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THE PROBLEM

Longer thinking can't fix incorrect perception

m Recent VLMs push longer chain-of-thought reasoning via RL. Input Image

3
\ S

m But on visual tasks the real limit is perception, not

. AB, AC, and BD are the tangents,
reasoning.

and the tangent points are P, C, and D.
Find the length of BD.

— Once the model mis-reads the image, re-checking

repeats the same error and compounds it. Case A: Incorrect Perception + Long Reasoning

m We used Claude-Haiku-4.5 to label errors from Qwen3-VL-8B No Valid Conclusion
(i ) .
on 3 visual-math datasets: Perception Reasoning (Long)
(Wrong) : * Tangents from A should be equal
— 86.9% of wrong answers come from a visual perception CAP=5 4 RECheck labels
error. *AC=3 Same Perception -«
. e . Still AP = 5, AC = 3

m Takeaway: longer reasoning does not compensate for wrong | (contradiction) | - Diagram seems inconsistent
perception. Re-checking does not correct perception

Case B: Correct Perception + Short Reasoning

Reasoning (Short)
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AB=5AC=3=AP=AC=3=|BD




OUR IDEA

Treat perception as a separate, foundational capability

m We decouple post-training into three capabilities and train them in stages:

1 Visual Perception 2 Textual Reasoning 3 Visual Reasoning

see fine details & multi-step logic apply logic
spatial relations in language to images

m Perception is the scaffold — it must be solid before reasoning is refined.

m Conceptually this is a new curriculum axis: capability, orthogonal to the usual difficulty axis.



METHOD

Building perception data & staged RL training

(a) Perception QA Generation (b) Perception Difficulty Filtering
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Generate a question that can be answered by Reasoning
carefully understanding the image description, , | i J B
targeting that either: \ 4 r : )
1. a fine detail visible in the scene ) KIS e W e i e o i . Vistal |2
2. a spatial relationship in the image ‘Keep questions where: A(.,I‘p is correct while Aimg is incorrect: Reasoning

m Generate perception QA from DOCCI fine-grained captions with an LLM.
m Keep only hard cases: model is right from the caption but wrong from the image — isolates perception gaps.

m Train all stages with GRPO (verifiable-reward RL); reasoning data from ORZ-Math + open visual-math sets.



RESULTS

Finding 1 — Perception needs its own data

m Reasoning-only training boosts visual math but imposes a Qwen2.5-VL-7B
'perceptual tax' — it can hurt perception (MMStar -1.6%). 50 -
m Adding our perception data lifts visual math and protects
perception: 60 -
— RealWorldQA +3.0% (Qwen2.5-VL-7B), +3.6% (Qwen3-VL- 40 -
8B)
— WeMath +7.4 points over the 7B base model Quend-Vi-58
80

m Perception is not a solved pre-training byproduct — it needs
dedicated optimization.
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RESULTS

Finding 2 — Staged beats merged, and order matters

m Staged training > merging all data: +1.5% math accuracy with
20.8% shorter reasoning traces.

— Strong perception means the model 'over-thinks' less.

m Order is critical: perception - reasoning works; @ 900 ﬁfage i e e —.— Staged
% (P \ceptlen) (Textual Reasoning) (V/sual Reasoning) —-— Merged
— reversing it drops Qwen2.5 visual-math from 42.3% to <7 |
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Staged (green) converges to shorter responses in Stage 3



RESULTS

Finding 3 — RL > SFT, and curricula compose

m For perception, RL with verifiable rewards beats caption-based SFT
(+8.2% on WeMath, 7B).

— RL stays on-policy and penalizes hallucinated visual claims.

m Capability + difficulty curricula are additive: 58.6 - 63.0 on Qwen3-
VL-8B.

Qwen3-VL-8B (Staged) — new best among 7-8B open VLMs

Benchmark Base OneThinker-8B Ours (Staged)
MathVista 72.4 75.1 75.9
WeMath 50.9 54.6 56.1
RealWorldQA 70.9 71.5 74.5

Overall AVG 62.2 64.9 65.8



Takeaways

Perception — not reasoning depth — is the dominant bottleneck in today's VLMs.
Decouple post-training into stages: perception - textual reasoning = visual reasoning.
Perception needs dedicated data and is best learned with RL, not SFT.

Result: higher accuracy, shorter reasoning, and a new capability-curriculum axis.

Thank you! Project & code: ucsc-vlaa.github.io/VLM-CapCurriculum



