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• When encountering new data from local environments, agents face substantial real-world generalization
challenges. It is imperative to equip agents with autonomous learning (training) capabilities to ensure
adaptability while minimizing human supervision.

What is it？ Don’t bother me.

Obtaining sufficient human-annotated labels 
can often be challenging at the edge!

Mobility Helps Learning: Background

Uber's self-driving vehicle caused a fatal 

accident since it classified a pedestrian as 
an “other object”
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• How can we adapt the model 
without human annotations?

Mobility Helps Learning: Background

3



• The high-confidence predictions (on the right) can serve 
as pseudo labels to guide model adaptation over 
samples with lower confidence (on the left). 

“We must perceive in order to move, but we must also move in order to perceive.”    
--- J.J Gibson

• Average entropy and classification accuracy versus the distance 
for two classes of objects, i.e., barriers and motorcycles, in the 
nuScenes dataset with a pre-trained ResNet-50 model. 

Mobility Helps Learning: Motivation
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Mobility Helps Learning: Challenges & Diagram

Our idea: during mobility, “good” observations can serve 
as pseudo labels for model adaptation.

Challenges: highly influenced by pseudo-label quality.
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❑ Reliability-Weighted Pseudo-Label Construction

• Information filter-based sequence-level pseudo-label construction

❖ Assumption 1. We assume that the logits predictions for the same object 𝑖 across different views can be modeled 

as noisy observations of a latent semantic state. Specifically, the logit vector 𝐳𝑖,𝑙 ∈ 𝑅𝐶 for frame 𝑙 is formulated as

𝐳𝑖,𝑙 = 𝐬𝑖 + 𝝐𝑖,𝑙 , 𝝐𝑖,𝑙 ∼ 𝒩 𝐛𝑖,𝑙 , 𝜎
2 𝑑𝑖,𝑙 , 𝑢𝑖,𝑙 𝐈 ,

where 𝐬𝑖 is the true semantic state and 𝝐𝑖,𝑙 is noise. The mean of the noise 𝐛𝑖,𝑙 captures prediction bias,  while its 

variance 𝜎2 𝑑𝑖,𝑙 , 𝑢𝑖,𝑙 is conditioned on a mobility factor 𝑑𝑖,𝑙 (e.g., distance) and an uncertainty score u𝑖,𝑙.

Pseudo-Label Construction

• How can we construct good pseudo-labels?
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❖ Lemma 1. The stochastic posterior variance Σ𝐿 = σ𝑙=1
𝐿 𝜎𝑙

−2 −1
of the filtered 

prediction is lower than that of any individual observation: Σ𝐿 < min
1≤𝑙≤𝐿

𝜎𝑙
2 .

❖ Proposition 1. Assume 𝐛𝑙 = 𝟎, the misclassification upper bound of the filtered 
pseudo-label 𝑦𝑡 is lower than that of the single best prediction 𝑦𝑏𝑒𝑠𝑡:

𝑃 𝑦𝑡 ≠ 𝑐⋆ ≤ ෍

𝑐≠𝑐⋆

exp −
Δ0,𝑐
2

4Σ𝐿
< ෍

𝑐≠𝑐⋆

exp −
Δ0,𝑐
2

4𝜎𝑏𝑒𝑠𝑡
2 ,

where 𝑐⋆is the ground-truth class, and 𝑦𝑏𝑒𝑠𝑡denotes the prediction from the single 

best observation corresponding to the minimum variance 𝜎𝑏𝑒𝑠𝑡
2 = min

1≤𝑙≤𝐿
𝜎𝑙
2 .

Mobility Helps Learning: Theoretical Analysis
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• Discrepancy score between the filtered pseudo-
label and the individual prediction

ℎ𝑖,𝑙 = 𝑙 𝑦𝑖
𝑡, 𝑓 𝑥𝑖,𝑙 ,

where ℓ denotes the loss (e.g., cross-entropy). 

• We then construct sampling probabilities

Accordingly, we select m samples from the dataset, 
forming the selected dataset 𝒳𝓂 .

• How can we select the most informative samples and ensure 
unbiased learning?

Informative Sampling and Weighting

Informative Sampling 

• Calculating weights 𝑤𝑓 𝑥

• Weights Ƹ𝑝 𝑥 and መ𝑑𝑓 𝑥 are estimated via the k-NN 

method using a public dataset.

• The k-NN approach introduces approximation errors.

• The weighted empirical risk

Weighting for Debiasing

Weights calculation

Frames that ``disagree'' with the filtered pseudo-label 
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❖ Proposition 2. Assume that 𝒳𝓂 is drawn from the induced distribution ෨𝑄𝑡, 
then we have 𝐸 𝑅𝑤 𝑓 = 𝑅 𝑓 .

❖ Proposition 3. The weighted empirical risk estimator, given by ෠𝑅 ෥𝑤 𝑓 =
1

𝑚
σ𝑥∈𝒳𝓂

෥𝑤𝑓 𝑥 ℓ 𝑦𝑡 𝑥 , 𝑓 𝑥 satisfies: 
𝐸 ෠𝑅 ෥𝑤 𝑓 − 𝑅 𝑓 ≤ 𝐸𝑥∼ ෨𝑄𝑡

෥𝑤𝑓 𝑥 ℓ 𝑦, 𝑓 𝑥 𝑝 𝑥 𝑑𝑓 𝑥 − 1 − Ƹ𝑝 𝑥 መ𝑑𝑓 𝑥 − 1

+ 𝐸𝑥∼ ෨𝑄𝑡
෥𝑤𝑓 𝑥 − ෝw𝑓 𝑥 1 + Ƹ𝑝 𝑥 መ𝑑𝑓 𝑥 − 1 ℓ 𝑦, 𝑓 𝑥 .

Generalize (estimation error)

Mobility Helps Learning: Theoretical Analysis
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Table 1: Performance in the Boston Seaport scenario on the nuScenes dataset under varying pre-trained 
model accuracy (i.e., 75%, 70%, and 65%). The value in the bracket represents the standard deviation. 

Mobility Helps Learning: Numerical Results
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Table 2: Per-class test accuracy in the Boston Seaport scenario on the nuScenes dataset. Pre-trained accuracy for 
the Boston scenario is 70%. → represents that the performance remains the same with the pre-trained model.

Mobility Helps Learning: Numerical Results
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Key Takeaways 

❑ Movement itself can serve as source of supervision. Movement provides multiple predictions with 
varying quality for the same object across distances and viewpoints.

❑ We leverage motion-induced predictions into reliable pseudo-labels and learn from informative 
frames. The optional p-MoCaFe extension uses public data to yield a bounded-bias estimator of the 
clean loss.

❑ The approach delivers strong, robust adaptation. Experiments on nuScenes, KITTI, and embodied-
agent datasets demonstrate gains across architectures compared to existing approaches.

❑ Our findings can enable autonomous systems to adapt more effectively to unfamiliar 
environments.
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Thank You!
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