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The problem

Image-based policies break under visual shift.

e Small pixel changes greatly reduce performance
e Even when the task structure is the same
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Key Ideas

Reason over objects, not pixels.

e Represent state as objects
e Train policy on object-based representation
e How ?

Dynamic: The object set is not fixed: count, identity, and size
change every timestep.

Contributions

o Efficient Policy training with support for a variable number
of objects that results in increased robustness.

e A method to construct contextual per-object tokens from
frozen pretrained vision models, with segment positional
encoding.

e +88% improvement over prior visual-generalization
methods on the hard setting, while matching DrQ-v2
sample efficiency.

G A visual-generalization benchmark: 8 ManiSkill3 tasks,
12 perturbation types, 3 difficulty levels, organized by a
scene-entity taxonomy.

Simple To Train

SegDAC only needs the RL reward. Plain SAC loss, drop-in
for any model-free algorithm.

No hand-crafted data augmentation

No auxiliary losses

No image reconstruction

No ground-truth masks
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SegDAC : Segmentation-Driven Actor-Critic for visual RL.

e General idea: segment the image into (sub)objects, extract object tokens, then train on the ever-changing
object tokens set using model-free online RL.

Step 1: Object -Centric Segmentatlon

Object-Centric Segmentation
(M \ | »
"background", [ %Zp‘g\ / %;\ K \
"robot", »
| cube 7| Open- : Morphological | |
: .| Vocabulary Semantic » Mask »
: \_ Concept Vocabulary) : - S tati :
S < Object egmgzeal on Refinement |7 :
Detector (Opening — Closing) | @
Q( Bounding Boxey N Segments
y N ) U )

Patch Embeddings

e \We extract image segments efficiently using fast pretrained vision models.

Step 2 : Per-object Token Extraction
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Patch Embeddings

e \We extract object tokens by pooling frozen patch embeddings that overlap with segment masks.
e Key design: reuse existing patch embeddings so each object token retains global context.
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Visual Generalization in Reinforcement Learning via Dynamic Object Tokens

Generalization Results

Dynamic Object Tokens Training

Camera Easy Lighting Easy Color Easy Texture Easy Overall Easy

e Unlike prior object-centric RL, we train in latent space on a variable-length token set stored
in the replay buffer, with no fixed object count, ground-truth masks, or image reconstruction. 3113; o
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e Varying token count and identity acts as built-in domain randomization, keeping SegDAC's
policy robust even when detection drops a task-critical object.
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No perturbation baseline IQM [ Perturbed condition IQM  —  Error bar = 95% CI (perturbed IQM) ----- Random policy IQM
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88% higher IQM return than strong visual baselines on the hardest perturbations.
The gap widens as perturbations get harder.
Sample Efficiency Results
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generalization.

e Systematic perturbations including semantic
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Ablation: Fixed vs. Dynamic Number of Object Tokens
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Easy The critic learns, with no attention supervision, to weight task-relevant objects and shift that

weight as the sub-goal changes: object first, goal after grasping.
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Main Takeaways
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Visual generalization in RL has largely relied on hand crafted
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Training on a dynamic set of object tokens, changing in count
and identity every step, is stable under standard SAC and
promotes robustness to state variation.
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