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Figure 1. Illustration of class granularity divergence for vehicle-related labels across Waymo, Cityscapes, and nulmages. Waymo uses

broad classes, while nulmages is the most fine-grained.

1. Additional Discussion

1.1. Scaling Label-Aligned Transfer

LAT adopts a modular multi-stage pipeline designed for
flexible dataset integration. In the first stage, an object de-
tector is trained independently for each of the N datasets,
scaling linearly with N and enabling parallel training. In the
second stage, pseudo-labels are generated by running each
model on the remaining N-1 datasets, resulting in N(N-1)
inference passes. While this introduces quadratic scaling in
pre-processing, the computation is parallel and easily dis-
tributed.

This design provides two key benefits: (1) it preserves
dataset-specific annotation conventions before unification.
(2) it allows components to be updated independently with-
out retraining the entire system. We view this overhead as
a strategic trade-off for high-fidelity label transfer, particu-
larly suited for scenarios involving an intermediate number
of datasets. While scaling beyond this range may pose chal-

lenges, these are confined to the training phase. A key ad-
vantage of LAT is that it introduces no additional overhead
at inference time, once trained, the downstream detector op-
erates with standard runtime efficiency.

2. Additional Experimental Details & Experi-
ments

2.1. Additional Details on Benchmarks

Cityscapes <> nulmages <+ Waymo. To complement the
main paper, Figure | visualizes how the three datasets di-
verge in label granularity, using the vehicle super-class as
an example. Waymo collapses multiple fine-grained cate-
gories into a single vehicle label, while nulmages introduces
highly specific subclasses, and Cityscapes adopts an inter-
mediate taxonomy. This structural mismatch illustrates why
semantic alignment across these datasets is non-trivial. Fol-
lowing the main setup, we use 3,000 images per dataset for
controlled evaluation.



DATASET

METHOD MODEL METHOD Cityscapes nulmages Waymo
Baseline YOLO - 53.9 37.1 45.6
LAT YOLO  Label Transfer 59.1 37.6 47.2

Table 1. YOLO-based downstream detectors in class-divergent setting. LAT consistently improves performance even with a single-stage

detector like YOLO.
DATASET
METHOD MODEL METHOD Cityscapes ACDC BDDI00K SHIFT
Baseline YOLO - 53.9 41.4 56.0 64.2
LAT YOLO Label Transfer 57.9 42.1 50.1 60.1
LAT (Long Train) YOLO  Label Transfer 58.2 43.7 56.4 64.2

Table 2. YOLO-based downstream detectors in small-large dataset setting. ACDC sees large gains under LAT, replicating trends seen with

FRCNN and RT-DETR.

2.2. Experimental Set-up

We implement LAT using the FRCNN [6] framework built
on Detectron2 [8]. DINOv2 [5] is employed as a frozen fea-
ture extractor with pre-trained weights. In our PPG module,
random jittering and ground-truth label removal are applied
at rates of 0.5 and 0.05, respectively. LAT is trained for
30,000 iterations using a learning rate of 0.2 and a batch
size of 4 on a single RTX 3090 GPU.

For downstream training, we use a FRCNN model with
a modified weighted cross-entropy loss, where the weight
is derived from the confidence score of the pseudo-label.
This model, as well as the initial pseudo-label generation
model, is trained for 50,000 iterations with a fixed learning
rate of 0.2 and a batch size of 16. In addition, we train RT-
DETR and YOLOvV11 models as our downstream detector
for comparisons to more modern detectors as compared to
FRCNN. These detectors are trained for 300,000 iterations
with a batch size of 64. AdamW is used as the optimizer
with a learning rate of 0.001 and momentum of 0.9. All
downstream models are trained using four NVIDIA RTX
3090 GPUs.

2.3. results

Consistent performance on YOLOv11. We conduct ad-
ditional experiments using YOLOV11 [3] to verify that the
performance gains from LAT’s refined pseudo-labels are
not tied to a specific model architecture. As shown in
Table | and Figure 2, LAT-trained labels consistently im-
prove performance on YOLOvVI11, complementing the re-
sults already demonstrated with FRCNN and RT-DETR in
the main paper. This confirms that the benefits of LAT gen-
eralise across detectors, demonstrating its effectiveness as a
model-agnostic label transfer framework.

Performance on simpler transfer protocols. We com-
pare our method to LGPL [4] in Table 3, using the synthetic-
to-real transfer setting from Synscapes [7] to Cityscapes [2].
We consider this a simpler transfer scenario, as both
datasets share identical class labels and exhibit similar se-
mantic structures. Moreover, the setup involves a one-to-
one label space transfer, reducing the need for LAT’s full
design capabilities, such as many-to-one label alignment
and the performance gains that emerge from integrating
multiple source datasets. Nevertheless, LAT matches the
performance of the state-of-the-art LGPL method, demon-
strating its effectiveness even under minimal transfer com-
plexity. We note that LGPL results are reported directly
from the original paper using mAP@[.5:.95] as a metric, as
public code was not available at the time of writing.

Qualitative results: LAT mitigates pseudo-label noise.
We illustrate LAT’s effectiveness in addressing pseudo-
label noise in Figures 3,4, and5. Each figure presents three
columns: the first shows initial pseudo-labels from the up-
stream detector in the target label space; the second shows
LAT-refined pseudo-labels in the same label space; and the
third displays the ground-truth annotations in the original
source label space. Note that class names may differ be-
tween the pseudo-labels and ground-truth columns due to
label space discrepancies.

Class-aware context is critical for robust aggregation.
Table 4 ablates the aggregation module used in SFF. Re-
moving SFF entirely leads to the largest drop, reducing per-
formance from 60.1 AP to 57.9 AP, confirming that cross-
proposal aggregation is a key component of LAT. Among
the two branches, the visual-context (VC) path contributes
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Figure 2. LAT is able to identify and remove false pseudo-labels (top

(bottom row) from inaccurate pseudo-labels.

Model Def-DETR  Faster RCNN
Baseline 32.9 38.7
Pseudo-Label 30.7 36.9
Pseudo-Label + Filtering  33.0 39.1
LGPL [4] 34.5 39.7
LAT 34.7 39.6

Table 3. Performance on Synscapes — Cityscapes (1:1 transfer).
LAT matches the performance of state-of-the-art LGPL despite the
simpler one-to-one transfer setup.

CITYSCAPES
Full Model 60.1
No SC Weighting 59.8
VC Only 59.5
VC Pre-Logit 59.0
VF Only 58.2
No Attention 57.5

Table 4. Ablation of SFF on Cityscapes. Removing SFF en-
tirely causes the largest drop, confirming the importance of cross-
proposal aggregation. The visual-context (VC) branch is more ef-
fective than the visual-feature (VF) branch, and using class scores
as context performs better than using pre-logit features, supporting
the value of class-aware semantic context.

more strongly than the visual-feature (VF) path: VC Only
achieves 59.5 AP, while VF Only reaches 58.2 AP. This
suggests that class-informed contextual transfer is more ef-
fective than feature-only self-attention for aligning hetero-
geneous label spaces. Replacing class-score context with
pre-logit features also lowers performance, from 60.1 AP

LAT Pseudo-labels

row) and correct the classification and bounding box of an object

to 59.0 AP, indicating that semantically explicit class-score
signals are more useful than generic feature-space con-
text. Finally, removing score-confidence weighting causes
a smaller drop to 59.8 AP, showing that confidence-aware
gating provides an additional robustness benefit. Overall,
the best performance is obtained when both branches, class-
score context, and score-confidence weighting are used to-
gether.

Label Transfer improves robustness to noisy supervi-
sion. We observe that detectors trained on LAT-generated
labels consistently outperform those trained on standard
pseudo-labels. This highlighting LAT’s ability to miti-
gate noise introduced during pseudo-label generation. This
robustness stems from LAT’s integration of ground-truth
annotations and multi-source pseudo-labels, allowing the
model to resolve both semantic and spatial inconsisten-
cies. Figure 2 demonstrates this and we provide additional
qualitative examples where LAT corrects various forms of
pseudo-label noise, including missing annotations, misclas-
sified or misaligned boxes, and false positives in the supple-
mentary materials.

TIDE [1] shows that pseudo-label supervision improves
recall, while LAT makes it more reliable. Compared
with Target Only training, both Pseudo-labels and LAT sub-
stantially reduce omission errors on Cityscapes, with Miss
dropping from 24.66 to 15.73 and 15.80, and FalseNeg de-
creasing from 36.22 to 28.56 and 28.21, respectively. This
indicates that transferred supervision mainly improves re-
call by recovering previously missed objects. At the same
time, LAT produces more reliable supervision than standard
Pseudo-labels, reducing Cls from 6.39 to 5.40 dAP, Bkg
from 1.80 to 1.65 dAP, Both from 1.45 to 1.25 dAP, and



Error Type Target Only Pseudo-labels LAT

Miss 24.66 15.73 15.80
Loc 5.17 6.78 6.83
Cls 5.68 6.39 5.40
Bkg 1.24 1.80 1.65
Both 1.09 1.45 1.25
Dupe 0.01 0.06 0.05
FalseNeg 36.22 28.56 28.21
FalsePos 7.04 9.56 8.79

Table 5. TIDE error analysis on Cityscapes. Values are dAP, where
lower is better. Pseudo-label supervision methods strongly reduces
recall-related errors compared with Target Only training, while
LAT preserves these gains and achieves the lowest classification
and false negative errors overall.

FalsePos from 9.56 to 8.79 dAP, while maintaining simi-
lar localization error. Overall, TIDE suggests that pseudo-
labeling provides the main recall gain, and LAT improves
its reliability by suppressing part of the noise introduced by
naive pseudo-labels.
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Figure 3. Qualitative results of Cityscapes target label space in class-divergent setting with nulmages dataset. Row 1: LAT recovers
truck instances missing from initial pseudo-labels. Row 2: LAT refines truck bounding boxes and detects small objects. Row 3: LAT
recovers heavily obscured cars. Row 4: LAT detects pedestrians omitted by upstream pseudo-labels. Row 5: LAT identifies foreground
and background trucks. Row 6: LAT recovers vehicles under adverse weather conditions (rain).
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Figure 4. Qualitative results of nulmages target label space in class-divergent setting with Cityscapes dataset. Row 1: LAT detects an
occluded pedestrian missed by initial pseudo-labels. Row 2: LAT corrects noisy human-annotated ground-truth. Row 3: LAT removes an
erroneously predicted car from initial pseudo-labels. Row 4: LAT recovers a bus instance omitted by the upstream model. Row 5: LAT
refines pedestrian bounding box and corrects its class label. Row 6: LAT recovers small-scale pedestrian and bicycle instances.
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Figure 5. Qualitative results of nulmages target label space in class-divergent setting with Waymo dataset. Row 1: LAT detects background
pedestrians and vehicles under adverse nighttime conditions. Row 2: LAT detects both foreground pedestrians and background vehicles at
night. Row 3: LAT recovers multiple vehicles in rainy nighttime scenes. Row 4: LAT detects vehicles and pedestrians in rainy conditions.
Row 5: LAT recovers multiple vehicle instances in rain. Row 6: LAT detects a pedestrian in an uncommon pose.
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