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(a) A scene from SemanticKITTI with its GT semantic segmenta-
tion (1st column) showing that our method S- 2:0 � T {1,2,3} (3rd
column) can segment cars (blue), side-walks (brown) and drivable
area (pink) better than the supervised baseline based on Cylinder3D
(2nd column). Correct and incorrect segmentation are indicated by
green Xand red 7 respectively. Both methods utilize 20% of human-
labeled data.

(b) A scene from Argoverse showing that student S- 5:0 �T {3,4,5}

can be robust to severe occlusions. Some of the rightly detected
boxes do not contain GT vehicle points since they correspond to
vehicles occluded in the current frame and partially occluded in the
past frames, as it can be observed in the ring of camera images.
While they are hard to detect due to the small number of points,
our student succeeds in detecting them thanks to the knowledge
distilled by the Concordance of teachers.

Fig. 5: Qualitative results. Examples of (a) 3D semantic segmentation and (b) object detection.

threshold (CT) for all pseudo-samples. The comparison is
depicted in Fig. 6. Models with the proposed selection criterion
outperform models with only CT across different confidence
thresholds.

Fig. 6: Ablation on PL’s selection strategies. Detection
performance as a function of threshold ✓ and influence of
our proposed confidence-guided criterion over the standard
confidence-based threshold (CT) [19], [39], [33]

VI. CONCLUSION

We propose a novel pseudo-labeling framework that lever-
ages spatio-temporal information from unlabeled sequences
of point clouds. We demonstrated its merit in two 3D per-
ception tasks on publicly available datasets. The reported
performance gains stem from: (i) A better selection of the
final pseudo-labels via the concordance of multiple teachers
operating at different temporal ranges; (ii) A novel pseudo-
label confidence-guided criterion. Thanks to the privileged
information available in the different temporal ranges, the
Concordance of teachers delivers strong pseudo-labeled sam-
ples. Using manual labeling of only 20% of training data,
our method achieves state-of-the-art performance in semi-
supervised 3D semantic segmentation and competes even with
methods that use the full set of labels on this task. By the na-
ture of our pseudo-labeling framework, the proposed approach
is complementary to other techniques that use sequential data,

and can thus be combined with them to further boost the
performance.
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