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Abstract

GRPO-style reinforcement learning has advanced vision-language reasoning, but its
sequence-level rewards provide limited credit assignment for individual reasoning
tokens. On-policy distillation (OPD) addresses this issue by providing dense
supervision on student-generated trajectories, yet standard OPD assigns similar
importance to all teacher-preferred tokens, including template phrases and visually
irrelevant continuations. We introduce Visual Counterfactual On-Policy Distillation
(VC-OPD), a grounding-aware distillation method that prioritizes tokens whose
correctness depends on image-specific evidence. After a teacher-supervised warm
start that stabilizes response formats and reduces noisy rollouts, VC-OPD performs
on-policy distillation with two teacher evaluations for each student trajectory: one
under the original image and one under a counterfactual image with corrupted
instance-specific evidence. The original-image teacher distribution determines the
distillation target, while the original-counterfactual teacher gap estimates token-
level visual dependence and softly reweights the loss. To avoid unstable response-
level update scales, VC-OPD further applies mass-preserving normalization to the
token weights. This design preserves the dense supervision of OPD while shifting
learning capacity toward visually grounded reasoning tokens. Experiments on
multimodal reasoning benchmarks show that VC-OPD improves visual reasoning
performance and produces more effective token-level distillation.

1 Introduction

Large vision-language models (VLMs) have achieved strong progress in multimodal reasoning,
yet post-training them remains substantially harder than post-training text-only language models.
Recent reinforcement and preference-based methods, including PPO, GRPO, multimodal RLHF,
reinforcement fine-tuning, and verifiable-reward optimization, have improved mathematical and
long-chain reasoning [Schulman et al.l 2017} [Shao et al.| 2024} |Sun et al.| [2023] |Yu et al.||2023| |[Liu
et al., |2025al |Shen et al., 2025, Zhang et al., 2025al [Tan et al.,|2025]]. However, VLM reasoning
has an additional prerequisite: the model must first identify and use the relevant visual evidence.
This has motivated perception-aware post-training methods, such as corrupted-image objectives,
perception-first curricula, self-rewarding decomposition, and grounded visual exploration [Wang
et al.,[2025al |Chen et al.| [2025| [Li et al.l 2025} |Sarch et al.l 2025]]. These studies indicate that effective
VLM post-training should not only optimize final answers, but also assign learning signals to tokens
that are genuinely grounded in the image.

On-policy distillation (OPD) is a natural framework for such fine-grained supervision. Instead of
relying only on sequence- or step-level rewards, OPD samples trajectories from the student and asks
a teacher to score the same trajectories, providing dense token-level feedback under the student’s
own state distribution [Agarwal et al.,[2024]]. Recent theoretical analyses further interpret OPD as
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Figure 1: Token-level grounding visualization. Standard student—teacher gaps highlight both visual
and generic tokens, whereas factual-counterfactual teacher gaps more selectively emphasize image-
dependent tokens.

KL-regularized token-level policy optimization, where the teacher—student likelihood ratio acts as
a dense reward-like signal [[Yang et al., 2026 [Ko et al.} [2026]]. Nevertheless, token-level density
does not imply grounding awareness. Standard OPD treats all teacher-preferred tokens as equally
distillable, although many tokens in VLM responses are generic templates, discourse markers, or
language-prior continuations rather than image-dependent content.

This limitation is illustrated in Figure[I] The student-teacher gap used by standard OPD highlights
both visually meaningful tokens and generic reasoning expressions, revealing where the student
differs from the teacher but not whether the discrepancy is grounded in the image. In contrast, a
factual-counterfactual teacher gap, obtained by comparing teacher scores under the original image
and a visually weakened counterfactual image, more selectively emphasizes tokens tied to visual
evidence, such as angle symbols, parallel-line relations, and answer-relevant quantities.

Token-level statistics provide the same message at scale. As shown in Figure 2] student—teacher gaps
are heavily concentrated near zero, suggesting that dense OPD supervision often yields weak effective
gradients. By contrast, large factual-counterfactual gaps appear on only a sparse subset of tokens,
consistent with the structure of VLM reasoning: only some tokens encode objects, quantities, spatial
relations, or diagram-specific information, while many others mainly serve as linguistic scaffolding.
The position-wise pattern further shows that visual dependence is stronger in early perception-related
positions and weaker in later reasoning or answer-formatting stages. These observations motivate a
grounding-aware OPD objective that preserves dense supervision while reallocating update strength
toward visually dependent tokens.

We propose Visual Counterfactual On-Policy Distillation (VC-OPD), a grounding-aware OPD
framework for vision-language reasoning. VC-OPD decouples the direction and magnitude of token-
level updates. For each student-generated trajectory, the factual teacher under the original image
provides the teacher—student discrepancy that determines the update direction. The same teacher is
then evaluated under a counterfactual image where instance-specific visual evidence is weakened. The
resulting factual-counterfactual log-probability gap estimates each token’s dependence on the original
visual input and is converted into a soft grounding weight that modulates the update magnitude. In
this way, VC-OPD retains the dense token-level supervision of OPD while concentrating learning on
tokens that are more likely to encode visual perception and grounding.

VC-OPD uses a simple two-stage pipeline. First, we warm-start the student with teacher-generated
responses to stabilize response format and reduce noisy on-policy rollouts. Second, we perform
visual counterfactual on-policy distillation: the student rolls out under the real image, the teacher
scores the same trajectory under both factual and counterfactual visual conditions, and the resulting
visual-dependence score reweights the token-level OPD objective. We further apply mass-preserving
normalization to preserve the relative emphasis on visually grounded tokens while keeping the overall
token weight stable across responses.
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Figure 2: Token-level signal statistics. Standard OPD gaps are often small, while factual—
counterfactual gaps reveal sparse and position-dependent visual grounding signals.

Our contributions are threefold:

* We identify a grounding-related limitation of standard OPD for VLM reasoning: the teacher—
student discrepancy captures model disagreement but does not explicitly distinguish image-
dependent tokens from generic linguistic continuations.

* We introduce the factual-counterfactual teacher log-probability gap as a token-level proxy for
visual dependence, enabling grounding-aware reweighting of student-generated trajectories.

* We formulate VC-OPD with a direction—magnitude separation: the factual teacher—student
discrepancy determines the update direction, while the counterfactual signal modulates its
magnitude through soft weighting and mass-preserving normalization.

2 Related Work

2.1 Reinforcement learning for vision-language models

Reinforcement learning has become an important post-training paradigm for vision-language models
(VLMs), building on the success of policy optimization in language reasoning. Modern VLM RL
inherits trust-region and proximal policy methods such as TRPO and PPO, as well as critic-free
variants such as GRPO, which has shown strong performance in mathematical reasoning [Schulman
et al.L[2015,2017}|Shao et al.,[2024]]. These optimization paradigms have been extended to multimodal
alignment and reasoning through RLHF, reward modeling, preference alignment, and reinforcement
fine-tuning [Sun et al., [2023} [Yu et al.,[2023} Zhang et al., |2025b| Ji et al., 2025 [Liu et al., [2025a]
Shen et al., 2025, |Zhang et al., 20254, Tan et al.| [2025} [Liu et al., [2025b]].

A growing line of work further argues that visual perception is a central bottleneck in VLM RL.
PAPO introduces perception-aware policy optimization by comparing model behavior under original
and corrupted visual inputs; PeBR proposes a two-stage curriculum that improves perception before
reasoning; Vision-SR1 decomposes visual reasoning into perception and language reasoning with
self-rewarding signals; ViGoRL grounds intermediate reasoning steps to visual coordinates [Wang
et al.,[2025a, [Chen et al., 2025} [Li et al., [2025] |Sarch et al., 2025]. These methods show that successful
multimodal reasoning requires models to use instance-specific visual evidence rather than relying
on language priors or generic reasoning templates. However, most existing VLM RL methods still
optimize sequence-level rewards, step-level rewards, or auxiliary perception losses, and do not provide
dense teacher-guided token-level credit assignment. Our method addresses this gap by introducing
visual counterfactual signals into on-policy distillation.

2.2 On-policy distillation for reasoning models

Knowledge distillation transfers capabilities from large teachers to smaller students, but classical
distillation and supervised fine-tuning usually optimize the student on fixed teacher-provided tra-
jectories, which can introduce distribution mismatch [Hinton et al.| |2015] [Kim and Rush, 2016].
On-policy distillation (OPD) reduces this mismatch by sampling trajectories from the student and
querying the teacher on those trajectories, thereby aligning supervision with the student’s own rollout
distribution [Agarwal et al., [2024} Yang et al., 2026, |[Ko et al., [2026].



Recent work has provided a stronger theoretical and practical foundation for OPD. GKD formalizes
on-policy distillation for autoregressive models [Agarwal et al.| [2024]. G-OPD interprets OPD
as dense KL-constrained policy optimization and generalizes the reference-policy design [Yang
et al., 2026[. REOPOLD further shows that the teacher—student likelihood ratio can be viewed as
a token-level reward and improves training efficiency through relaxed token selection and reward
clipping [Ko et al.,2026]. Other OPD variants study context distillation, reasoning-prefix supervision,
and entropy-aware objectives [ Ye et al.| 2026l Zhang et al., 2026| Jin et al., 2026[]. Compared with
sparse reward RL, OPD provides dense token-level supervision, which is attractive for long-chain
reasoning.

While effective for text reasoning, existing OPD methods typically treat all generated tokens as
distillable. This assumption is suboptimal for VLM reasoning, where many tokens are structural
markers, template phrases, or language-prior continuations, and only a subset is truly supported
by visual evidence. We extend the generalized OPD perspective to multimodal reasoning by using
a counterfactual teacher to estimate token-level visual dependence and reweighting OPD updates
toward visually grounded tokens.

3 Method

3.1 Preliminaries: on-policy distillation as token-level RL

We consider a vision-language reasoning setting with textual input x, visual input v, and autoregressive
output sequence y = (y1,. .., yr). The student policy is denoted by 7y (y: | x, v, y<), and the rollout
policy p is typically the current student or a lagged copy. During training, we sample trajectories
on-policy under the real visual input:

y~ul-|zv). ey

On-policy distillation (OPD) differs from conventional offline distillation in one essential aspect:
the teacher does not supervise teacher-forced trajectories, but instead evaluates trajectories that
are actually generated by the student itself. As a result, the distillation signal is aligned with the
student’s own state distribution, which reduces the train—test mismatch that commonly arises in
offline knowledge distillation. This property is particularly important for reasoning tasks, where
small deviations in early tokens may lead the student to entirely different downstream trajectories.

Recent work has shown that OPD can be interpreted through the lens of token-level policy optimiza-
tion. Let s; = (z,v,y<:) denote the autoregressive state and a; = y; the sampled token. If we
measure the discrepancy between the student and the teacher with the reverse KL divergence,

Drr(mo(- | se) | meeal- | 5t)) = Eaynm (log mo(ar | s¢) —10g Teea(ar | s¢)], 2
then maximizing the negative reverse KL induces the token-level learning signal
ri = log Tealas | s¢) — log mg(as | st)- 3)

This quantity can be viewed as a dense per-token reward: if the teacher assigns higher probability to
the sampled token than the student, the reward is positive, encouraging the student to increase its
probability; otherwise the reward becomes small or negative. In this sense, OPD can be understood
as a form of dense RL where the reward is not provided by an external environment, but is instead
induced by the discrepancy between the teacher and the student on student-generated trajectories.

Under this view, a broad class of OPD-style methods can be written as weighted log-likelihood
optimization:

T
‘C(e) = _]Ey"’ﬂ Z Sg(At) log 7T9(yt | Zz,v, Z/<t) ’ (4)
t=1
where A; is an advantage-like token weight and sg(-) denotes stop-gradient. Therefore, once OPD is
viewed as token-level RL, the central modeling question becomes how to define A,.

For text-only reasoning, this weight mainly reflects how strongly the teacher prefers a continuation.
In multimodal reasoning, however, teacher preference alone is insufficient: a token may be preferred
either because it is genuinely grounded in visual evidence or because it is a generic reasoning phrase,
a structural template token, or a continuation supported only by language priors. Our goal is therefore
to redesign the token-level weight so that student updates are concentrated on tokens that are truly
supported by visual evidence.
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Figure 3: Overview of VC-OPD. The framework first warm-starts the student with filtered teacher-
generated reasoning responses. During visual counterfactual on-policy distillation, student rollouts
are scored by the teacher under factual and counterfactual visual inputs. The factual teacher provides
the update direction, while the factual-counterfactual gap produces grounding-aware token weights
that modulate the final token-level advantage.

3.2 Two-stage training

Our training consists of two stages. The first stage provides a stable initialization, and the second
stage performs visual counterfactual on-policy distillation.

Stage I: warm-start. Before entering on-policy training, we first warm-start the student using
teacher-generated reference responses y*. Given (z,v), the teacher produces a structured target
response, and the student is optimized with standard autoregressive supervision:

T*

Ewarm(o) = *E(z,v,y*)ND Zlog 779(9; | Ivv,yit) . (5)
t=1

The purpose of this stage is not to solve the final problem by imitation alone, but to place the student
in a reasonable response regime before on-policy optimization. In practice, this reduces rollout noise,
stabilizes response format, and makes the subsequent teacher feedback more informative.

Stage II: visual counterfactual on-policy distillation. After warm-start, the student generates its
own response trajectory under the real image,
y~pl- | z,0). (6)

We then evaluate the same trajectory with the teacher under two visual conditions: the original image
and a counterfactual image in which instance-specific evidence has been weakened. The factual
branch determines where the student should move, while the counterfactual branch determines how
strongly each token should be updated.

3.3 Counterfactual teacher scoring and grounding-aware weighting

For each sampled token y;, we define the factual teacher score and the counterfactual teacher score as

Py (ye) = pr(ye | 2,0, y<1), pr (W) =prWe | 2,0, y<1), @)

where ¥ = ¢(v) is a corrupted visual input produced by a visual perturbation operator ¢(-). The role
of ¢(+) is not to destroy the entire input, but to weaken instance-level visual evidence while preserving
the general input format, so that the teacher remains in a comparable prediction regime.

Based on these two teacher evaluations, we compute two quantities. The first is a direction term,

AP =log pi (y:) — log pu(ye | @, 0, y<t), ®)



which compares the factual teacher and the student on the sampled token. This term determines
the basic update direction: when the student underestimates a token relative to the factual teacher,
the token receives a positive update signal; when the student already overestimates it, the update is
weakened or reversed.

The second is a visual dependence score,

AYS =log pi(yr) — log pr (yt), )

This metric quantifies the shift in teacher token support under visual perturbation. We use this
difference as a proxy for token-level visual dependence, not a rigorous causal estimate of image
effects. A positive value means the original factual image yields stronger teacher support for the
token, while near-zero values show insensitivity to visual perturbations. The score hinges on whether
the perturbation removes task-relevant visual evidence while preserving sufficient context.

Rather than hard-selecting tokens with a binary rule, we convert the visual dependence score into a

continuous soft weight:
Avis — Ty
wy =0 (tTv) , (10)

where o () is the sigmoid function, 7, is a visual threshold, and T, is a temperature parameter. This
design preserves continuity during training: highly grounded tokens receive larger weights, while
weakly grounded tokens are downweighted but not necessarily discarded.

A practical issue is that the number and strength of visually grounded tokens may vary substan-
tially across samples, which can lead to unstable update scales if w; is used directly. To stabilize
optimization, we adopt a mass-preserving normalization:

N T
B =wp e N=) m, (11)
Zj:le+€ t=1

where m, is the response mask and NN is the number of valid response tokens. This normalization
preserves the relative emphasis across tokens while keeping the total effective weight approximately
constant for each response, thereby preventing large variations in update magnitude across batches.

3.4 Final VC-OPD objective

We combine the direction term and the normalized grounding weight to define the final token-level
advantage:

AVC — i, - Adir, (12)
where fl?ir denotes a normalized version of A% for numerical stability. The key design principle
is that the factual teacher—student discrepancy determines the direction of the update, while the
counterfactual branch modulates only its magnitude according to visual grounding strength.

The final stage-II objective is

Lyc.opp(0) = —Eywp(|z,0) ng(AyC) log g (ys | z,v,y<¢) | - (13)
t=1
This objective retains the on-policy nature of OPD while making the token-level update explicitly
grounding-aware. Tokens that are both under-modeled by the student and strongly supported by
real visual evidence receive larger updates; tokens that are mainly driven by language priors are
correspondingly suppressed.

4 Experiments

4.1 Experimental setup

We use Qwen2.5-VL [Bai et al.,|2025al| as the primary backbone for our main experiments. Unless
otherwise specified, Qwen2.5-VL-3B-Instruct is the student, while larger Qwen2.5-VL models serve
as teachers. All methods start from the same student checkpoint and are trained on ViRL39K [Wang



Table 1: Main results on multimodal reasoning benchmarks. We report exact-match accuracy under
the @8 setting with inference temperature 1.0. Avg. denotes the unweighted average over all listed
benchmarks.

Model Geo3K MVer. MVist. WeM. MMMU Logic Count Avg.
Qwen2.5-VL-3B-Instruct  24.96 38.08 5850 5322 2450 3472 5171 40.81

7B teacher — 3B student

+ GRPO 30.52  40.60 59.04 59.10 25.86  38.34 57.81 4447
+ PAPO 3095 4150 6238 60.09 27.11 38.67 62.56 46.18
+ RKL 32.12  40.75 62.08 60.23 28.40 3941 63.50 46.64
+ VC-OPD 3435 4190 64.10 61.46 3220 4240 65.68 48.87
ArkL (%) +6.94  +2.82 +3.25 +2.04 +13.38 +7.59 +3.43 +4.78
32B teacher — 3B student
+ RKL 45.09 4325 6550 64.56 3124 4152 65.80 50.99
+ VC-OPD 57.58 4440 65.72 65.74 3350 4290 67.24 53.87
Arkr (%) +27.70 +2.66 +0.34 +1.83 +7.23  +3.32 +2.19 +5.64

Qwen2.5-VL-7B-Instruct  36.80 4390 6640 64.80 33.80 43.50 6490 50.59

32B teacher — 7B student

+ RKL 48.70 4740 69.70 66.30 36.20 46.00 69.00 54.76
+ VC-OPD 5540 4890 70.90 68.10 38.80 48.60 71.20 57.41
ArxkrL (%) +13.76  +3.17 +1.72 +2.71 +7.18  +5.65 +3.19 +4.85

et al.,2025bf|, which contains approximately 39K verifiable visual-language reasoning examples. VC-
OPD uses a two-stage procedure consisting of teacher-supervised warm-start and visual counterfactual
on-policy distillation. We further evaluate Qwen3-VL and InternVL3.5 to test cross-backbone
generalization, with additional details provided in Appendix [E]and [F}

We evaluate seven multimodal reasoning benchmarks covering mathematical, geometry, multi-
disciplinary, logical, and counting tasks: Geometry3K [Lu et al., | 2021]], MathVista [Lu et al., 2024],
MathVerse [Zhang et al., 2024], We-Math [Qiao et al.l [2024]], MMMU-Pro [Yue et al., [2024]],
LogicVista [Xi1ao et al.,2024], and Super-CLEVR Counting [Li et al., | 2023]]. All results use exact
match after answer extraction, with the average reported as the unweighted mean across benchmarks.

Unless otherwise specified, we use the @8 setting with inference temperature 1.0. All experiments
are conducted on four NVIDIA A800 GPUs. Detailed hyperparameters and implementation details
are provided in Appendix [B]

4.2 Main results

Table[T]reports the main results on multimodal reasoning benchmarks. We adopt Qwen2.5-VL-3B-
Instruct and Qwen2.5-VL-7B-Instruct as the student models, with Qwen2.5-VL-7B and Qwen2.5-
VL-32B serving as teacher models. For the Qwen2.5-VL-3B student, we evaluate both 7B- and
32B-teacher settings, while the Qwen2.5-VL-7B student is distilled from the 32B teacher. In the
7B-teacher setting with the 3B student, we compare VC-OPD with GRPO, PAPO, and reverse-KL on-
policy distillation (RKL). For all distillation settings, RKL serves as the direct on-policy distillation
baseline, and Arkr, denotes the relative improvement of VC-OPD over RKL.

VC-OPD consistently improves over RKL across all evaluated student—teacher settings. With the
7B teacher and the Qwen2.5-VL-3B student, VC-OPD improves the average accuracy from 46.64 to
48.87, yielding a 2.23-point absolute gain and a 4.78% relative improvement. With the 32B teacher
and the same 3B student, VC-OPD further improves the average accuracy from 50.99 to 53.87,
corresponding to a 2.87-point absolute gain and a 5.64% relative improvement. For the Qwen2.5-
VL-7B student, the base model achieves an average accuracy of 50.59, while distillation from the
32B teacher improves the RKL performance from 54.76 to 57.41, corresponding to a 4.85% relative
improvement. The consistent gains across different student and teacher scales demonstrate that



Table 2: Ablation study under the 7B-teacher setting. Warm, CF, Soft, and Mass denote warm-
start, counterfactual teacher scoring, soft visual reweighting, and mass-preserving normalization,
respectively.

Variant Warm CF Soft Mass Math Avg. Vision Avg. Overall Avg.
Vanilla OPD - - - - 48.80 43.77 46.64
w/o warm-start - v v v 49.37 45.55 47.73
w/o counterfactual teacher v - - v 49.42 44.63 47.37
w/ hard mask v v — v 49.86 45.92 48.17
w/0 mass norm. v v v - 50.05 46.10 48.36
VC-OPD v v v v 50.45 46.76 48.87

Table 3: Step-wise validation accuracy during training. We report exact-match accuracy (%) on
Geo3K and LogicVista every 50 optimization steps.

Method Geo3K LogicVista

50 100 150 200 50 100 150 200
GRPO 26.10 27.75 28.90 30.52 34.20 36.30 37.45 38.34
RKL 29.20 30.35 31.25 32.12 37.05 38.20 38.85 39.41

VC-OPD 31.80 3245 33.20 34.35 39.10 40.55 41.45 42.40

VC-OPD remains effective as the student model capacity increases, while preserving the advantages
of grounding-aware token-level distillation.

4.3 Ablation study

We conduct ablation studies under the 7B-teacher setting to isolate the effect of each component
in VC-OPD. Starting from vanilla on-policy distillation, we progressively examine the contribution
of warm-start training, counterfactual teacher scoring, soft visual reweighting, and mass-preserving
normalization.

Table 2] shows that each component contributes to the final performance of VC-OPD. Vanilla OPD
already provides dense token-level supervision, but its performance remains limited because all
generated tokens are treated uniformly. Adding counterfactual visual scoring improves both math-
oriented and visually grounded benchmarks, indicating that token-level visual dependence is a useful
signal for multimodal distillation.

Warm-start training also matters: removing it lowers the overall average from 48.87 to 47.73, suggest-
ing that stable initial rollouts are important before applying on-policy teacher feedback. Replacing
soft reweighting with a hard mask further degrades performance, showing that continuous token
weighting is preferable to binary token selection. Finally, removing mass-preserving normalization re-
duces the overall average to 48.36, confirming that stabilizing the effective token weight is beneficial
for robust optimization. Overall, the full VC-OPD configuration achieves the best performance, sup-
porting the design choice of combining counterfactual visual dependence with stable soft token-level
reweighting.

4.4 Training dynamics

We further compare the optimization behavior of GRPO, RKL, and VC-OPD under the same 200-step
training budget. As shown in Table 3] and Figure ] both RKL and VC-OPD improve faster than
GRPO, suggesting that dense teacher-guided token supervision is more sample-efficient than outcome-
level reward optimization. VC-OPD further achieves a more stable trajectory than RKL and reaches
the best final performance on both Geo3K and LogicVista, indicating that visual counterfactual
reweighting improves the effectiveness and stability of token-level distillation.

Compared with GRPO, RKL improves more rapidly because it provides dense token-level teacher
feedback instead of relying only on sequence-level rewards. However, RKL still applies supervision
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Figure 4: Training dynamics over 200 optimization steps. VC-OPD improves faster than GRPO, is
more stable than RKL, and achieves the highest validation accuracy and training reward.

uniformly across tokens, which may amplify visually irrelevant or template-like continuations. VC-
OPD addresses this issue by reweighting token updates according to visual counterfactual dependence.
As a result, it maintains a smoother reward curve and consistently outperforms RKL at later training
stages.

4.5 Hyperparameter analysis

We analyze the proportion of visually dependent tokens emphasized by the soft visual weighting
function. The goal is to verify that VC-OPD benefits from a balanced grounding signal rather than
overly dense or overly sparse token reweighting.

Table @ shows that a moderate visual-token ratio
performs best. Since visually grounded tokens
form only a sparse subset of the response, using a
large ratio such as 20% assigns substantial weight
to weakly visual or template-like tokens, reduc-

Table 4: Sensitivity analysis of the visual token
ratio. Default setting is marked with *.

Visual ratio Math Vision Overall

ing the selectivity of VC-OPD. In contrast, using 20% 49.92 46.18 4832
only 5% of tokens makes the supervision too 10%* 50.45 46.76  48.87
sparse, resulting in insufficient effective updates. 5% 49.58 4590  48.00

The 10% setting provides a favorable trade-off
between grounding selectivity and optimization density and is therefore used as the default configura-
tion.

4.6 Alternative Counterfactual Constructions

We further investigate whether VC-OPD depends on a particular counterfactual construction. The
counterfactual image is intended to weaken instance-specific visual evidence while preserving a
meaningful visual context. We compare the default patch dropout with random dropout, Gaussian blur,
contiguous region masking, object-level erasing, saliency-guided corruption, and mismatched-image
counterfactuals under identical training and evaluation settings.

Table [5] shows that VC-OPD remains effective across a range of counterfactual constructions. All
alternatives except mismatched-image counterfactuals outperform RKL, indicating that the proposed
objective is not tied to a specific patch-dropout implementation. Patch dropout at 60% provides a
favorable balance between weakening instance-specific evidence and preserving a meaningful visual
prediction context, and is therefore retained as the default configuration.

The mismatched-image condition performs substantially worse, suggesting that replacing the original
visual context with unrelated evidence does not provide an appropriate counterfactual for estimating
token-level visual dependence. More targeted constructions, such as object-level erasing and saliency-
guided corruption, are promising but may require additional models or computations, whereas patch
dropout provides a simple and lightweight alternative.



Table 5: Comparison of alternative counterfactual visual constructions under the Qwen2.5-VL-3B
student with the Qwen2.5-VL-7B teacher. The RKL result is shown as the reference baseline.

Counterfactual Configuration Math Avg. Vision Avg.  Overall Avg.
No counterfactual RKL 48.80 43.77 46.64
Random dropout - 49.86 46.20 48.29 (+3.54%)
Patch dropout 20% 49.72 45.98 48.12 (+3.17%)
Patch dropout 60% 50.45 46.76 48.87 (+4.78%)
Patch dropout 100% 49.20 45.55 47.64 (+2.14%)
Gaussian blur Kernel 31 x 31,0 = 10 50.06 46.35 48.47 (+3.92%)
Contiguous region masking 60% masked area 50.30 46.55 48.69 (+4.40%)
Object-level erasing Randomly erase object instances 49.62 45.70 47.94 (+2.79%)
Saliency-guided corruption Mask high-saliency regions 50.40 46.83 48.87 (+4.78%)
Mismatched image Random batch permutation 47.22 41.05 44.36 (-4.89%)

5 Conclusion

We introduced VC-OPD, a visual counterfactual extension of on-policy distillation for grounded
vision-language reasoning. By comparing teacher scores under factual and counterfactual visual
inputs, VC-OPD estimates token-level visual dependence and uses it to reweight dense distilla-
tion updates. The factual teacher—student discrepancy determines the update direction, while the
counterfactual signal adjusts the update magnitude through soft weighting and mass-preserving
normalization. Experiments across multiple student scales and the Qwen2.5-VL, Qwen3-VL, and
InternVL3.5 families show consistent improvements over reverse-KL on-policy distillation in the
evaluated settings. These findings support grounding-aware token-level credit assignment as a useful
complement to general multimodal reasoning objectives.

6 Limitations

VC-OPD is primarily designed to improve visually grounded token-level credit assignment rather than
generic text-only reasoning. Its gains may therefore be more modest on tasks dominated by linguistic
logic, symbolic manipulation, or visually invariant deduction. Moreover, visual dependence is not
equivalent to reasoning importance: some visually invariant transition or reasoning-control tokens may
still play an important role in organizing the reasoning trajectory and can therefore be underweighted.
The factual-counterfactual teacher gap is also based on visual perturbations rather than a perfect
causal intervention, and the additional counterfactual teacher evaluation introduces computational
overhead. Future work could combine visual-dependence weighting with complementary signals for
reasoning importance and develop more precise and efficient counterfactual interventions.
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A Additional theoretical analysis

This appendix provides additional theoretical justification for VC-OPD. The main text already shows
that OPD can be interpreted as token-level policy optimization induced by the reverse KL divergence.
Here we focus on three properties that are specific to VC-OPD: (i) the factual-counterfactual teacher
gap is a pointwise visual-dependence signal, (ii) mass-preserving normalization stabilizes the total
update scale while preserving relative token importance, and (iii) the counterfactual branch modulates
update magnitude without changing the update direction.

A.1 Counterfactual teacher gap as visual likelihood ratio

Let s; = (x,v,y<¢) and a; = y;. For the same sampled token, VC-OPD evaluates the teacher under
the factual visual input and the counterfactual visual input:

pr(ar) = pr(a | z,v,y<), pr(a) = pr(a: | ©,0,y<t). (14)

The visual dependence score used in VC-OPD is

pT<at | Z,v, y<t)

— . (15)
pT(at | $,U,y<t)

AY*® = log pt(a;) — log pr(a;) = log

Thus, A} is a pointwise log-likelihood ratio between the factual and counterfactual teacher distribu-
tions. A positive value means that the real image increases the teacher’s support for the token relative
to the counterfactual image, while a value close to zero means that the token is largely invariant to
the removal of instance-specific visual evidence. This justifies using A} as a token-level grounding
signal.

VC-OPD converts this score into a non-negative soft weight:

Avis — Ty
wy = U<tTy> . (16)

Since the sigmoid function is monotonic, if AY* > AV, then w; > w,. Therefore, the soft weighting
function preserves the ranking induced by the visual fikelihood ratio: tokens more dependent on real
visual evidence receive larger update weights.

A.2 Mass-preserving normalization

Directly using w; may make the total update scale vary across responses, because different examples
contain different numbers of visually grounded tokens. VC-OPD therefore uses the normalized
weight

N T
Wy = MWt * ———————————— N = th. (17)
t=1

T )
Zj:l m;iw; + €

where m; is the response mask. Ignoring the small numerical constant €, the normalized weights
satisfy

T
S = N, ()
t=1

Thus, the total token weight is approximately equal to the number of valid response tokens. At the
same time, for any two valid tokens ¢ and 7,

W wy

— =L (19)

Therefore, mass-preserving normalization keeps the relative visual emphasis unchanged while stabi-
lizing the overall update magnitude. This property explains why VC-OPD can emphasize visually
grounded tokens without changing the effective learning scale across batches.
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A.3 Direction-magnitude separation
The final VC-OPD advantage is
AV =w, - AT, AT =logpi(ar) —log play | s0), (20)

where fl‘fir is a normalized version of the factual teacher—student direction term. The resulting
objective is

EVC-OPD(Q) = 7Ey,\,ﬂ ZSg(A]YC) log 7T9(at ‘ St)] . (21)
t=1
Taking the gradient gives
VoLvc.orp = —Eyp ng (M;“r) Vo log my(ay | st)l ) (22)
t=1

This is still an advantage-weighted policy-gradient estimator, but the advantage is reweighted by
token-level visual dependence.

Since w; > 0, the counterfactual branch cannot reverse the update direction:
sign (w; A{™) = sign(A{"")  whenever w; > 0. (23)

Therefore, the factual teacher—student discrepancy determines whether the student should increase
or decrease the probability of a sampled token, while the counterfactual teacher only determines
how strongly this update should be applied. This separation is important for stability: the corrupted
visual input is used to estimate grounding strength, but it does not directly decide the sign of the
optimization signal.

A.4 View as selective token-level distillation

VC-OPD can also be interpreted as performing OPD under a reweighted token distribution. For a

fixed response, define
myw
q(t|y) = ——— (24)
D=1 MW

Then the VC-OPD objective is proportional to

—Eyp [N - Epog(ly) [sg(flfir) log mg(a | st)H . (25)

Thus, VC-OPD can be viewed as standard token-level OPD applied to a token distribution biased
toward visually grounded tokens, while preserving the total update mass. This interpretation formal-
izes the main design goal of VC-OPD: retain the dense supervision advantage of OPD, but reallocate
learning capacity toward tokens that are supported by real visual evidence.

B Training Details

B.1 Stage-I warm-start

Before visual counterfactual on-policy distillation, we first warm-start the student with teacher-
generated responses. For each training example, the teacher is prompted to produce a reasoning
response followed by a boxed final answer. The prompt template is:

{{ content | trim }}

You FIRST think about the reasoning process as an internal monologue
and then provide the final answer. The reasoning process MUST BE
enclosed within <think> </think> tags. The final answer MUST BE put
in \boxed{}.

After generation, we extract the final boxed answer and compare it with the ground-truth answer

using the same answer-extraction and exact-match evaluation protocol as in the main experiments.
Only examples for which the teacher produces a correct final answer are retained for warm-start
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Table 6: Warm-start training hyperparameters.

Hyperparameter Value

Student model Qwen2.5-VL-3B-Instruct
Teacher model Qwen2.5-VL-32B-Instruct
Optimizer AdamW

Learning rate 1x107°

Batch size 256

Response format <think> reasoning + \boxed{} answer

Table 7: Stage-II training hyperparameters for GRPO and VC-OPD.

Hyperparameter GRPO VC-OPD
Optimizer AdamW AdamW
Learning rate 1x1076 5x 1076
Batch size (rollouts) 5 1
Max response length 8192 8192
Max prompt length 4096 4096
Generation temperature 1.0 1.0
Top-p 1.0 1.0
Tensor parallel size 2 2
Visual token ratio - 10%
Counterfactual corruption - Patch dropout 60%

training. This filtering removes noisy teacher trajectories and ensures that the student is initialized
with reliable response formats and valid reasoning paths before entering on-policy optimization.

The warm-start stage uses standard autoregressive supervision on the filtered teacher responses.
Table [ summarizes the warm-start hyperparameters.

B.2 Stage-II on-policy training

After warm-start, we perform on-policy optimization using the same training prompts. GRPO is
trained with verifiable outcome-level rewards, while VC-OPD uses the student-generated trajectories
for teacher scoring under both factual and counterfactual visual inputs. The stage-II implementation
is based on the verl training framework. For VC-OPD, the factual teacher branch provides the
token-level distillation direction, while the counterfactual teacher branch estimates visual dependence
and reweights the token-level objective.

Table [7]reports the main hyperparameters used for GRPO and VC-OPD.

C Log-probability Diagnostics

We further visualize the log-probability traces during VC-OPD training to verify that the factual
and counterfactual teacher scoring remains numerically stable. At each optimization step, we
record the average response-token log probability for the student model, the factual teacher, and the
counterfactual teacher. The light curve denotes the raw step-wise value, and the darker curve denotes
the smoothed trend.

As shown in Figure [5] the student log probability increases rapidly in the early stage and then
gradually stabilizes, reflecting the effect of warm-starting followed by on-policy adaptation. The
factual and counterfactual teacher branches remain stable throughout training, which is important
because VC-OPD relies on their log-probability difference to estimate token-level visual dependence.
The counterfactual branch does not serve as an independent training target; instead, it provides a
relative grounding signal by measuring how teacher support changes when instance-specific visual
evidence is weakened. These diagnostics suggest that the counterfactual scoring procedure does
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Figure 5: Log-probability diagnostics during VC-OPD training. We plot the average response-token
log probability of the student, factual teacher, and counterfactual teacher over training steps. The
curves stabilize after the early optimization phase, indicating that both teacher-scoring branches
remain in a comparable and numerically stable prediction regime.

not introduce unstable probability estimates and can be used reliably for grounding-aware token
reweighting.

D Token-level Grounding Verification

The qualitative visualization in Figure|l|suggests that the factual-counterfactual teacher gap more
selectively highlights image-dependent tokens than the standard student—teacher gap. To quantitatively
verify this mechanism, we conduct a token-level grounding verification study on a subset of validation
examples.

We sample model responses from the validation set and annotate response tokens as visually grounded
if their correctness depends on image-specific evidence, such as objects, quantities, spatial relations,
diagram symbols, chart elements, or answer-relevant visual attributes. Tokens that only serve as
discourse markers, generic reasoning templates, or language-prior continuations are annotated as
non-visual. Given these annotations, we compare four token scoring signals:

* Random score: a random token ranking baseline.
» Token log-probability: the factual teacher log-probability of each token.

* Student-teacher gap: the standard OPD score based on the teacher—student log-probability
difference.

* Factual-counterfactual gap: the proposed visual-dependence score used by VC-OPD.

For each scoring signal, we rank all response tokens within each example and evaluate how well
the top-ranked tokens match the human visual-grounding annotations. We report Precision@5%,
Precision@ 10%, Recall@10%, and AUPRC. These metrics measure whether a scoring signal can
retrieve visually grounded tokens from the full response.

As shown in Table 8] the factual-counterfactual gap provides the strongest alignment with human-
annotated visually grounded tokens. The random baseline roughly reflects the sparsity of visually
grounded tokens, while token log-probability performs only slightly better because high-probability
tokens often correspond to common function words or response templates. The student—teacher
gap improves over these baselines, but it still ranks many generic reasoning tokens highly because
it measures teacher—student disagreement rather than visual dependence. In contrast, the factual—
counterfactual gap achieves the highest precision and recall, indicating that it more accurately
prioritizes tokens whose correctness depends on image-specific evidence. This result supports
the central mechanism of VC-OPD: the counterfactual teacher branch does not merely identify
high-discrepancy tokens, but provides a token-level signal that is more closely aligned with visual
grounding.

E Generalization to Qwen3-VL

To evaluate whether VC-OPD transfers to newer VLM backbones, we further conduct experiments
with Qwen3-VL-2B Bai et al.| [2025b] and Qwen3-VL-4B students using Qwen3-VL-8B as the
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Table 8: Token-level grounding verification. We compare different token scoring signals for identify-
ing human-annotated visually grounded tokens.

Scoring signal P@5% P@10% Recall@10% AUPRC
Random score 11.8 11.6 10.1 12.0
Token log-probability 18.7 17.4 15.2 18.6
Student—teacher gap 36.5 31.8 27.7 34.2
Factual-counterfactual gap 58.9 52.1 454 57.6

Table 9: Generalization results on the Qwen3-VL family. We report exact-match accuracy (%) under
the same evaluation protocol as the main experiments.

Model Geo3K MVer. MVist. WeM. MMMU Logic Count Avg.
Owen3-VL-2B
+ Base 2820 39.50 59.80 56.60 27.50 36.80 55.10 43.36
+ RKL 39.50 42.80 63.00 60.50 3140 4090 61.20 4847

+VC-OPD 4240 4420 6450 6190 3380 4280 63.80 50.49
ArkL (%) +734 4327 +238 +2.31 +7.64  +4.65 +4.25 +4.16

Owen3-VL-4B
+ Base 3520 4280 64.00 61.80 3220 41.50 62.00 48.50
+ RKL 4320 4550 66.70 64.50 35,60 4480 67.30 52.51

+VC-OPD 46.70 47.80 6830 6640 38.40 47.50 7040 55.07
Arkr (%) +8.10 +5.05 +2.40 +295 +7.87 +6.03 +4.61 +4.87

teacher. RKL and VC-OPD use the same student initialization, training data, rollout budget, and
evaluation protocol. We additionally report the performance of the original base models to provide a
direct reference for the effectiveness of post-training.

VC-OPD consistently improves over RKL for both Qwen3-VL student scales. For the 2B and
4B students, VC-OPD achieves average accuracies of 50.49 and 55.07, corresponding to relative
improvements of 4.16% and 4.87% over RKL, respectively. Compared with the corresponding
base models, the gains are also substantial, with absolute improvements of 7.13 and 6.57 points
in average accuracy. These results indicate that the proposed visual-dependent token reweighting
remains effective when transferred to the newer Qwen3-VL family.

F Generalization to InternVL3.5

To assess cross-family generalization, we further implement VC-OPD on the VERL-InternVL
framework and evaluate InternVL3.5-2B [Wang et al.|[2025c]] and InternVL3.5-4B students with an
InternVL3.5-8B teacher. RKL and VC-OPD use the same student initialization, training data, rollout
budget, and evaluation protocol. We also include the corresponding base-model performance as a
reference for evaluating the effect of post-training.

VC-OPD consistently outperforms RKL for both InternVL3.5 student scales, achieving relative
improvements of 4.70% and 3.76% in average accuracy for the 2B and 4B students, respectively.
Relative to the corresponding base models, VC-OPD further improves average accuracy by 6.03 and
6.37 points, respectively. The consistent gains across both student scales and a different VLM family
demonstrate that VC-OPD is not restricted to the Qwen architecture used in the main experiments,
and supports its cross-family generalization.
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Table 10: Generalization results on the InternVL3.5 family. We report exact-match accuracy (%)
under the same evaluation protocol as the main experiments.

Model Geo3K MVer. MVist. WeM. MMMU Logic Count Avg.
InternVL3.5-2B
+ Base 30.80 3940 6050 2840 31.20 41.00 56.20 41.07
+ RKL 3790 42,10 6490 3520 3400 39.80 61.00 44.99

+ VC-OPD 4080 4420 66.10 3740 3580 4230 63.10 47.10
Arkr (%) +7.65 +499 +1.85 +6.25 +529 +6.28 +3.44 +4.70

InternVL3.5-4B
+ Base 39.20 49.80 71.10 35.80 38.80 53.20 64.80 50.39
+ RKL 4470  53.10 7350 47.00 42.00 54.10 6850 54.70
+VC-OPD 47.30 5500 7440 49.10 4430 56.00 71.20 56.76
Arkr (%) +5.82  +3.58 +1.22 +447  +548 +3.51 +3.94 +3.76

Table 11: Wall-clock time (hours) required to reach target Geo3K accuracies for Qwen2.5-VL-3B.

Target Accuracy 29% 30% 31% 32% 33% 34%
RKL 2.5 4.0 7.0 14.5 - -
VC-OPD 1.5 2.8 5.0 7.2 14.4 17.4

G Training Efficiency

VC-OPD evaluates the teacher under both factual and counterfactual visual conditions. The two
conditions share the same student-generated trajectory and are concatenated along the batch dimension
for a single batched teacher invocation. In our implementation, the additional counterfactual branch
increases the wall-clock time per optimization step by approximately 20%, rather than doubling the
end-to-end training cost.

Table [1 1| compares the wall-clock time required by RKL and VC-OPD to reach the same target
Geo3K accuracy. Although VC-OPD introduces additional teacher computation at each optimization
step, it consistently reaches the reported accuracy targets earlier than RKL. The difference becomes
particularly evident at higher accuracy levels: VC-OPD reaches 32% accuracy in 7.2 hours compared
with 14.5 hours for RKL, and further reaches 33% and 34% in 14.4 and 17.4 hours, respectively,
whereas RKL does not reach these targets within the reported training budget. These results indicate
that the extra per-step computation can be offset by faster optimization progress, leading to improved
time-to-accuracy.

H Comparison with Recent Visual Reasoning Methods

We additionally compare the Qwen2.5-VL-7B student distilled from the Qwen2.5-VL-32B teacher
with recent visual reasoning post-training methods on four shared benchmarks. Since Deep-
Eyes|Zheng et al.|[2025]] and Thyme-VL [Zhang et al.|[2025c¢]| report results obtained under potentially
different training data, evaluation splits, and tool-augmented inference procedures, this comparison
should be interpreted as an external reference rather than a strictly controlled comparison.

Table[I2] reports the results on MathVista, MathVerse, We-Math, and LogicVista. VC-OPD achieves
an average accuracy of 59.13% across the four benchmarks. Compared with the reported results
of DeepEyes and Thyme-VL, VC-OPD shows particularly large gains on We-Math, while the
differences on the other benchmarks are more modest. Because the compared methods may differ in
training resources, inference settings, and evaluation protocols, these results are provided primarily
to contextualize the empirical performance of VC-OPD rather than to establish a controlled state-of-
the-art comparison.
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Table 12:

Comparison with recent visual reasoning methods on shared benchmarks.

Method MathVista MathVerse We-Math LogicVista Avg.
DeepEyes 70.10 47.30 38.90 47.70 51.00
Thyme-VL 70.00 39.10 39.30 49.00 49.35
VC-OPD 70.90 48.90 68.10 48.60 59.13
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