling et al., 2025). This branch is used exclusively for
feature extraction and has no effect on the denoising trajectory. Unlike prior work that primarily relies
on U-Net features (Tang et al., 2023a; Zhang et al., 2023), we exploit these transformer attention
maps directly, which we find more effective for referring segmentation.

3.2 REFERRAL OBJECT SEGMENTATION

The goal of referring object segmentation is to localize a target region in an image or video given a
natural language expression. Formally, for an input (I, e), where I is an image or a video frame and
e is a referring expression, the task is to predict a segmentation mask m that highlights the region
described by e.

Cross-attention features. Following Concept Attention (CA) (Helbling et al., 2025), we use cross-
attention maps as grounding signals. Unlike CA, which assumes access to all relevant concepts in the
image, our setting is more realistic: only the referring expression e is provided. For each token tk → e,
we extract cross-attention maps M (k) from multiple layers and heads of the DiT, then aggregate them
into a consolidated heatmap He. The referred location is obtained as

pref = argmaxHe.

Stop-word augmentation and filtering. During attention computation, stop words frequently attract
disproportionately high attention (see Fig. 1), which degrades localization precision. We turn this
phenomenon into an advantage through a two-step procedure. First, we augment the expression e

by appending additional stop words (e.g., “.”, “a”, “with”), producing an expanded expression ê.
Second, we filter out attention maps corresponding to stop words when aggregating token-level maps.
Formally,

He = mean{M (k) | tk → ê, tk /→ Sstop},
where Sstop is a predefined set of stop words, extended with tokenizer-specific symbols (“.”, “,” and
“ ”). Appended stop words act as attention magnets, absorbing surplus background activations;
discarding them yields sharper, less cluttered heatmaps.

Segmentation. Our method is model-agnostic and applies to both images (FLUX (Labs, 2024)) and
videos (Mochi (Team, 2024)). For images, we convert the attention heatmap into a segmentation
mask using a foundation model such as SAM or SAM2 (Kirillov et al., 2023; Ravi et al., 2025). For
videos, we extract the query point from the first frame and propagate the segmentation across the
sequence with SAM2. In both cases, the pipeline is entirely training-free and operates in a zero-shot
setting.

4
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Figure 3: Emergence of semantic information in DiT. Top: text-to-text attention across layers.
Early layers (0–19) are diffuse and uniform, while middle and late layers (20–47) develop block-
diagonal structure, indicating meaningful linguistic grouping. Bottom: text-to-image attention for the
“ patches” token. Early layers spread attention broadly over the scene, whereas middle layers begin
to localize, and late layers sharpen around the target object. These dynamics illustrate how semantic
alignment emerges progressively with depth.

While the DiT is trained to predict the noise ω, its intermediate activations capture rich semantic
information. In particular, cross-attention maps between text and image tokens provide spatial
grounding signals. For the denoising process itself, the model uses either the source prompt (if
available) or an empty prompt. In parallel, we collect features from a separate text branch that encodes
the referring expression, similarly as in (Helbling et al., 2025). This branch is used exclusively for
feature extraction and has no effect on the denoising trajectory. Unlike prior work that primarily relies
on U-Net features (Tang et al., 2023a; Zhang et al., 2023), we exploit these transformer attention
maps directly, which we find more effective for referring segmentation.

3.2 REFERRAL OBJECT SEGMENTATION

The goal of referring object segmentation is to localize a target region in an image or video given a
natural language expression. Formally, for an input (I, e), where I is an image or a video frame and
e is a referring expression, the task is to predict a segmentation mask m that highlights the region
described by e.

Cross-attention features. Following Concept Attention (CA) (Helbling et al., 2025), we use cross-
attention maps as grounding signals. Unlike CA, which assumes access to all relevant concepts in the
image, our setting is more realistic: only the referring expression e is provided. For each token tk → e,
we extract cross-attention maps M (k) from multiple layers and heads of the DiT, then aggregate them
into a consolidated heatmap He. The referred location is obtained as

pref = argmaxHe.

Stop-word augmentation and filtering. During attention computation, stop words frequently attract
disproportionately high attention (see Fig. 1), which degrades localization precision. We turn this
phenomenon into an advantage through a two-step procedure. First, we augment the expression e

by appending additional stop words (e.g., “.”, “a”, “with”), producing an expanded expression ê.
Second, we filter out attention maps corresponding to stop words when aggregating token-level maps.
Formally,

He = mean{M (k) | tk → ê, tk /→ Sstop},
where Sstop is a predefined set of stop words, extended with tokenizer-specific symbols (“.”, “,” and
“ ”). Appended stop words act as attention magnets, absorbing surplus background activations;
discarding them yields sharper, less cluttered heatmaps.

Segmentation. Our method is model-agnostic and applies to both images (FLUX (Labs, 2024)) and
videos (Mochi (Team, 2024)). For images, we convert the attention heatmap into a segmentation
mask using a foundation model such as SAM or SAM2 (Kirillov et al., 2023; Ravi et al., 2025). For
videos, we extract the query point from the first frame and propagate the segmentation across the
sequence with SAM2. In both cases, the pipeline is entirely training-free and operates in a zero-shot
setting.

4

Early Layers: No usable information, uniform attention maps
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Figure 3: Emergence of semantic information in DiT. Top: text-to-text attention across layers.
Early layers (0–19) are diffuse and uniform, while middle and late layers (20–47) develop block-
diagonal structure, indicating meaningful linguistic grouping. Bottom: text-to-image attention for the
“ patches” token. Early layers spread attention broadly over the scene, whereas middle layers begin
to localize, and late layers sharpen around the target object. These dynamics illustrate how semantic
alignment emerges progressively with depth.

While the DiT is trained to predict the noise ω, its intermediate activations capture rich semantic
information. In particular, cross-attention maps between text and image tokens provide spatial
grounding signals. For the denoising process itself, the model uses either the source prompt (if
available) or an empty prompt. In parallel, we collect features from a separate text branch that encodes
the referring expression, similarly as in (Helbling et al., 2025). This branch is used exclusively for
feature extraction and has no effect on the denoising trajectory. Unlike prior work that primarily relies
on U-Net features (Tang et al., 2023a; Zhang et al., 2023), we exploit these transformer attention
maps directly, which we find more effective for referring segmentation.

3.2 REFERRAL OBJECT SEGMENTATION

The goal of referring object segmentation is to localize a target region in an image or video given a
natural language expression. Formally, for an input (I, e), where I is an image or a video frame and
e is a referring expression, the task is to predict a segmentation mask m that highlights the region
described by e.

Cross-attention features. Following Concept Attention (CA) (Helbling et al., 2025), we use cross-
attention maps as grounding signals. Unlike CA, which assumes access to all relevant concepts in the
image, our setting is more realistic: only the referring expression e is provided. For each token tk → e,
we extract cross-attention maps M (k) from multiple layers and heads of the DiT, then aggregate them
into a consolidated heatmap He. The referred location is obtained as

pref = argmaxHe.

Stop-word augmentation and filtering. During attention computation, stop words frequently attract
disproportionately high attention (see Fig. 1), which degrades localization precision. We turn this
phenomenon into an advantage through a two-step procedure. First, we augment the expression e

by appending additional stop words (e.g., “.”, “a”, “with”), producing an expanded expression ê.
Second, we filter out attention maps corresponding to stop words when aggregating token-level maps.
Formally,

He = mean{M (k) | tk → ê, tk /→ Sstop},
where Sstop is a predefined set of stop words, extended with tokenizer-specific symbols (“.”, “,” and
“ ”). Appended stop words act as attention magnets, absorbing surplus background activations;
discarding them yields sharper, less cluttered heatmaps.

Segmentation. Our method is model-agnostic and applies to both images (FLUX (Labs, 2024)) and
videos (Mochi (Team, 2024)). For images, we convert the attention heatmap into a segmentation
mask using a foundation model such as SAM or SAM2 (Kirillov et al., 2023; Ravi et al., 2025). For
videos, we extract the query point from the first frame and propagate the segmentation across the
sequence with SAM2. In both cases, the pipeline is entirely training-free and operates in a zero-shot
setting.

4

Mid & Late Layers: Sharpened semantic alignment + global attention sinks
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What is attention sink? 

‣ high-norm values

‣ limited semantic information

‣ very few tokens

attention sink[1] Efficient Streaming Language Models with Attention Sinks, ICLR 2024

[2] Interpreting the Repeated Token Phenomenon in Large Language Models, ICML 2025

[3] Massive Values  in Self-Attention Modules are the Key to Contextual Knowledge Understanding, ICML 2025

[4] Massive Activations in Large Language Models, CoLM 2024

[5] Why do LLMs attention to the first token? arxiv 2025

[6] Vision Transformers Need Registers, ICLR 2024

[7] Vision Transformers Don’t Need Registers, arxiv 2025
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What is attention sink? 

‣ high-norm values

‣ limited semantic information

‣ very few tokens

[1] Efficient Streaming Language Models with Attention Sinks, ICLR 2024

[2] Interpreting the Repeated Token Phenomenon in Large Language Models, ICML 2025

[3] Massive Values  in Self-Attention Modules are the Key to Contextual Knowledge Understanding, ICML 2025

[4] Massive Activations in Large Language Models, CoLM 2024

[5] Why do LLMs attention to the first token? arxiv 2025

[6] Vision Transformers Need Registers, ICLR 2024

[7] Vision Transformers Don’t Need Registers, arxiv 2025

Published as a conference paper at ICLR 2024

VISION TRANSFORMERS NEED REGISTERS

Timothée Darcet1,2 Maxime Oquab1 Julien Mairal2 Piotr Bojanowski1

1 FAIR, Meta
2 Univ. Grenoble Alpes, Inria, CNRS, Grenoble INP, LJK, 38000 Grenoble, France

ABSTRACT

Transformers have recently emerged as a powerful tool for learning visual rep-
resentations. In this paper, we identify and characterize artifacts in feature maps
of both supervised and self-supervised ViT networks. The artifacts correspond to
high-norm tokens appearing during inference primarily in low-informative back-
ground areas of images, that are repurposed for internal computations. We propose
a simple yet effective solution based on providing additional tokens to the input se-
quence of the Vision Transformer to fill that role. We show that this solution fixes
that problem entirely for both supervised and self-supervised models, sets a new
state of the art for self-supervised visual models on dense visual prediction tasks,
enables object discovery methods with larger models, and most importantly leads
to smoother feature maps and attention maps for downstream visual processing.

Without registers With registers
Input DeiT-III OpenCLIP DINOv2 DeiT-III OpenCLIP DINOv2

Figure 1: Register tokens enable interpretable attention maps in all vision transformers, similar to
the original DINO method (Caron et al., 2021). Attention maps are calculated in high resolution for
better visualisation. More qualitative results are available in appendix H.

1 INTRODUCTION

Embedding images into generic features that can serve multiple purposes in computer vision has
been a long-standing problem. First methods relied on handcrafted principles, such as SIFT (Lowe,
2004), before the scale of data and deep learning techniques allowed for end-to-end training. Pur-
suing generic feature embeddings is still relevant today, as collecting valuable annotated data for
many specific tasks remains difficult. This difficulty arises because of the required expertise (e.g.,
medical data, or remote sensing) or the cost at scale. Today, it is common to pretrain a model for
a task for which plenty of data is available and extract a subset of the model to use as a feature
extractor. Multiple approaches offer this possibility; supervised methods, building on classification

Correspondence to timdarcet@meta.com
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A largest orange goldfish
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A camel walking

avg attention

text-2-text attn.

global attention sinks global attention sinks

filtered stop words 

attention magnets

global attention sinks
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w/o attention magnetswith attention magnets

Global Attention Sinks (GAS)

16 RefAM: Attention Magnets for Zero-Shot Referral Segmentation
A camel walking
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global attention sinks global attention sinks

filtered stop words 

attention magnets
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w/o attention magnetswith attention magnets

Meaningful token is allocated to GAS
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1. Uninformative role: Removing them does not harm the performance (inference)


2. Indicators of semantic structure: GAS consistently emerge only after meaningful structure 
is established in the mid layers


3. Potentially harmful role: majority of GAS tokens (77%) correspond to stop words, 10% fall 
on color tokens and another 10% to other content words

Text-to-text attention

Text-to-image attention (“_patches” token)

0

8 16 24 32 40

Transformer Block ID

7 14 21 28 35 42 47

A white cow with brown 
patches

Figure 3: Emergence of semantic information in DiT. Top: text-to-text attention across layers.
Early layers (0–19) are diffuse and uniform, while middle and late layers (20–47) develop block-
diagonal structure, indicating meaningful linguistic grouping. Bottom: text-to-image attention for the
“ patches” token. Early layers spread attention broadly over the scene, whereas middle layers begin
to localize, and late layers sharpen around the target object. These dynamics illustrate how semantic
alignment emerges progressively with depth.

While the DiT is trained to predict the noise ω, its intermediate activations capture rich semantic
information. In particular, cross-attention maps between text and image tokens provide spatial
grounding signals. For the denoising process itself, the model uses either the source prompt (if
available) or an empty prompt. In parallel, we collect features from a separate text branch that encodes
the referring expression, similarly as in (Helbling et al., 2025). This branch is used exclusively for
feature extraction and has no effect on the denoising trajectory. Unlike prior work that primarily relies
on U-Net features (Tang et al., 2023a; Zhang et al., 2023), we exploit these transformer attention
maps directly, which we find more effective for referring segmentation.

3.2 REFERRAL OBJECT SEGMENTATION

The goal of referring object segmentation is to localize a target region in an image or video given a
natural language expression. Formally, for an input (I, e), where I is an image or a video frame and
e is a referring expression, the task is to predict a segmentation mask m that highlights the region
described by e.

Cross-attention features. Following Concept Attention (CA) (Helbling et al., 2025), we use cross-
attention maps as grounding signals. Unlike CA, which assumes access to all relevant concepts in the
image, our setting is more realistic: only the referring expression e is provided. For each token tk → e,
we extract cross-attention maps M (k) from multiple layers and heads of the DiT, then aggregate them
into a consolidated heatmap He. The referred location is obtained as

pref = argmaxHe.

Stop-word augmentation and filtering. During attention computation, stop words frequently attract
disproportionately high attention (see Fig. 1), which degrades localization precision. We turn this
phenomenon into an advantage through a two-step procedure. First, we augment the expression e

by appending additional stop words (e.g., “.”, “a”, “with”), producing an expanded expression ê.
Second, we filter out attention maps corresponding to stop words when aggregating token-level maps.
Formally,

He = mean{M (k) | tk → ê, tk /→ Sstop},
where Sstop is a predefined set of stop words, extended with tokenizer-specific symbols (“.”, “,” and
“ ”). Appended stop words act as attention magnets, absorbing surplus background activations;
discarding them yields sharper, less cluttered heatmaps.

Segmentation. Our method is model-agnostic and applies to both images (FLUX (Labs, 2024)) and
videos (Mochi (Team, 2024)). For images, we convert the attention heatmap into a segmentation
mask using a foundation model such as SAM or SAM2 (Kirillov et al., 2023; Ravi et al., 2025). For
videos, we extract the query point from the first frame and propagate the segmentation across the
sequence with SAM2. In both cases, the pipeline is entirely training-free and operates in a zero-shot
setting.

4
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Append more stop words (attention magnets)!
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Append more stop words (attention magnets)!

stop words: the, is, at, which, on, with, to, a, this, etc

words with little semantic value
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words with little semantic value
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Redistribution Strategy with Attention Magnets
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before: 77% of GAS tokens on stop words


after: 89% of GAS tokens on stop words
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Redistribution Strategy with Attention Magnets
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before: 77% of GAS tokens on stop words


after: 89% of GAS tokens on stop words

 Cow with a bell  around its neck

A surfboard

A horse jumping over obstacles 

w/o attention magnets
SegmentationAttention + Argmax 

with attention magnets
SegmentationAttention + Argmax 
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before: 77% of GAS tokens on stop words


after: 89% of GAS tokens on stop words

 Cow with a bell  around its neck

A surfboard

A horse jumping over obstacles 

w/o attention magnets
SegmentationAttention + Argmax 

with attention magnets
SegmentationAttention + Argmax 
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Redistribution Strategy with Attention Magnets
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before: 77% of GAS tokens on stop words


after: 89% of GAS tokens on stop words

 Cow with a bell  around its neck

A surfboard

A horse jumping over obstacles 

w/o attention magnets
SegmentationAttention + Argmax 

with attention magnets
SegmentationAttention + Argmax 

much sharper attention 
maps
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‣ natural garbage collectors in LLMs  allocation of the surplus of attention

‣ background attention redistributed to these stop words

→
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‣ natural garbage collectors in LLMs  allocation of the surplus of attention

‣ background attention redistributed to these stop words

→

‣ is the choice of stop words important?
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Ref-DAVIS17 Ref-YouTube-VOS MeViS
Method J&F J F J&F J F J&F J F

Training-Free with Grounded-SAM
Grounded-SAM (Ren et al., 2024)† 65.2 62.3 68.0 62.3 61.0 63.6 - - -
Grounded-SAM2 (Ren et al., 2024)† 66.2 62.6 69.7 64.8 62.5 67.0 38.9 35.7 42.1
AL-Ref-SAM2 (Huang et al., 2025) 74.2 70.4 78.0 67.9 65.9 69.9 42.8 39.5 46.2

Training-Free
G-L + SAM2 (Yu et al., 2023)† 40.6 37.6 43.6 27.0 24.3 29.7 23.7 20.4 30.0
G-L (SAM) + SAM2 (Yu et al., 2023)† 46.9 44.0 49.7 33.6 29.9 37.3 26.6 22.7 30.5
REFAM + SAM2 (ours) 57.6 54.5 60.6 42.7 37.6 47.8 30.6 24.7 36.6

Table 3: Comparison with state-of-the-art zero-shot methods Ref-DAVIS17, Ref-YouTube-VOS and
MeViS. † Results are from Al-Ref (Huang et al., 2025).

AM NP SB Ref-DAVIS17
J&F J F PA

✁ ✁ ✁ 57.6 54.5 60.6 68.9
- ✁ ✁ 54.4 50.9 57.6 59.8

✁ ✁ - 55.1 52.2 58.0 67.2
- ✁ - 53.1 49.5 56.7 60.2

✁ - - 54.2 51.5 56.9 59.0
- - - 50.0 46.8 53.2 52.5

Table 4: Influence of the components. AM
denotes appending attention magnets with the
following filtering, NP is filtering of everything
but noun phrase, SB is spatial bias. PA is pre-
dicted point accuracy.

AM Ref-DAVIS17
J&F J F PA

stop words + color 57.6 54.5 60.6 68.9
stop words 56.8 53.7 59.9 67.2

random stop words (5x) 57.5 54.3 60.5 68.5
random vectors (5x) 56.2 53.1 59.4 65.5

none 54.4 50.9 57.6 59.8
scene description 48.9 45.2 52.2 60.6

Table 5: Influence of different AM. AM de-
notes appending attention magnets to the referral
expression. PA is predicted point accuracy.

giraffe on the right

bowl with oranges

chocolate pie on left

black dog

large clock

top left microwave black

bowcar behind man animal on far left

Figure 6: Qualitative examples. Referring image object segmentation results. Each triplet shows the
input image with the referring expression, the cross-attention heatmap with the detected argmax point
(star), and the final segmentation mask produced by SAM.

training-free baselines and narrowing the gap to recent methods such as Grounded-SAM (Kirillov
et al., 2023), Grounded-SAM2, and AL-Ref-SAM (Ren et al., 2024), which are pretrained with
image grounding datasets. These results demonstrate that carefully leveraging diffusion features,
without retraining, is sufficient to close the gap with supervised and weakly supervised methods,
while maintaining the simplicity and generality of a fully training-free pipeline.
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Ref-DAVIS17 Ref-YouTube-VOS MeViS
Method J&F J F J&F J F J&F J F

Training-Free with Grounded-SAM
Grounded-SAM (Ren et al., 2024)† 65.2 62.3 68.0 62.3 61.0 63.6 - - -
Grounded-SAM2 (Ren et al., 2024)† 66.2 62.6 69.7 64.8 62.5 67.0 38.9 35.7 42.1
AL-Ref-SAM2 (Huang et al., 2025) 74.2 70.4 78.0 67.9 65.9 69.9 42.8 39.5 46.2

Training-Free
G-L + SAM2 (Yu et al., 2023)† 40.6 37.6 43.6 27.0 24.3 29.7 23.7 20.4 30.0
G-L (SAM) + SAM2 (Yu et al., 2023)† 46.9 44.0 49.7 33.6 29.9 37.3 26.6 22.7 30.5
REFAM + SAM2 (ours) 57.6 54.5 60.6 42.7 37.6 47.8 30.6 24.7 36.6

Table 3: Comparison with state-of-the-art zero-shot methods Ref-DAVIS17, Ref-YouTube-VOS and
MeViS. † Results are from Al-Ref (Huang et al., 2025).

AM NP SB Ref-DAVIS17
J&F J F PA

✁ ✁ ✁ 57.6 54.5 60.6 68.9
- ✁ ✁ 54.4 50.9 57.6 59.8

✁ ✁ - 55.1 52.2 58.0 67.2
- ✁ - 53.1 49.5 56.7 60.2

✁ - - 54.2 51.5 56.9 59.0
- - - 50.0 46.8 53.2 52.5

Table 4: Influence of the components. AM
denotes appending attention magnets with the
following filtering, NP is filtering of everything
but noun phrase, SB is spatial bias. PA is pre-
dicted point accuracy.

AM Ref-DAVIS17
J&F J F PA

stop words + color 57.6 54.5 60.6 68.9
stop words 56.8 53.7 59.9 67.2

random stop words (5x) 57.5 54.3 60.5 68.5
random vectors (5x) 56.2 53.1 59.4 65.5

none 54.4 50.9 57.6 59.8

Table 5: Influence of different AM. AM de-
notes appending attention magnets to the referral
expression. PA is predicted point accuracy.
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bowl with oranges
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large clock

top left microwave black

bowcar behind man animal on far left

Figure 6: Qualitative examples. Referring image object segmentation results. Each triplet shows the
input image with the referring expression, the cross-attention heatmap with the detected argmax point
(star), and the final segmentation mask produced by SAM.

et al., 2023), Grounded-SAM2 (Ren et al., 2024), and AL-Ref-SAM (Huang et al., 2025), which
are pretrained with image grounding datasets. These results demonstrate that carefully leveraging
diffusion features, without retraining, is sufficient to close the gap with supervised and weakly
supervised methods, while maintaining the simplicity and generality of a fully training-free pipeline.
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Metric Method Vision Backbone Pre-trained Model RefCOCO RefCOCO+ RefCOCOg
val testA testB val testA testB val test

oIoU

zero-shot methods w/ additional training

Pseudo-RIS (Yu et al., 2024) ViT-B SAM, CoCa, CLIP 37.33 43.43 31.90 40.19 46.43 33.63 41.63 43.52
VLM-VG (Wang et al., 2025) R101 COCO→, VLM-VG→ 45.40 48.00 41.40 37.00 40.70 30.50 42.80 44.10

zero-shot methods w/o additional training

Grad-CAM (Selvaraju et al., 2017a) R50 SAM, CLIP 23.44 23.91 21.60 26.67 27.20 24.84 23.00 23.91
MaskCLIP (Zhou et al., 2022) R50 SAM, CLIP 20.18 20.52 21.30 22.06 22.43 24.61 23.05 23.41
Global-Local (Yu et al., 2023) R50 FreeSOLO, CLIP 24.58 23.38 24.35 25.87 24.61 25.61 30.07 29.83
Global-Local (Yu et al., 2023) R50 SAM, CLIP 24.55 26.00 21.03 26.62 29.99 22.23 28.92 30.48
Global-Local (Yu et al., 2023) ViT-B SAM, CLIP 21.71 24.48 20.51 23.70 28.12 21.86 26.57 28.21

Ref-Diff (Ni et al., 2023) ViT-B SAM, SD, CLIP 35.16 37.44 34.50 35.56 38.66 31.40 38.62 37.50
TAS (Suo et al., 2023) ViT-B SAM, BLIP2, CLIP 29.53 30.26 28.24 33.21 38.77 28.01 35.84 36.16

HybridGL (Liu & Li, 2025) ViT-B SAM,CLIP 41.81 44.52 38.50 35.74 41.43 30.90 42.47 42.97
REFAM (ours) DiT SAM, FLUX 46.91 52.30 43.88 38.57 42.66 34.90 45.53 44.45

mIoU

weakly-supervised methods

CLRL (Lee et al., 2023) ViT-B - 31.06 32.30 30.11 31.28 32.11 30.13 32.88 -
PPT (Dai & Yang, 2024) ViT-B SAM 46.76 45.33 46.28 45.34 45.84 44.77 42.97 -

zero-shot methods w/ additional training

Pseudo-RIS (Yu et al., 2024) ViT-B SAM, CoCa, CLIP 41.05 48.19 33.48 44.33 51.42 35.08 45.99 46.67
VLM-VG (Wang et al., 2025) R101 COCO→, VLM-VG→ 49.90 53.10 46.70 42.70 47.30 36.20 48.00 48.50

zero-shot methods w/o additional training

Grad-CAM (Selvaraju et al., 2017a) R50 SAM, CLIP 30.22 31.90 27.17 33.96 25.66 32.29 33.05 32.50
MaskCLIP (Zhou et al., 2022) R50 SAM, CLIP 25.62 26.66 25.17 27.49 28.49 30.47 30.13 30.15
Global-Local (Yu et al., 2023) R50 FreeSOLO, CLIP 26.70 24.99 26.48 28.22 26.54 27.86 33.02 33.12
Global-Local (Yu et al., 2023) R50 SAM, CLIP 31.83 32.93 28.64 34.97 37.11 30.61 40.66 40.94
Global-Local (Yu et al., 2023) ViT-B SAM, CLIP 33.12 36.52 29.58 35.29 39.58 31.89 40.08 40.74

CaR (Sun et al., 2024b) ViT-B and ViT-L CLIP 33.57 35.36 30.51 34.22 36.03 31.02 36.67 36.57
Ref-Diff (Ni et al., 2023) ViT-B SAM, SD, CLIP 37.21 38.40 37.19 37.29 40.51 33.01 44.02 44.51

TAS (Suo et al., 2023) ViT-B SAM, BLIP2, CLIP 39.84 41.08 36.24 43.63 49.13 36.54 46.62 46.80
HybridGL (Liu & Li, 2025) ViT-B SAM, CLIP 49.48 53.37 45.19 43.40 49.13 37.17 51.25 51.59

REFAM (ours) DiT SAM, FLUX 57.24 59.78 53.32 43.59 47.28 38.77 47.11 48.35

Table 2: Comparison with state-of-the-art zero-shot methods on RefCOCO, RefCOCO+, and
RefCOCOg. The top two results in each setting (without additional training) are marked in bold and
underlined, respectively. * denotes use of extra training data beyond the task-specific set.

out as the most extensive RVOS dataset, comprising 202 videos and 834 annotations. Ref-DAVIS17
builds upon DAVIS17 (Khoreva et al., 2019) and contains 30 videos with 244 annotations.

Implementation Details. As attention magnets, we append “ ”, “with”, “to”, “and” stop words and
“pink” as and auxiliary color that redistributes some of the meaningful GAS tokens from the referral
expression to ours attention magnets. We filter out stop words used not only as attention magnets,
but also stop words within the referring expressions, and the end-of-sequence (¡/s¿) token. We use
the same preprocessing strategy as HybridGL (Liu & Li, 2025) to extract noun phrases (NP) and
spatial bias (SB) from the referring expression using spacy package, ensuring a fair comparison.
For referring image object segmentation (RIOS), we use the FLUX model (Labs, 2024) and collect
features from timestep 750. For referring video object segmentation (RVOS), we use the Mochi model
(Team, 2024) and collect features from timestep 990. To produce final attention map, we aggregate
attention maps across all transformer blocks if not stated differently. Since the COCO dataset already
provides captions with its annotations, we use these directly to guide feature extraction. We use
chatGPT4o to generate captions for DAVIS, Ref-YouTube-VOS and MeViS test videos.

4.1 SOTA COMPARISON

We evaluate REFAM on referral image object segmentation (RIOS) on RefCOCO, RefCOCO+, and
RefCOCOg datasets using oIoU and mIoU metrics in Tab. 2 and on referral video object segmentation
(RVOS) Ref-DAVIS17, Ref-YouTube-VOS and MeViS datasets using standard J&F metrics in
Tab. 3. Our method significantly outperforms prior training-free approaches on both RIOS and
RVOS, establishing new state-of-the-art results across all datasets. Notable RIOS baselines include
Ref-Diff (Ni et al., 2023), MaskCLIP (Zhou et al., 2022), Global-Local (Yu et al., 2023), and the
recent HybridGL (Liu & Li, 2025), which rely on complex modeling of spatial or relational cues. In
contrast, our approach is simple and leverages the semantic structure learned by pretrained generative
models. In particular, compared to HybridGL—the strongest prior zero-shot method—REFAM
achieves an absolute gain of +2.5 mIoU on RefCOCOg test and +1.8 mIoU on RefCOCO+ testB. On
RefCOCO+ testA, REFAM improves mIoU by more than 9 points over Ref-Diff and by over 12 points
over Global-Local. Despite relying only on frozen FLUX features and SAM segmentation method,
our approach achieves performance competitive with, and in some cases exceeding, methods that
incorporate additional task-specific training or fine-tuning. In Tab. 3, REFAM outperforms all prior
training-free baselines and narrowing the gap to recent methods such as Grounded-SAM (Kirillov
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Ref-DAVIS17 Ref-YouTube-VOS MeViS
Method J&F J F J&F J F J&F J F

Training-Free with Grounded-SAM
Grounded-SAM (Ren et al., 2024)† 65.2 62.3 68.0 62.3 61.0 63.6 - - -
Grounded-SAM2 (Ren et al., 2024)† 66.2 62.6 69.7 64.8 62.5 67.0 38.9 35.7 42.1
AL-Ref-SAM2 (Huang et al., 2025) 74.2 70.4 78.0 67.9 65.9 69.9 42.8 39.5 46.2

Training-Free
G-L + SAM2 (Yu et al., 2023)† 40.6 37.6 43.6 27.0 24.3 29.7 23.7 20.4 30.0
G-L (SAM) + SAM2 (Yu et al., 2023)† 46.9 44.0 49.7 33.6 29.9 37.3 26.6 22.7 30.5
REFAM + SAM2 (ours) 57.6 54.5 60.6 42.7 37.6 47.8 30.6 24.7 36.6

Table 3: Comparison with state-of-the-art zero-shot methods Ref-DAVIS17, Ref-YouTube-VOS and
MeViS. † Results are from Al-Ref (Huang et al., 2025).

AM NP SB Ref-DAVIS17
J&F J F PA

✁ ✁ ✁ 57.6 54.5 60.6 68.9
- ✁ ✁ 54.4 50.9 57.6 59.8

✁ ✁ - 55.1 52.2 58.0 67.2
- ✁ - 53.1 49.5 56.7 60.2

✁ - - 54.2 51.5 56.9 59.0
- - - 50.0 46.8 53.2 52.5

Table 4: Influence of the components. AM
denotes appending attention magnets with the
following filtering, NP is filtering of everything
but noun phrase, SB is spatial bias. PA is pre-
dicted point accuracy.

AM Ref-DAVIS17
J&F J F PA

stop words + color 57.6 54.5 60.6 68.9
stop words 56.8 53.7 59.9 67.2

random stop words (5x) 57.5 54.3 60.5 68.5
random vectors (5x) 56.2 53.1 59.4 65.5

none 54.4 50.9 57.6 59.8

Table 5: Influence of different AM. AM de-
notes appending attention magnets to the referral
expression. PA is predicted point accuracy.

giraffe on the right

bowl with oranges

chocolate pie on left

black dog

large clock

top left microwave black

bowcar behind man animal on far left

Figure 6: Qualitative examples. Referring image object segmentation results. Each triplet shows the
input image with the referring expression, the cross-attention heatmap with the detected argmax point
(star), and the final segmentation mask produced by SAM.

et al., 2023), Grounded-SAM2 (Ren et al., 2024), and AL-Ref-SAM (Huang et al., 2025), which
are pretrained with image grounding datasets. These results demonstrate that carefully leveraging
diffusion features, without retraining, is sufficient to close the gap with supervised and weakly
supervised methods, while maintaining the simplicity and generality of a fully training-free pipeline.
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With and Without Attention Magnets (AM)

AM NP SB RefCOCO RefCOCO+ RefCOCOg
val testA testB val testA testB val test

✁ ✁ ✁ 46.91 52.30 43.88 38.57 42.66 34.90 45.53 44.45
- ✁ ✁ 33.89 44.66 34.14 35.12 37.69 33.75 42.93 42.44

✁ ✁ - 37.60 41.81 34.22 38.53 42.60 35.66 42.59 42.75
- ✁ - 32.99 35.22 31.98 34.47 37.05 33.62 41.83 41.00

✁ - - 35.54 39.80 32.86 37.12 40.89 34.32 38.66 40.90
- - - 29.14 31.49 29.21 31.61 34.29 30.65 34.09 35.81

Table 6: Ablation on spatial bias and noun phrase encoding. Both components contribute to perfor-
mance, with spatial bias providing the largest gains, while combining both yields the best results
across RefCOCO, RefCOCO+, and RefCOCOg.

4.2 ABLATIONS

In Tabs. 4 and 5, we decouple J&F mask evaluation from our predicted points by introducing the
point accuracy (PA) metric, which considers a point correct if it falls within the ground-truth mask.

Influence of Attention Magnets. Including stop words in attention map aggregation results in
overly diffuse localization. As shown in Tabs. 4 and 6, introducing and then filtering our attention
magnets (AM) out from the referring expressions improves predicted point accuracy from 59.9 to
68.9 and raises the J&F metric by 3.2 points on RVOS. Moreover, we observe consistent gains
across settings when attention magnets are appended. Fig. 5 further illustrates how redistributing
background activations followed by filtering, produces sharper and more focused attention maps.

Variants of Attention Magnets. In Tab. 5, we evaluate the role of including color tokens as
attention magnets. As discussed above, they help redistribute GAS away from meaningful tokens
in the referring expressions, yielding an improvement of roughly 1% across metrics. We then
examine whether the specific choice of stop words matters. Sampling five different stop-word sets
produces consistent results. However, replacing stop words with random vectors (re-normalized
to match token distributions) leads to slightly worse performance. This suggests that background
redistribution is crucial for capturing semantics in generative models, and that real stop words,
which are frequently encountered during training, are particularly effective at absorbing meaningless
background activations.

Noun Prase and Spatial Bias. We conduct an ablation study to disentangle the contributions of
spatial bias and noun phrase encoding, as shown in Tab. 6 and Tab. 4. We use the same preprocessing
strategy as HybridGL (Liu & Li, 2025) to extract noun phrases and spatial relations from the referring
expression, ensuring a fair comparison. When combined, the two components with our attention
magnets yield the best performance across all benchmarks, confirming their complementary roles in
grounding referring expressions. See Sec. C for more details.

Qualitative Examples. Figs 6 and 5 present qualitative examples of RIOS and RVOS. Each example
shows the input image, the corresponding cross-attention map with the predicted argmax location
indicated by a star, and the final segmentation mask produced by SAM when seeded with this location.
Fig. 5 additionally shows aggregated attention maps with and without our attention magnets. We
observe that REFAM accurately grounds diverse referring expressions including various attributes.
While the attention maps often highlight multiple candidate regions when objects are visually similar,
the predicted argmax location reliably falls on the correct instance, enabling accurate segmentation.

5 CONCLUSION

We introduce REFAM, a training-free framework for zero-shot referring segmentation that exploits
cross-attention features from flow-matching DiTs. By identifying stop words as attention magnets
and uncovering global attention sinks (GAS), we proposed a simple redistribution mechanism that
sharpens localization without retraining or architectural changes. REFAM sets a new state of the art
among training-free methods: on RefCOCO, RefCOCO+, and RefCOCOg it outperforms previous
zero-shot approaches, including gains of up to +2.5 mIoU over HybridGL, and on Ref-DAVIS17, Ref-
YouTube-VOS, and MeViS it achieves the best reported results for video. These findings highlight
diffusion attention as a powerful, general foundation for grounding referring expressions in both
images and videos.
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AM NP SB RefCOCO RefCOCO+ RefCOCOg
val testA testB val testA testB val test

✁ ✁ ✁ 46.91 52.30 43.88 38.57 42.66 34.90 45.53 44.45
- ✁ ✁ 33.89 44.66 34.14 35.12 37.69 33.75 42.93 42.44

✁ ✁ - 37.60 41.81 34.22 38.53 42.60 35.66 42.59 42.75
- ✁ - 32.99 35.22 31.98 34.47 37.05 33.62 41.83 41.00

✁ - - 35.54 39.80 32.86 37.12 40.89 34.32 38.66 40.90
- - - 29.14 31.49 29.21 31.61 34.29 30.65 34.09 35.81

Table 6: Ablation on spatial bias and noun phrase encoding. Both components contribute to perfor-
mance, with spatial bias providing the largest gains, while combining both yields the best results
across RefCOCO, RefCOCO+, and RefCOCOg.

4.2 ABLATIONS

In Tabs. 4 and 5, we decouple J&F mask evaluation from our predicted points by introducing the
point accuracy (PA) metric, which considers a point correct if it falls within the ground-truth mask.

Influence of Attention Magnets. Including stop words in attention map aggregation results in
overly diffuse localization. As shown in Tabs. 4 and 6, introducing and then filtering our attention
magnets (AM) out from the referring expressions improves predicted point accuracy from 59.9 to
68.9 and raises the J&F metric by 3.2 points on RVOS. Moreover, we observe consistent gains
across settings when attention magnets are appended. Fig. 5 further illustrates how redistributing
background activations followed by filtering, produces sharper and more focused attention maps.

Variants of Attention Magnets. In Tab. 5, we evaluate the role of including color tokens as
attention magnets. As discussed above, they help redistribute GAS away from meaningful tokens
in the referring expressions, yielding an improvement of roughly 1% across metrics. We then
examine whether the specific choice of stop words matters. Sampling five different stop-word sets
produces consistent results. However, replacing stop words with random vectors (re-normalized
to match token distributions) leads to slightly worse performance. This suggests that background
redistribution is crucial for capturing semantics in generative models, and that real stop words,
which are frequently encountered during training, are particularly effective at absorbing meaningless
background activations.

Noun Prase and Spatial Bias. We conduct an ablation study to disentangle the contributions of
spatial bias and noun phrase encoding, as shown in Tab. 6 and Tab. 4. We use the same preprocessing
strategy as HybridGL (Liu & Li, 2025) to extract noun phrases and spatial relations from the referring
expression, ensuring a fair comparison. When combined, the two components with our attention
magnets yield the best performance across all benchmarks, confirming their complementary roles in
grounding referring expressions. See Sec. C for more details.

Qualitative Examples. Figs 6 and 5 present qualitative examples of RIOS and RVOS. Each example
shows the input image, the corresponding cross-attention map with the predicted argmax location
indicated by a star, and the final segmentation mask produced by SAM when seeded with this location.
Fig. 5 additionally shows aggregated attention maps with and without our attention magnets. We
observe that REFAM accurately grounds diverse referring expressions including various attributes.
While the attention maps often highlight multiple candidate regions when objects are visually similar,
the predicted argmax location reliably falls on the correct instance, enabling accurate segmentation.

5 CONCLUSION

We introduce REFAM, a training-free framework for zero-shot referring segmentation that exploits
cross-attention features from flow-matching DiTs. By identifying stop words as attention magnets
and uncovering global attention sinks (GAS), we proposed a simple redistribution mechanism that
sharpens localization without retraining or architectural changes. REFAM sets a new state of the art
among training-free methods: on RefCOCO, RefCOCO+, and RefCOCOg it outperforms previous
zero-shot approaches, including gains of up to +2.5 mIoU over HybridGL, and on Ref-DAVIS17, Ref-
YouTube-VOS, and MeViS it achieves the best reported results for video. These findings highlight
diffusion attention as a powerful, general foundation for grounding referring expressions in both
images and videos.
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A largest orange goldfish

filtered stop words 

attention magnets

global attention sinks

argmax

avg attention text-2-text attn.

global attention sinks

segmentation avg attention text-2-text attn.segmentation

with attention magnets w/o attention magnets

global attention sinks

GT segmentation

Input

Figure 1: Global Attention Sinks (GAS) in DiT. We highlight tokens (here, tokens #1 and #16) that
act as GAS in late layers. These tokens allocate disproportionately high and nearly uniform attention
across all text and image tokens simultaneously. GAS are absent in early layers, emerge consistently
in deeper blocks, and serve as indicators of semantic structure. While uninformative themselves, they
can suppress useful signals when they occur on meaningful tokens.

ABSTRACT

Most existing approaches to referring segmentation achieve strong performance
only through fine-tuning or by composing multiple pre-trained models, often at the
cost of additional training and architectural modifications. On the other hand, large-
scale generative diffusion models encode rich semantic information, making them
attractive as general-purpose feature extractors. In this work, we introduce a new
method that directly exploits features, attention scores, from diffusion transformers
for downstream tasks, requiring neither architectural modifications nor additional
training. To systematically evaluate these features, we extend benchmarks with
vision–language grounding tasks spanning both images and videos. Our key insight
is that stop words act as attention magnets: they accumulate surplus attention
and can be filtered to reduce noise. Moreover, we identify global attention sinks
(GAS) emerging in deeper layers and show that they can be safely suppressed or
redirected onto auxiliary tokens, leading to sharper and more accurate grounding
maps. We further propose an attention redistribution strategy, where appended
stop words partition background activations into smaller clusters, yielding sharper
and more localized heatmaps. Building on these findings, we develop REFAM,
a simple training-free grounding framework that combines cross-attention maps,
GAS handling, and redistribution. Across zero-shot referring image and video
segmentation benchmarks, our approach consistently outperforms prior methods,
establishing a new state of the art without fine-tuning or additional components.
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‣ RefAM framework for zero-shot referral segmentation based on DiT


‣ Step forward in understanding semantics in diffusion models through the lens of LLMs


‣ Attention redistribution strategy with attention magnets


‣ SOTA results on zero-shot image an video referral segmentation 
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Empowering Self-Supervised ViT with LLMs
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Leveraging pre-trained LLM representations 
for pure vision tasks
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LLaVa [1]

[1] Visual Instruction Tuning, NeurIPS 2023

[2] SigLIP 2: Multilingual Vision-Language Encoders with Improved Semantic Understanding, Localization, and Dense Features, arxiv

SigLIP 2 [2]

LLMs can process visual information..

IF they are trained jointly with visual encoders on vast data!
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LLaVa [1]

[1] Visual Instruction Tuning, NeurIPS 2023

[2] SigLIP 2: Multilingual Vision-Language Encoders with Improved Semantic Understanding, Localization, and Dense Features, arxiv

SigLIP 2 [2]

LLMs can process visual information..

IF they are trained jointly with visual encoders on vast data!

How can we improve ViT  
with an off-the-shelf LLM?
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Language-unlocked ViT (LUViT)
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Masked Autoencoder (MAE)
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Masked Autoencoder (MAE)



09.10.25  Anna Kukleva  

Language-unlocked ViT (LUViT)

36Language-Unlocked ViT (LUViT): Empowering Self-Supervised ViT with LLMs 

Masked Autoencoder (MAE)



09.10.25  Anna Kukleva  

Language-unlocked ViT (LUViT)
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Masked Autoencoder (MAE)

LUViT

LLM Fusion Block
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Language-unlocked ViT (LUViT)
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LUViT

‣ Effective adaptation of the LLM for pretraining/finetuning

‣ Single MAE objective for training both ViT and LoRA parameters
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Discriminative Visual Tasks
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Table 1: ALViT achieves significantly better Top-1 accuracy (%) in frozen LLM augmented model
setting on IN-1K, drastically improving over the supervised baselines. We also demonstrate signifi-
cantly enhanced robustness across challenging variants (IN-A, IN-SK, IN-V2, IN-R, IN-C). ALViT
consistently outperforms both supervised baselines and the strong MAE-pretrained ViT/B. Each
result denotes the average of 3 random seeds along with associated standard deviations. To obtain the
standard deviations, we reproduced the results of Pang et al. (2023), and provide the original numbers
in gray for reference. Bold indicates the best result.

Training Model IN-1K IN-A IN-SK IN-V2 IN-R IN-C

Supervised-Only ViT/B* 80.6 23.4 31.9 → 43.5 60.2

[LM4Vision] ViT/B+LM1* 81.7 26.9 33.2 → 44.3 62.1

(Pang et al., 2023) ViT/B 79.58±0.81 22.78±3.77 30.61±0.68 67.48±1.07 42.57±1.42 59.73±1.69

ViT/B+LM1 80.50±0.25 23.22±0.80 31.06±0.48 68.69±0.41 41.92±0.57 61.24±0.27

MAE Pretrained ViT/B 83.11±0.09 33.64±0.11 35.69±0.30 72.73±0.21 49.88±0.32 62.86±0.01

ALViT/B (Ours) 83.63±0.04 36.39±0.28 36.36±0.61 73.15±0.02 50.17±0.16 63.44±0.05

+0.52 +2.75 +0.67 +0.42 +0.29 +0.58

reported only with a single seed. The results in Table 1 demonstrate the performance improvements
of our ALViT.

ALViT Outperforms All Baselines. Our ALViT/B model significantly outperforms previous works,
achieving 83.63% top-1 accuracy. This surpasses not only the supervised ViT/B (79.58%) but
also the prior LLM-augmented supervised model, LM4Vision (Pang et al., 2023) (80.50%). More
importantly, ALViT outperforms the strong MAE-ViT/B baseline (83.11%), demonstrating the impact
of our synergistic LLM integration beyond standard MAE pretraining. We note that ALViT is much
more stable between random seeds compared to LM4Vision Pang et al. (2023), as quantified by the
standard deviation between multiple runs. We hypothesize that the gap between our reproductions
and the values reported in Pang et al. (2023) could be attributed to these instabilities.

ALViT Better Leverages LLM Benefits. The MAE-pretrained ViT/B already provides a powerful
visual backbone, outperforming the supervised ViT/B+LM1 (83.11% vs. 80.50% on IN-1K). How-
ever, ALViT builds on this strong foundation consistently and achieves respectable improvements.
The improvements of ALViT over the MAE-ViT baseline (e.g., +0.52% on IN-1K, +2.75% on IN-A)
directly validate our hypothesis: concurrently training the LoRA-adapted LLM block during MAE
pre-training enables the LLM to effectively process and enhance visual features. This joint optimiza-
tion better bridges the modality mismatch, allowing the LLM to contribute semantic knowledge to
the visual task, a benefit not realized by simply pre-training the ViT with MAE alone or even with
extra capacity as shown in Section 4.2.

Enhanced Robustness and Generalization. The advantages of ALViT become even more pro-
nounced on robustness benchmarks. On IN-A, a particularly challenging adversarial dataset, ALViT
achieves a 13.24% improvement over LM4Vision (Pang et al., 2023) and a 2.75% over the MAE-ViT
baseline. ALViT also attains respectable gains over both LM4Vision (Pang et al., 2023) and MAE ViT
baselines on IN-SK (+3.13%, +0.67%), IN-C (+2.20%, +0.58%), and IN-V2 (+4.46%, +0.42%).

With these results, the superior performance over the MAE-pretrained ViT shows that our method of
integrating and adapting the LLM component brings tangible benefits beyond self-supervised visual
pre-training. Second, it shows substantial improvements on robustness benchmarks (especially IN-A).
The results indicate that ALViT successfully leverages the LLM’s knowledge to achieve improved
resilience against out-of-distribution samples which is particularly important for real-world vision
systems. Third, by outperforming previous attempts at LLM-ViT fusion, like LM4Vision (Pang et al.,
2023), ALViT demonstrates the importance of both a strong pre-training paradigm (MAE) and an
efficient adaptation strategy (concurrent LoRA training) to reap the benefits of the LLM block.

4.2 ABLATIONS

In this section, we quantify the importance of the several building blocks of our approach: the pre-
trained LLM representations, the importance of LoRA and their combination with MAE pretraining.
We ablate these components and report the results on Tables 2 & 3 on ImageNet-1K. We present
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(a) ViT/B - Final Block Attention Entropies (b) ALViT/B - Final Block Attention Entropies

Figure 6: Comparison of the image-level average foreground attention entropies vs the image-level
average background attention entropies of (a) MAE ViT/B baseline and (b) our ALViT/B model.
Each point in the plots corresponds to an image on Imagenet-S-919 dataset (Gao et al., 2022). For
83% of the images, ALViT/B has a higher average attention entropy for the background regions,
whereas this number drops to only 44% for the ViT/B baseline.

Table 5: Object detection and instance segmentation results on MS COCO (Lin et al., 2014) dataset.
Bounding box AP values are for the detection results whereas the mask AP values are for the instance
segmentation results. Bold denotes the best result for each setting.

Model Bounding Box Mask
AP AP50 AP75 AP AP50 AP75

MAE ViT/B 50.6 71.0 55.5 44.9 68.2 48.7
ALViT/B (Ours) 51.1 71.5 55.9 45.1 68.8 48.8

+0.5 +0.5 +0.4 +0.2 +0.6 +0.1

baseline across all reported metrics for both object detection and instance segmentation. Specifically,
ALViT/B achieves a bounding box AP of 51.1, an improvement of +0.5 AP over the MAE ViT/B.
For instance segmentation, ALViT/B achieves a mask AP of 45.1 (+0.2 AP improvement), with
notable gains in AP50 (+0.6).

B.2 ADDITIONAL ABLATIONS ON DESIGN CHOICES

In this section, we provide supplementary ablations over several different design choices. Namely,
Section B.2.1 shows that LoRA-adaptation can be more desirable to full finetuning of the LLM
block under limited training set of Imagenet-1K, Section B.2.2 provides additional results using two
LLaMA 1 blocks and finally Section B.2.3 discusses the results under different ranks of LoRA.

B.2.1 ADAPTING VERSUS FULL FINETUNING THE LLM BLOCK

Following the success of LoRA-adapting the LLM block in ALViT, a natural question is what would
the performance look like under full finetuning of the LLM block. To address this question, we
trained a baseline on Imagenet-1K where we left the LLM block completely trainable during both
the MAE pretraining and end-to-end finetuning stages. The results in Table 6 closely mirror the
observations of Pang et al. (2023): The heavyweight LLM transformer block has a tendency to overfit,
and regularizing it is very challenging, resulting in an even worse performance compared to the
baseline with a completely frozen LLaMA 1 block.

B.2.2 ALVIT WITH MORE THAN ONE LLM BLOCK

Most of our explorations in Section 4 with ALViT was around using only a single LLM block.
Another natural question is to ablate over the number of LLM blocks to be included to observe the
possibility of reaping the benefits of the additional pretrained capacity. To investigate this aspect, we
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Table 2: Ablation analysis of ALViT components on ImageNet-1K confirms that ALViT design
choices are essential to achieve the best performance. "Trainable Params" refers to parameters
updated during the final fine-tuning stage, which includes the entire ViT, projections, and LoRA if
present). ViT/B+MLP models are configured to match the trainable parameters of corresponding
LLM-augmented models. Models are MAE pretrained and each result is the average of 3 random
seeds with associated standard deviations. Bold indicates the best result.

Model Trainable Params. IN-1K

(a) ViT/B 86.8M 83.11±0.09

(b) ViT/B+MLP-Proj. Match 92.9M 83.13±0.06

(c) ViT/B+LM1 92.9M 83.13±0.02

(d) ViT/B+MLP-LoRA Match 93.1M 83.21±0.11

(e) ViT/B+Random LM1+LoRA 93.1M 83.25±0.09

(f) ALViT/B (Ours) 93.1M 83.63±0.04

Table 3: Ablation analysis with different LLaMA 1 blocks and different LLMs’ final blocks (LLaMA 1
7B (Touvron et al., 2023a), Gemma 2 9B (Team et al., 2024), LLaMA 3.1 8B (Grattafiori et al., 2024),
rows show that ALViT’s improvements hold across different LLMs, with increasing improvements
towards the final blocks. All experiments had a random seed of 0. Bold indicates the best results.

LLM Type Block Trainable Params. IN-1K

MAE ViT/B N/A N/A 86.8M 83.2

ALViT/B

(a) LLaMA 1 1 93.1M 83.2
(b) LLaMA 1 16 93.1M 83.4
(c) LLaMA 1 31 93.1M 83.5
(d) LLaMA 1 (default) 32 93.1M 83.6

(e) Gemma 2 42 93.1M 83.5
(f) LLaMA 3.1 32 93.1M 83.6
(g) LLaMA 3.1-Instruction 32 93.1M 83.6

more results in Section B.2 on how ALViT performs better compared to a baseline with a trainable
LLM block and an ablation with > 1 LLM blocks.

LoRA Adaptation is Crucial for Leveraging LLM Benefits with MAE Pre-training. Comparing
row (a) and (c) of Table 2, we observe that the frozen LLM variant without any LoRA fine-tuning in
row (c) (83.13% IN-1K) achieves on-par performance with the baseline MAE ViT of row (a) (row a:
83.11% IN-1K). Without adaptation, the LLM block does not benefit from the richer features coming
from the MAE-pre-training. This is in contrast with Pang et al. (2023) where the improvements were
possible without LoRA on a weaker baseline. However, when we introduce LoRA and adapt the
LLM block, as in our full ALViT/B model (row f), performance significantly improves to 83.63%
on IN-1K. This is a clear improvement over both the MAE ViT/B baseline (row a) and the frozen
LLM variant without LoRA (row c). Coupled with our study on multiple random seeds in Table 1,
these results confirm that LoRA-based adaptation is essential for effectively bridging the modality
mismatch and allowing the LLM to use enhanced visual representations.

ALViT’s Gains are Not Merely from Increased Parameters. A critical question is whether ALViT’s
improvements stem from our model design or from an increased number of trainable parameters
introduced by the linear projections and LoRA. To investigate this, we report additional results
with two stronger baselines in Table 2, namely (1) ViT/B+MLP (Proj. Match, row b) and (2)

ViT/B+MLP (LoRA Match, row d). The former’s total trainable parameters (92.9M) match those
of the ViT/B+LM1 (row c), which includes the ViT and the trainable linear projections, whereas the
latter’s total trainable parameters (93.1M) match those of our full ALViT/B model (row f), which
includes the ViT, trainable projections, and trainable LoRA layers.

Comparing row (b) with row (c), the ViT/B+MLP (Proj. Match) performs on-par on IN-1K compared
to the frozen LLM without LoRA. However, the crucial comparison is between our full ALViT/B
model (row f) and its parameter-matched MLP counterpart (row d). ALViT/B achieves 83.63% on
IN-1K, outperforming ViT/B+MLP (LoRA Match) (row d: 83.21% IN-1K) by +0.42% on IN-1K.
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Table 2: Ablation analysis of ALViT components on ImageNet-1K confirms that ALViT design
choices are essential to achieve the best performance. "Trainable Params" refers to parameters
updated during the final fine-tuning stage, which includes the entire ViT, projections, and LoRA if
present). ViT/B+MLP models are configured to match the trainable parameters of corresponding
LLM-augmented models. Models are MAE pretrained and each result is the average of 3 random
seeds with associated standard deviations. Bold indicates the best result.

Model Trainable Params. IN-1K

(a) ViT/B 86.8M 83.11±0.09

(b) ViT/B+MLP-Proj. Match 92.9M 83.13±0.06

(c) ViT/B+LM1 92.9M 83.13±0.02

(d) ViT/B+MLP-LoRA Match 93.1M 83.21±0.11

(e) ViT/B+Random LM1+LoRA 93.1M 83.25±0.09

(f) ALViT/B (Ours) 93.1M 83.63±0.04

Table 3: Ablation analysis with different LLaMA 1 blocks and different LLMs’ final blocks (LLaMA 1
7B (Touvron et al., 2023a), Gemma 2 9B (Team et al., 2024), LLaMA 3.1 8B (Grattafiori et al., 2024),
rows show that ALViT’s improvements hold across different LLMs, with increasing improvements
towards the final blocks. All experiments had a random seed of 0. Bold indicates the best results.

LLM Type Block Trainable Params. IN-1K

MAE ViT/B N/A N/A 86.8M 83.2

ALViT/B

(a) LLaMA 1 1 93.1M 83.2
(b) LLaMA 1 16 93.1M 83.4
(c) LLaMA 1 31 93.1M 83.5
(d) LLaMA 1 (default) 32 93.1M 83.6

(e) Gemma 2 42 93.1M 83.5
(f) LLaMA 3.1 32 93.1M 83.6
(g) LLaMA 3.1-Instruction 32 93.1M 83.6

more results in Section B.2 on how ALViT performs better compared to a baseline with a trainable
LLM block and an ablation with > 1 LLM blocks.

LoRA Adaptation is Crucial for Leveraging LLM Benefits with MAE Pre-training. Comparing
row (a) and (c) of Table 2, we observe that the frozen LLM variant without any LoRA fine-tuning in
row (c) (83.13% IN-1K) achieves on-par performance with the baseline MAE ViT of row (a) (row a:
83.11% IN-1K). Without adaptation, the LLM block does not benefit from the richer features coming
from the MAE-pre-training. This is in contrast with Pang et al. (2023) where the improvements were
possible without LoRA on a weaker baseline. However, when we introduce LoRA and adapt the
LLM block, as in our full ALViT/B model (row f), performance significantly improves to 83.63%
on IN-1K. This is a clear improvement over both the MAE ViT/B baseline (row a) and the frozen
LLM variant without LoRA (row c). Coupled with our study on multiple random seeds in Table 1,
these results confirm that LoRA-based adaptation is essential for effectively bridging the modality
mismatch and allowing the LLM to use enhanced visual representations.

ALViT’s Gains are Not Merely from Increased Parameters. A critical question is whether ALViT’s
improvements stem from our model design or from an increased number of trainable parameters
introduced by the linear projections and LoRA. To investigate this, we report additional results
with two stronger baselines in Table 2, namely (1) ViT/B+MLP (Proj. Match, row b) and (2)

ViT/B+MLP (LoRA Match, row d). The former’s total trainable parameters (92.9M) match those
of the ViT/B+LM1 (row c), which includes the ViT and the trainable linear projections, whereas the
latter’s total trainable parameters (93.1M) match those of our full ALViT/B model (row f), which
includes the ViT, trainable projections, and trainable LoRA layers.

Comparing row (b) with row (c), the ViT/B+MLP (Proj. Match) performs on-par on IN-1K compared
to the frozen LLM without LoRA. However, the crucial comparison is between our full ALViT/B
model (row f) and its parameter-matched MLP counterpart (row d). ALViT/B achieves 83.63% on
IN-1K, outperforming ViT/B+MLP (LoRA Match) (row d: 83.21% IN-1K) by +0.42% on IN-1K.
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Table 2: Ablation analysis of ALViT components on ImageNet-1K confirms that ALViT design
choices are essential to achieve the best performance. "Trainable Params" refers to parameters
updated during the final fine-tuning stage, which includes the entire ViT, projections, and LoRA if
present). ViT/B+MLP models are configured to match the trainable parameters of corresponding
LLM-augmented models. Models are MAE pretrained and each result is the average of 3 random
seeds with associated standard deviations. Bold indicates the best result.

Model Trainable Params. IN-1K

(a) ViT/B 86.8M 83.11±0.09

(b) ViT/B+MLP-Proj. Match 92.9M 83.13±0.06

(c) ViT/B+LM1 92.9M 83.13±0.02

(d) ViT/B+MLP-LoRA Match 93.1M 83.21±0.11

(e) ViT/B+Random LM1+LoRA 93.1M 83.25±0.09

(f) ALViT/B (Ours) 93.1M 83.63±0.04

Table 3: Ablation analysis with different LLaMA 1 blocks and different LLMs’ final blocks (LLaMA 1
7B (Touvron et al., 2023a), Gemma 2 9B (Team et al., 2024), LLaMA 3.1 8B (Grattafiori et al., 2024),
rows show that ALViT’s improvements hold across different LLMs, with increasing improvements
towards the final blocks. All experiments had a random seed of 0. Bold indicates the best results.

LLM Type Block Trainable Params. IN-1K

MAE ViT/B N/A N/A 86.8M 83.2

ALViT/B

(a) LLaMA 1 1 93.1M 83.2
(b) LLaMA 1 16 93.1M 83.4
(c) LLaMA 1 31 93.1M 83.5
(d) LLaMA 1 (default) 32 93.1M 83.6

(e) Gemma 2 42 93.1M 83.5
(f) LLaMA 3.1 32 93.1M 83.6
(g) LLaMA 3.1-Instruction 32 93.1M 83.6

more results in Section B.2 on how ALViT performs better compared to a baseline with a trainable
LLM block and an ablation with > 1 LLM blocks.

LoRA Adaptation is Crucial for Leveraging LLM Benefits with MAE Pre-training. Comparing
row (a) and (c) of Table 2, we observe that the frozen LLM variant without any LoRA fine-tuning in
row (c) (83.13% IN-1K) achieves on-par performance with the baseline MAE ViT of row (a) (row a:
83.11% IN-1K). Without adaptation, the LLM block does not benefit from the richer features coming
from the MAE-pre-training. This is in contrast with Pang et al. (2023) where the improvements were
possible without LoRA on a weaker baseline. However, when we introduce LoRA and adapt the
LLM block, as in our full ALViT/B model (row f), performance significantly improves to 83.63%
on IN-1K. This is a clear improvement over both the MAE ViT/B baseline (row a) and the frozen
LLM variant without LoRA (row c). Coupled with our study on multiple random seeds in Table 1,
these results confirm that LoRA-based adaptation is essential for effectively bridging the modality
mismatch and allowing the LLM to use enhanced visual representations.

ALViT’s Gains are Not Merely from Increased Parameters. A critical question is whether ALViT’s
improvements stem from our model design or from an increased number of trainable parameters
introduced by the linear projections and LoRA. To investigate this, we report additional results
with two stronger baselines in Table 2, namely (1) ViT/B+MLP (Proj. Match, row b) and (2)

ViT/B+MLP (LoRA Match, row d). The former’s total trainable parameters (92.9M) match those
of the ViT/B+LM1 (row c), which includes the ViT and the trainable linear projections, whereas the
latter’s total trainable parameters (93.1M) match those of our full ALViT/B model (row f), which
includes the ViT, trainable projections, and trainable LoRA layers.

Comparing row (b) with row (c), the ViT/B+MLP (Proj. Match) performs on-par on IN-1K compared
to the frozen LLM without LoRA. However, the crucial comparison is between our full ALViT/B
model (row f) and its parameter-matched MLP counterpart (row d). ALViT/B achieves 83.63% on
IN-1K, outperforming ViT/B+MLP (LoRA Match) (row d: 83.21% IN-1K) by +0.42% on IN-1K.
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ViT/B ALViT/B (Ours)
Attn. Entropy Patch Norm Attn. Entropy Patch Norm

Figure 2: ALViT simultaneously exhibits lower attention entropies and higher patch norms for
informative foreground regions across the images. Brighter colors indicate patches with high attention
entropy and/or patches with higher norm.

(a) ViT/B - Final Block Attention Entropies (b) ALViT/B - Final Block Attention Entropies

Figure 3: Comparison of the image-level averaged foreground attention entropies vs background
attention entropies of (a) MAE ViT/B baseline and (b) our ALViT/B model. Each point in the plots
corresponds to an image on Imagenet-S-300 (Gao et al., 2022). ALViT/B has a higher attention
entropy for the backgrounds for 83% of the images, and ViT/B has a higher attention entropy for the
backgrounds for only 43%, resulting in ViT/B missing critical, information-rich foreground signals.

Thus, these results quantify that the improvements of ALViT are not simply due to additional training
capacity but a direct consequence of our design choices.

Pretrained LLM Features are Essential for ALViT ’s Gains. Furthermore, to isolate the effects of
architectural biases of appending an LLM block, we benchmarked another stronger baseline in Table
2, namely ViT/B+Random LM1+LoRA (row e), identical to ALViT architecturally, only with a
randomly-initialized and LoRA-adapted LLaMA 1 block. Echoing our observations from additional
capacity ablations, ViT/B+Random LM1+LoRA only achieves on-par performance (row e: 83.25%
IN-1K) with ViT/B+MLP (LoRA Match), significantly falling behind ALViT.

ALViT’s Gains Are Robust with Different LLM Blocks and LLMs. We showcase how ALViT’s
gains remain robustly high for a range of different LLM blocks in Table 3. Particularly in Table 3,
we replace the default LLM block (LLaMA 1, 32nd) of ALViT with different blocks of LLaMA 1
and final blocks of different LLMs (Gemma 2 (Team et al., 2024), and LLaMA 3.1 (Grattafiori et al.,
2024)). Along with a clear trend of improvement as the block index gets closer to the final block
(rows a-d), the performance of ALViT remains largely invariant with the final blocks of different
LLMs (rows e-g). These results establish that the architectural biases alone cannot account for
the performance gains of ALViT, and the pretrained LLM representations are fundamental for the
performance of ALViT.

5 ON THE BACKGROUND ROBUSTNESS OF ALVIT
In this section, we establish an intriguing connection between the background robustness and
the improved performance by our ALViT models, after analyzing the attention entropy patterns.
Previously, Pang et al. (2023) hypothesized that frozen LLM block could be acting as a filter,
amplifying the final contributions of the informative tokens as part of their information filtering
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Table 4: Top-1 accuracy results of MAE pretrained models on Imagenet-9 adversarial backgrounds
benchmark. The final three columns highlight the top-1 accuracy gap between different splits, a
lower-better measure as denoted by the arrow →. Bold denotes best results.

Model Original Same Random Orig.-Same→ Orig.-Rand.→ Same-Rand.→

MAE ViT/B 96.5 87.8 83.2 8.7 13.3 4.6
ALViT/B (Ours) 96.6 89.2 85.3 7.4 11.3 3.9

+0.1 +1.4 +2.1 ↑1.3 ↑2.0 ↑0.7

hypothesis. However, Pang et al. (2023) did not provide detailed discussions on the attention patterns,
as they found the attention weights to be too noisy to provide insightful conclusions. We aim to
bridge this gap and providing deeper insights on how ALViT performs the information filtering.

ALViT Exhibits More Focused Attention Patterns. We improve upon Pang et al. (2023)’s initial
explorations and analyze the attention entropies of both the MAE ViT and our ALViT, thereby
decrypting the previously under-explored attention patterns of ViTs utilizing LLM blocks. In
particular, we quantify attention entropies through taking the post-softmax entropy of each row of
the attention matrix, where each row corresponds to a spatial location on the feature map.Formally,
denoting the input as X ↓ RTxd, and the query and key projection matrices as WQ ↓ Rdxdk ,WK ↓

Rdxdk , the post-softmax attention matrix with its row-wise entropies are given by:

A = softmax

[
WQ ·WT

K
↔
d

]
, H(Ai) = ↑

T∑

j=1

Ai,j log(Ai,j). (2)

We visualize the attention entropies on both image-level (Figure 2) and dataset-level on the Imagenet-
S-300 dataset (Gao et al., 2022)(Figure 3). To achieve the dataset-level visualizations, we map the
mask annotations of Imagenet-S-300 down to the resolution of our feature maps, and construct a
binary mask to distinguish the foreground regions from the background regions. Then, we average
the entropies of tokens belonging to the foreground vs background for each image.

In Figures 2 & 3, we observe a clear contrast between the attention entropies for the background and
foreground regions for ALViT, with the majority of the samples having significantly higher attention
entropy for the background regions. On the other hand, the average attention entropies are indifferent
to background/foreground regions for the MAE ViT/B, highlighting its deficiency in differentiating
informative regions from others. Finally, we present more visualizations in Section A.

ALViT is More Robust Against Adversarial Backgrounds. Inspired by these observations in the
attention patterns, we benchmark our ALViT against the MAE ViT/B baseline on the challenging
Imagenet-9, previously described in Section 4. Results in Table 4 show that the gains of ALViT
significantly increase as the altered backgrounds become more challenging. In particular, for Mixed

Random & Mixed Same, ALViT/B improves the performance by +2.1 and +1.4. Finally, ALViT has
significantly improved performance gaps between the original and background-altered splits, with
gains reaching up to 2.0.

6 CONCLUSION

In this work, we introduce Adapted-Language Vision Transformers (ALViT), a training framework
that brings the semantic knowledge learned by text-only pre-trained LLM blocks into discriminative
vision models. Our core contribution lies in a synergistic pre-training strategy: we leverage Masked
Auto-Encoding (MAE) to learn rich visual representations from the ViT, while concurrently training
Low-Rank Adaptation (LoRA) layers within an LLM block using the same MAE objective. This
joint optimization process is crucial, guiding the ViT to produce LLM-friendly features while
simultaneously enabling the LLM to effectively enhance these visual features with its vast semantic
knowledge. Our comprehensive experiments demonstrate ALViT’s efficacy. In image classification
benchmarks, ALViT not only greatly pushes the frontier under its setting, but also shows a greatly
improved robustness to domain shifts compared to strong baselines, including MAE ViTs. We show
that while MAE pre-training provides a vital foundation, the LoRA-based adaptation of the LLM
block, trained in tandem, is essential for unlocking performance gains. ALViT offers an effective and
parameter-efficient pathway to harness the extensive knowledge of pre-trained LLMs for vision tasks.

9

Background Overreliance Benchmark 
Image Classification on Imagenet-9

LUViT
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Conclusion

45 RefAM: Attention Magnets for Zero-Shot Referral Segmentation

‣ Pretrained LLMs can be helpful even for purely self-supervised visual representations


‣ SSL with MAE and LoRA is the recipe to leverage LLMs


‣ LLM block amplifies informative foreground and attenuates reliance on background
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Learning from Web Data (Pretraining)

47HowToCaption: Prompting LLMs to Transform Video Annotations at Scale

https://www.youtube.com/watch?v=WVAtJ_lzGVU
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Narrated Videos
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✓ Dense textual annotations through ASR narrations

✓ Can be collected on a large scale with no human supervision

- ASR narrations includes noise: incomplete sentences, filler words and phrases, such as “I’m going to”, etc. 

- Alignment of spoken text to the video is very noisy (might be temporal unaligned to video, or completely 
unrelated)

so in order to get started we have to 
have our patient here skeeter my dog 
and we’re going to get some 
toothpaste and it's going to be 
something that she really likes

00:15

so this is a chicken 
flavored toothpaste 
which she thinks is 
pretty delightful

okay and then 
we're just going 
to get any old 
toothbrush

they make dog toothbrushes 
but you can just get a soft 
children's toothbrush or adult 
toothbrush for a large dog


so we're going to focus here on 
the outside edges of the front 
teeth and the canine teeth

00:24

ASR 
subtitles:

00:31 00:35 00:44

HowToCaption: Prompting LLMs to Transform Video Annotations at Scale
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Narrated Videos for Large-scale Pretraining
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Use LLM to transform ASRs into proper aligned captions 

Text 
Encoder

Video 
Encoder

Joint embedding space

6s: In order to get started we 
have to have our patient 
skitter my dog here …. 
10s: …

HowToCaption: Prompting LLMs to Transform Video Annotations at Scale
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HowToCaption Method
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6s: In order to get started we 
have to have our patient 
skitter my dog here …. 
10s: …

Post-
processing

8s: Speaker prepares 
demonstration with the 
dog and toothpaste

Generated captions:ASR + timestamps: LLM

Carefully 
designed 
prompt

HowToCaption: Prompting LLMs to Transform Video Annotations at Scale
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HowToCaption — Method

4s: hi my name's 
adam pickett

6s: i'm head chef at 
plateau restaurant in 
canary wharf and i'm 
going to show you 
how to roast carrots

12s: so the actual 
carrots have lots of 
sugar inside ….

64s: they're going to 
take about 15 minutes 
if you've got a larger 
carrot

67s: obviously they're 
going to take a bit 
longer

69s: so i'm removing 
my carrots from the 
oven …

A chat between a curious human and an 
artificial intelligence assistant. The assistant 
gives helpful, detailed, and polite answers to 
the human's questions. 
###Human:  
I will give you an automatically recognized 
speech with timestamps from a video 
segment that is cut from a long video. Write a 
summary for this video segment. Write only 
short sentences. Describe only one action per 
sentence. Keep only actions that happen in 
the present time. Begin each sentence with an 
estimated timestamp. Here is this 
automatically recognized speech:  
<ASR with timestamps> 
###Assistant:

Vicuna-13B

Main prompt for LLM

Our prompt consists 
of a task introduction 
(sent1, sent2), 
detailed instructions 
about desired 
captions (sent3, 
sent4, sent5), requests 
for timestamps 
(sent6), and input of 
ASR subtitles (sent7, 
ASR).

ASR + timestamps:Input video: Pre-trained Large Language Model:
4s: Adam Pickett 
introduces himself as 
the head chef at 
Plateau Restaurant in 
Canary Wharf.

6s: He shows how to 
roast carrots.

12s: The carrots’ 
sugars will 
caramelize, giving 
them a lovely …

64s: The person is 
preparing carrots.

67s: The carrots will 
take longer to cook.

69s: The person is 
removing the carrots 
from the oven. 
78s: The carrots are 
ready to be served.

…

Generated captions:

64s: The person is 
preparing carrots

Post-processing:

Text encoder*

Vi
de

o 
en

co
de

r*

64s

+ 
n 

se
c

- n
 s

ec

Cosine 
similarities  
(sims)

 update timestampsmax(sims) ≥ th ⟶ ✓
 discard captionmax(sims) < th ⟶ ×

Re-align new captions

HowToCaption: Prompting LLMs to Transform Video Annotations at Scale
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HowToCaption — The Dataset
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ASR:      move them around to help direct the path

Caption: Matt Swanson gives a tip to use 
  buckets to direct the path of the ball

ASR:      so it's not going to really show

Caption: Making a bow with two colors

HowToCaption: Prompting LLMs to Transform Video Annotations at Scale
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HowToCaption Method
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Speaker prepares 
demonstration with the 
dog and toothpaste

Text 
Encoder

Video 
Encoder

Joint embedding space

Better embedding 
space

HowToCaption: Prompting LLMs to Transform Video Annotations at Scale
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HowToCaption Results
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12 N. Shvetsova et al.

Table 5: Zero-shot text-to-video retrieval performance of models trained on
different video-text datasets. For each dataset, we train our T-V model and report
downstream performance.

Video-Text Training Data YouCook2 MSR-VTT MSVD LSMDC
R1 R5 R10 MR R1 R5 R10 MR R1 R5 R10 MR R1 R5 R10 MR

- (zero-shot, with BLIP initialization) 6.1 16.2 23.6 69 34.3 59.8 70.6 3 38.5 65.0 74.0 2 14.7 29.5 36.5 31
HowTo100M with ASRs [17] 12.2 29.1 39.3 20 30.8 52.6 61.7 5 39.2 68.3 77.1 2 12.9 24.7 31.5 56
HowTo100M with distant supervision [31] 8.3 21.5 30.3 34 28.6 54.0 66.3 5 38.5 68.6 79.4 2 12.1 24.7 32.4 42.5
HTM-AA (auto-aligned ASRs) [17] 13.4 32.2 43.5 15 29.8 54.1 64.3 4 38.7 68.6 78.7 2 11.9 23.9 30.5 46
HowToCaption (ours) 13.4 33.1 44.1 15 37.6 62.0 73.3 3 44.5 73.3 82.1 2 17.3 31.7 38.6 29

VideoCC3M [39] 5.3 15.1 21.7 84 33.9 57.9 67.1 4 39.6 66.7 76.8 2 14.8 29.4 35.8 33
WebVid2M [4] 7.3 20.7 29.0 46 38.5 61.7 71.9 3 44.5 73.4 82.1 2 17.8 31.2 39.8 25

Table 6: Zero-shot text-to-video retrieval performance of models trained on
different video-text datasets. For each dataset, we train our T-V model and report
downstream performance.

Video-Text Training Data YouCook2 MSR-VTT MSVD LSMDC
R10" MR# R10" MR# R1 R5 R10 MR R1 R5 R10 MR

- (zero-shot) 23.6 69 70.6 3 38.5 65.0 74.0 2 14.7 29.5 36.5 31

HowTo100M with ASRs 39.3 20 61.7 5 39.2 68.3 77.1 2 12.9 24.7 31.5 56
HowTo100M with dist. sup. 30.3 34 66.3 5 38.5 68.6 79.4 2 12.1 24.7 32.4 42.5
HTM-AA (auto-aligned) 43.5 15 64.3 4 38.7 68.6 78.7 2 11.9 23.9 30.5 46
HowToCaption (ours) 44.1 15 73.3 3 44.5 73.3 82.1 2 17.3 31.7 38.6 29

VideoCC3M 21.7 84 67.1 4 39.6 66.7 76.8 2 14.8 29.4 35.8 33
WebVid2M 29.0 46 71.9 3 44.5 73.4 82.1 2 17.8 31.2 39.8 25

happen in the present time” also results in performance enhancements. Further-
more, structuring the task description at the beginning and presenting the data
to be processed at the end (the final modification) also boosts performance. We
provide more ablations on prompt engineering in the supplement.

We also examine the impact of leveraging a longer context for caption predic-
tion. In Tab. 2, we compare caption generation with “no context”, where captions
are predicted from individual ASR subtitles. With our “long context” option, we
input multiple ASR subtitles with their timestamps, and the model predicts
both captions and timestamps based on longer context. We found that using a
longer context is beneficial, resulting in an average improvement of 0.6 p.p. in
R10, and particularly advantageous for YouCook2 and MSVD.

Alignment & Filtering. Further, we assess the impact of the proposed align-
ment & filtering procedure on the quality of captions of the acquired dataset
in Tab. 4. We examine the performance of the T-V model when trained on
differently post-processed versions of the dataset. Remarkably, we discover that
the obtained video-caption pairs, even without any post-processing, significantly
outperform the original ASR-based supervision. Subsequently, by employing the
alignment and filtering procedure to leave only 25M pairs based on video-caption
similarities derived from BLIP pre-trained weights, we achieve a notable perfor-

HowToCaption: Prompting LLMs to Transform Video Annotations at Scale
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• Framework to obtain a large-scale high-quality text-video dataset

‣ No human supervision needed 
‣ Only noisy ASR as input

‣ Aligning&Filtering improves the quality even further


• HowToCaption-dataset  
‣ 25M aligned text-video pairs

‣ human-style captions

HowToCaption: Prompting LLMs to Transform Video Annotations at Scale
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What would be next unconventional way to leverage LLMs?

Thanks!


