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Abstract

Reinforcement learning with verifiable rewards (RLVR) has become a standard
recipe for post-training vision-language models (VLMs), but it typically assumes
a static training environment. As the actor improves, fixed tasks drift out of its
learning frontier: many become trivial, others remain unsolvable; and the learn-
ing signal collapses. We argue that VLM post-training should evolve the visual
environment alongside the actor, not just the actor itself. We propose VICO, a
co-evolutionary framework in which an actor and an Environment-as-Rewriter
(EnvRewriter) are trained jointly: the EnvRewriter edits verifiable image-side struc-
tures, such as scene graphs, chart tables, or protected region masks, and re-renders
them to produce label-valid training samples whose difficulty is calibrated to the
actor’s current ability through a pass-rate-based reward. This loop continuously re-
aligns task difficulty with actor capability without any additional human annotation.
Across nine multimodal benchmarks spanning mathematical reasoning and visually
grounded understanding, VICO-8B improves over its base model by up to +5.0%
on out-of-domain tasks, surpasses the strongest self-evolution and text-editing
co-evolution baselines by +4.3% and +8.4% respectively, and stays comparable
to chart-specialized RLVR methods using 16—160x fewer labeled samples. By
shifting from human-labeled supervision to image-editing co-evolution, VICO
offers a scalable path beyond static-corpus RLVR for visual reasoning.

1 Introduction

Large Vision-Language Models
(VLMs) have recently improved
through reinforcement learning with
verifiable rewards (RLVR) [14],
where models learn from automat-
ically checkable outcomes rather
than dense human rationales [31].
This recipe has made self-evolution
an attractive paradigm: rather than
relying on costly human supervi-
sion, a model can generate tasks,
collect rollouts, and improve from
its own experience [22, 38]. Yet
most self-evolution pipelines share
a structural limitation: the actor
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Figure 1: Co-evolution with adaptive visual environments

and actors leads to better training.
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keeps changing, but the visual en-

vironment stays fixed. As the actor

improves, fixed tasks drift out of its learning frontier, where many become trivial while others remain
unsolvable. In both regimes, the rollout group provides little useful contrast (Figure 1): the empirical
pass rate p moves toward 1 or 0, the Group Relative Policy Optimization (GRPO) reward variance,
proportional to p(1 — p), collapses, and the learning signal weakens precisely when the actor is ready
to learn more [15]. Crucially, p already tells us exactly how difficult each task is for the current actor,
yet existing methods use it only for normalization or filtering, discarding a signal that could otherwise
guide the environment itself. This raises the central question of our work: can the visual environment
adapt to the actor using the same rollout feedback that trains the actor?

Answering this question (i.e., adapting the visual environment), however, requires more than sim-
ply generating new images. Useful training samples must satisfy two constraints simultaneously.
First, they should be verifiable: edits should not introduce ambiguous questions or incorrect labels,
otherwise the verifiable reward signal that underpins RLVR breaks down. Second, they should be
capability-aligned: edits should move tasks toward the actor’s current learning frontier rather than
making them arbitrarily harder or easier. Human annotation [26, 25] satisfies both but does not scale,
while offline augmentation with stronger teachers [0, 24] reduces annotation cost but produces a
static distribution that cannot track the actor’s evolving weaknesses. What is missing is an automatic
visual environment that adapts to the actor while preserving the validity of the label.

We propose VICO, a co-evolution framework that addresses both requirements through joint training
of two VLMs. The actor learns to answer visual reasoning questions, while the EnvRewriter learns
to perform verifiable structured edits to match the actor’s current ability. For each rewritten task,
we sample a group of actor rollouts and reuse the resulting pass rate p as a shared learning signal:
binary rollout rewards update the actor through GRPO, while p updates the EnvRewriter through
an a-curriculum reward that peaks near p = 0.5, steering edits into the actor’s learnable zone. We
then evaluate VICO across three representative visual reasoning domains, including compositional
reasoning, chart understanding, and general visual question answering, and against three categories
of baselines: text-only rewriting, static-environment self-evolution, and offline augmentation with
stronger teachers, including GPT-5 [29] and Nano Banana [12]. Across eight out-of-distribution
benchmarks, VICO exceeds the strongest self-evolution baseline by +4.3% on average. Notably,
even when stronger image generators are scaled up, static baselines plateau, indicating that the gains
stem from the iterative actor—environment loop rather than from data generation quality alone. Our
contributions are as follows:

* An actor—environment co-evolution paradigm for VLM reasoning. We introduce a
framework in which the visual environment evolves alongside the actor, using the rollout
pass rate p as a shared learning signal. This continually realigns task difficulty with actor
capability and overcomes the saturation that limits fixed-environment self-evolution.

* A verifiable image-editing training framework. We design a pipeline that couples struc-
tured visual editing with RLVR, converting edited images into valid training samples through
deterministic rendering and programmatic relabeling, with no human annotation.

* Strong empirical performance across diverse benchmarks. Across nine multimodal
benchmarks, VICO surpasses RLVR baselines by +15.5% on average, exceeds the strongest
self-evolution baseline by +4.3% on out-of-domain tasks, and outperforms the proprietary
Gemini-2.5-Pro by +2.5%.

* Annotation-efficient training. VICO is competitive with chart-specialized RLVR methods
using 16x—160x fewer labeled samples, demonstrating that adaptive environments can
substitute for large-scale human or teacher-model annotation.

2 Related Work

Reinforcement Learning for Vision-Language Reasoning. RLVR has become a standard post-
training recipe for language and vision-language models, replacing dense human rationales with
rule- or program-checkable outcomes [21, 31]. Recent multimodal extensions of RLVR target multi-
step visual reasoning through cross-modal symbolic formalization [45], scaled rule-based reward
training [27], and combined SFT-RL pipelines [10]. Subsequent work refines RLVR through efficient
visual processing [44], weakness-driven problem generation [23], curiosity-driven exploration [9],
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Figure 2: VICO turns self-evolution into an adaptive actor—environment loop. The EnvRewriter
creates visual tasks, the Actor solves them, and shared rollouts update both policies: task rewards
train the Actor, while difficulty-aligned rewards train the EnvRewriter.

and multi-turn world-model reasoning [37]. While these methods differ in reward design, exploration
strategy, and training schedule, they share a common assumption: a fixed pool of visual tasks. VICO
instead treats the visual environment as a learnable component that co-adapts with the actor, aiming
to unlock new capabilities rather than refine existing ones over a static distribution [48].

Self-Evolving VLLMs. Self-evolving VLMs reduce reliance on human-curated supervision by
letting models generate, solve, or refine their own training data. MM-Zero bootstraps multimodal
reasoning from zero labeled data by proposing and solving visual problems [22], VisPlay self-
generates question-answer pairs from raw images for RL training [17], and Vision-Zero frames self-
improvement as visual self-play with verifiable outcomes [38]. Related efforts apply self-evolution to
visual games [43, 34], perception [50], image-quality assessment [40], self-refinement [11], and OCR
hallucination mitigation [18]. Across these methods, the actor evolves but the visual environment
remains fixed, leaving the training distribution increasingly misaligned with the actor’s current ability.

Co-Evolving VLMs and Environments. A more recent line of co-evolution work allows the
environment to change with the model: GenEnv trains an environment policy for difficulty-aligned
planning tasks [15], V-Zero perturbs the textual side of visual tasks while keeping the image pool
fixed [35], C2-Evo co-evolves multimodal data and model training through model-driven gener-
ation [8], and Active-Zero retrieves from a large external image pool in an offline augmentation
setting [16]. VICO differs from this line in two ways: it edits the visual substructure of each image
rather than perturbing text or retrieving from a fixed pool, directly adapting the modality where
reasoning is grounded; and it uses the actor’s own pass rate as the supervision for environment
updates, providing a difficulty-calibration loop tightly coupled to the actor’s learning trajectory.

3 Methodology

VICO views visual reasoning training as an actor-environment curriculum process rather than a single
model self-optimization problem. We maintain two policies: an actor 7, (the vision-language model
being trained) and an EnvRewriter mg (the environment that produces training samples). Unlike
standard RLVR with a fixed training source, VICO enables both to co-evolve: 7, learns to solve
visual reasoning tasks whose difficulty is shaped by the current EnvRewriter, while 7y is rewarded
for producing edited images whose difficulty is aligned with the actor’s current capability — targeting
the “learnable zone” where the learning signal is most effective.

3.1 Data-Evolving Paradigm: From Static RLVR to Adaptive Co-evolution

Standard RLVR minimizes a loss £() over a static dataset Dy = {(z, ¢, @)}, where 0 denotes the
parameters of the actor. In contrast, VICO implements a Data-Evolving Paradigm. At each round ¢,
the training dataset D; is generated dynamically by the EnvRewriter 7, based on the actor’s current
pass rate. This establishes a feedback loop (Figure 2) in which the EnvRewriter’s goal is not to beat
the actor, but to identify its “breaking points” and convert them into a training signal.



Table 1: VICO keeps edited samples verifiable across domains. Structured domains use determin-
istic recomputation, while natural images use constrained answer preservation; neither needs judging
or relabeling.

Domain Editing Interface Label-Validity Rule

CLEVR [19] Edit the scene graph: attributes, objects, shapes, or Re-execute the question program on the edited
relations. graph; reject rendering or ambiguity failures.
ChartQA [26]  Edit the CSV table under a two-tier rule: Tier 1 hasa Tier 1 computes a’ = table’[r, c|; Tier 2 pre-
unique answer cell; Tier 2 has no unique cell mapping. serves a’ = a. Reject schema, rendering, or
invariance failures.
ZwZ [39] Edit only the complement of protected target masks, Preserve (¢’,a’) = (g,a); reject edits whose
e.g., background or non-target distractors. mask overlaps protected targets or fails rendering.

3.2 Seed Visual Data and Verifiable Sample Generation

We start VICO from a small seed visual dataset and let the EnvRewriter derive additional training
examples by editing the structured or protected representation of each seed sample in subsequent
rounds. The key requirement is that every edited sample remains label-valid while its difficulty
changes. We therefore avoid unconstrained pixel-level generation. Instead, the answer can either
be recomputed programmatically from the edited structure or preserved by construction through
constrained editing. Table 1 summarizes the editing interface for each domain.

We experiment with three types of data: 2,000 CLEVR with scene graphs and question programs,
2,000 ChartQA with their underlying CSV tables, and 1,000 ZwZ with answer-relevant region
annotations. The actor—environment co-evolution loop is shared across all three domains; only
the verifiable editing interface depends on the structure available in each dataset. More details are
provided in Appendix C. We further analyze seed-sampling stability in Appendix H.5; three ChartQA
runs with different seed samples fluctuate by less than 2%.

3.3 Rewards and Co-Evolutionary Optimization

Actor Reward and Update. The EnvRewriter generates a training instance (2/, ¢, a’) with a veri-
fied answer a’, where a’ is programmatically computed from the modified structured representation
(Appendix C). This verifiable answer enables rule-based rewards, avoiding neural reward models that
are prone to reward hacking. The actor’s response receives a reward +1 if it both produces the correct
answer (exact match against a’) and follows the required <think>/<answer> format; otherwise, it
receives —1 (Appendix B.4) [52]. The actor 7, is updated to maximize this reward via GRPO [31]
on edited triples sampled from D,

EnvRewriter Reward and Update. The core innovation for 7 is a difficulty-calibration reward
that targets a success-rate band around o = 0.5. For each edited image ', the actor generates
K rollouts, and we compute the empirical pass rate pan, as the fraction of correct rollouts. The
EnvRewriter reward is a bell-shaped function of pg,a peaked at oo (Appendix B.4), which discourages
edits that are already mastered (Pana — 1) or hopeless (Pana — 0). We additionally apply a difficulty
filter that excludes edits with |pgna — | > kmin from EnvRewriter updates, where kmin € (0, %] is the
maximum allowed deviation from «, to prevent overfitting to transient spikes; a theoretical justification
is provided in Section 4. The EnvRewriter 7 is updated via Reward-Weighted Regression (RWR)
on a weighted SFT set of edit trajectories, with stability ensured by a KL penalty to the initial
EnvRewriter 71';?) and a maximum KL threshold §,,,,x. Appendix B.1 Algorithm 1 summarizes the
full optimization loop.

4 Theoretical Analysis of Difficulty-Calibrated VICO

We provide a simple analysis to clarify two properties of VICO’s co-evolution mechanism. First,
edits with pass rates close to o = 0.5 provide the strongest learning signal for the actor. Second, as
the actor matures, the optimal target can shift away from 0.5, which explains the saturation observed
in our experiments. Full derivations are deferred to Appendix E.



Intermediate difficulty maximizes the actor’s learning signal. Consider a stylized bandit setting
where the actor receives a binary reward r € {0, 1} with success probability p on an edited image
2’. Under a REINFORCE-style update [41] with a variance-minimizing baseline [20], and under a
standard bounded-score assumption for policy-gradient updates, the squared gradient norm satisfies

E[llg(«’,7)|I*] o p(1—p), 4.1

up to constants independent of p. Since p(1 — p) is concave and maximized at p = 1/2, the gradient
signal is strongest for edits of intermediate difficulty. Equivalently, maximizing p(1 — p) is the
same as minimizing (p — %)2 This supports adopting the a-Curriculum reward [15] Ryewriter(P) =

exp(—B(p — a)?) with a = 0.5 as the difficulty-calibration objective for the EnvRewriter.

A drift-corrected target predicts saturation. The target & = 0.5 is optimal only when edits are
costless. As the actor improves, its pass rate Porig ¢ On the unedited image rises. Forcing the edited
sample back to p = 0.5 may then require increasingly aggressive edits. These edits can move the
training distribution away from the natural image manifold [1]. We model this trade-off by adding a
quadratic drift penalty:

AAcc; = Ctp(l - p) - /\K«t(p - ﬁorig7t)2; 4.2)

where C; > 0 denotes the actor’s remaining learning headroom, and Ax; > 0 controls the drift cost.
Maximizing this concave objective gives

)\Iﬁ?t
= €l
Ct + )\Ht
so the optimal target is a convex combination of 0.5 and Poig,:. When the actor has large headroom
(pt — 0), the optimal target remains near 0.5. As headroom shrinks or drift cost increases (p; — 1),
the optimum moves toward the unedited pass rate. Continued editing then enters a drift-dominated
regime, where stronger perturbations bring smaller gains and may eventually hurt performance. This

analysis predicts diminishing per-round gains, fewer sweet-zone samples, and eventual saturation,
which we verify in Appendix E.6.

pi =%+ pt (Porigt —2), pt= 0,1], 4.3)

S Experiments

5.1 Experimental Setups

Training Setup. For the Actor 7,, we train via GRPO [31] with n = 8 on-policy rollouts and a
learning rate 1x 1076, The EnvRewriter 7, is updated via reward-weighted LoRA SFT with 8 = 4.0
and o = 0.5 ([15]). We use AdamW for both policies, run VICO for T' = 5 rounds, and use up to 8 X
A100-80GB GPUs with verl [32]. We train Qwen3-VL-8B [2] on three visual datasets, and Qwen2.5-
VL-7B [3] and InternVL3-8B [53] on chart understanding to assess backbone generalizability.
We validate VICO on three visual reasoning domains: CLEVR [19] for compositional reasoning,
ChartQA [26] for chart reasoning, and ZwZ [39] for natural-image VQA. Full hyperparameters,
two-stage training, dataset examples, and multi-seed analyzes are in Appendix B.

Tasks and Datasets. We evaluate on nine benchmarks under identical zero-shot settings (tem-
perature 0.7, top-p 1.0, max response length 3,824 tokens). For mathematical reasoning, we use
MathVista [25], MathVision [36], MathVerse [51], WeMath [30], and LogicVista [42]. For chart
reasoning, we use ChartQA [26]. For general vision-centric understanding, we use MMMU [47],
MMVP [49], and BLINK [13]. The Average column in Table 2 is the equally weighted average of the
mathematical-reasoning average and the vision-centric average.

Baselines. We compare VICO against three categories of strong baselines reflecting different
post-training paradigms: (1) RLVR-trained reasoning models trained with RLVR on human-
labeled data—R1-OneVision-7B [45], MM-Eureka-Qwen-7B [27], OpenVLThinker-7B [10]; (2)
Self-evolution models that evolve the model in a fixed environment—MM-Zero-8B [22], three
VisionZero-7B variants (CLEVR, Chart, Real-world), and VisionZero-InternVL3-8B [38]; (3) Co-
evolution baseline V-Zero [35], which perturbs question-answer pairs without editing the visual
environment. These three categories isolate the effect of visual-environment co-evolution from
data-rich RL post-training and model-side self-evolution. Implementation details are in Appendix B.



Table 2: VICO achieves the strongest overall performance among comparable open-source
VLMs. We report accuracy on nine multimodal reasoning benchmarks; bold marks the best result
and underline marks the second-best among non-commercial models.

Basclines (1) | Mathematical Reasoning | General Vision-Centric | An
Datasets (—) | MathVista MathVision ~ ChartQA  MathVerse  WeMath  LogicVista | avg. | MMMU  MMVP BLINK | ave | avg
Commercial VLMs (For reference)

GPT-40 614 304 80.7 502 40.0 459 514 65.1 863 60.0 7047 610
GPT-5 802 411 85.9 68.1 647 49.1 649 68.6 847 7438 76.0 704
Gemini-2-Flash 734 413 770 544 57.1 56.2 569 526 830 596 65.1 625
Gemini-2.5-Pro 7238 296 80.1 67.0 68.9 527 619 5438 757 78.1 69.5 657
Gemini-3.1-pro 833 347 84.1 678 65.9 574 655 600 89.7 835 717 716
Open-Source VLMs

Qwen2.5-VL-7B 682 256 76.4 39.6 60.7 472 530 547 768 552 622 57.6
Qwen3-VL-8B 617 315 769 506 720 55.1 59.0 558 717 68.9 675 632
InternVL3-8B 60.4 213 69.9 322 613 346 46.6 553 643 612 603 535
InternVL3-14B 74.1 338 873 442 689 516 60.0 564 7630 602 643 622

RL-Trained Reasoning Baselines

OpenVLThinker-7B 70.2 253 59.9 47.9 36.5 443 474 36.1 71.7 61.2 50.0 48.7
MM-Eureka-Qwen-7B 73.0 26.9 58.2 50.3 36.2 429 419 50.1 73.0 583 517 49.8
MM-Eureka-InternVL-8B 62.4 22.1 54.9 32.1 582 389 44.8 516 74.3 61.0 50.0 47.4
R1-OneVision-7B 64.1 24.1 734 46.4 61.8 445 524 46.4 61.3 48.7 523 52.3

Self-evolution

MM-Zero (Qwen3-VL-8B) 67.7 396 80.8 45.1 734 55.4 60.3 587 713 615 67.8 64.1
VisionZero-Qwen2.5-VL-7B (CLEVR) | 72.2 284 863 532 49.8 458 56.0 53.0 795 56.0 580 570
VisionZero-Qwen2.5-VL-7B (Chart) 724 289 872 525 512 435 56.0 53.6 79.1 56.8 58.1 570
VisionZero-Qwen2.5-VL-7B (RW) 73.1 285 863 52.1 50.8 426 55.6 525 792 572 578 56.7
VisionZero-InternVL3-8B 622 242 530 329 287 418 405 56.9 69.0 633 472 439
Co-evolution
V-Zero (Qwen2.5-VL-7B) 69.6 270 - 426 - 486 470 | 586 - 66.9 628 549
VICO-Qwen3-VL-8B (CLEVR) 728 410 863 56.0 76.8 578 65.1 64.9 803 69.9 717 68.4
Direct GRPO 716 12, 37852, 78052, 540 20, 71256, 5471, | 612 50, 641 o5, 783 50, 661 55, | 695 20, | 654 50,
Supervised GRPO 694 54, 369 41, 786.7. S4l_ie, 72543, 560 1s, | 612 50, 546 105, 763 40, 6831, | 664 54, | 638 i
VICO-Qwen3-VL-8B (Chart) 784 394 89.1 55.0 74.5 565 655 652 79.7 70.5 718 68.6
Direct GRPO 709 75, 379 15, 83854, 527 s5, 713015, 5704051 | 62550, 650 g2, 77720, 658 17, | 695 24, | 66.0 s
Supervised GRPO 756-28,  36.0_53,  794-07, S18.a5; 700 4a,  560_05, | 615 50, 568-sa,  767-a0, 68718, | 674 44 | 644 2
VICO-Qwen3-VL-8B (Real VQA) 75.8 40.8 862 54.1 732 59.6 65.0 615 793 715 708 67.9
Direct GRPO 719 5o, 370 g7, 79864, SL0_g1y 72111, 58314, | 617-sa, 53775, 71716, 572-108, | 62970, | 623 54
Supervised GRPO 706-52, 37652, T10-02, S530_1., 71220, 589 o7, | 6ld4_sg, 542 75, 76350, 588 1o7, | 630 77 | 622 5

Table 3: VICO improves VLM backbones with far less training data. The same pipeline improves
Qwen2.5-VL-7B and InternVL3-8B, while using 16 x—160x less data than chart-specialized RL
models. Overall average uses the seven displayed benchmarks; bold marks the best result and
underline marks the second-best. *Average is computed over reported columns only.

Baselines (]) | Seed Data | Mathematical Reasoning | Vision-Centric Overall
Datasets (—) ‘ ‘ MathVista ~ MathVerse ~ ChartQA ~ WeMath  LogicVista ‘ MMMU  BLINK ‘ avg.
Chart-Specialized Methods

Chart-R1-7B [7] ~33k - - 91.0 - - - - -
Bespoke-MiniChart-7B [28] ~91k - - 89.5 - - - - -
ECD (Qwen2.5-VL-7B) [46] ~320k - - 853 - - - - -
Qwen2.5-VL-7B Family

Qwen2.5-VL-7B (base) - 68.2 39.6 76.4 60.7 47.2 54.7 55.2 574
OpenVLThinker-7B [10] ~50k 70.2 479 59.9 36.5 443 36.1 61.2 50.9
MM-Eureka-Qwen-7B [27] 15k 73.0 50.3 58.2 36.2 429 50.1 583 52.7
R1-OneVision-7B [45] 10k 64.1 46.4 734 61.8 445 46.4 48.7 55.0
VisionZero-Qwen7B (CLEVR) [38] 2000 72.2 532 86.3 49.8 45.8 53.0 56.0 59.5
VisionZero-Qwen7B (Chart) 1000 72.4 52.5 87.2 51.2 43.5 53.6 56.8 59.6
VisionZero-Qwen7B (Real-world) 1000 73.1 52.1 86.3 50.8 42.6 52.5 57.2 59.2
C2-Evo [8] - 50.2 19.1 - - - - - 34.7°
VICO-Qwen2.5-VL-7B (Chart) 2000 72.8 54.9 88.0 67.6 44.0 53.8 53.7 62.1
InternVL3-8B Family

InternVL3-8B (base) - 60.4 322 09.9 61.3 34.6 55.3 61.2 53.6
MM-Eureka-InternVL-8B 15k 624 32.1 54.9 58.2 38.9 51.6 61.0 513
VisionZero-InternVL3-8B 2000 622 329 53.0 28.7 41.8 56.9 63.3 484
VICO-InternVL3-8B (Chart) 2000 68.9 57.6 80.6 63.4 40.2 557 58.5 60.7

5.2 Main Results

VICO-actor consistently improves over the base model and outperforms three categories of
baselines: RL-trained reasoning models, self- and co-evolution methods. Table 2 presents the
main comparison. For the Chart Understanding variant, we report the OOD average over the eight
benchmarks excluding ChartQA, which is its in-domain benchmark. For the CLEVR and ZwZ
variants, all nine evaluation benchmarks are treated as out-of-domain. Notably, VICO attains these
improvements using only 2000 seed inputs, which is 16 x—160x fewer than the chart-specialized
RLVR baselines that depend on large amounts of human or model-generated CoT annotations
(Table 3). The strongest variant, VICO-8B (Chart), achieves the best OOD average accuracy of
64.9% (excluding in-domain ChartQA), improving over the base model by +5.0%. Against RL-
trained reasoning baselines, VICO surpasses them by +15.5% on average. Against the strongest



Table 4: Visual edits outperform text-only Table 5: Iterative co-evolution beats static aug-

perturbations. With the same CLEVR seed mentation. Strong offline generators such as
source, image editing in VICO improves the GPT-5 and Nano Banana improve ChartQA ac-
overall average by +6.1%, compared with curacy, but they remain below actor-conditioned
+2.4% for text edits. The largest gap appears visual co-evolution, which reaches 89.1%.
on ChartQA (+94% VS. +09%) Setting lI;(e)r. Veif;;tal ChartQA
Bench " B VICO-Qwen3VL-8B  VICO-Qwen3VL-8B P

enchmar 95¢€  (CLEVR, text-edit)  (CLEVR, image-edit) Base (Qwen3-VL-8B) _ _ 76.9

Mathematical reasoning Static offline augmentation (no loop)

MathVista 67.7 70.3. 561 72.8. 5.1+ Offline-Random (self-gen) X v 7864171
MathVision ~ 31.5 39.047.5¢ 41.0.49 5+ Offline-GPT-5 X v 80.145.01
MathVerse 50.6 5394331 56.0. 5. 41 Offline Nano Banana X v 819 5.01
WeMath 720 7304004 76.8 4 51
LogicVista 55.1 541 4.0, 578,070 RLVR-only (no environment adaptation)
Chart reasoning Supervised GRPO X X 7945 51
Direct GRPO X X 83.8 .01
CharQA 769 718+0.01 863:0.41 VICO-Qwen3VL-8B (Chart, text-edit) v x 7724001
Overall avg. 59.0 614,241 65.1,6.11 VICO-Qwen3VL-8B (Chart, image-edit) 4 v 89.1, 12 21
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Figure 3: VICO trains stably and induces an emergent curriculum. (a) GRPO reward improves
smoothly. (b) ChartQA accuracy peaks at Round 4 with a +12.2 gain. (c) Actor responses grow
by +49%, suggesting harder tasks and longer reasoning. (d) Gains concentrate on reasoning-heavy
question types.

self-evolution baseline (MM-Zero), the three VICO variants surpass it by +4.3% on the OOD
benchmarks. Against the text-editing co-evolution baseline (V-Zero), VICO outperforms it by +8.4%
on the overlapping benchmarks. Beyond open-source baselines, VICO-8B also outperforms Gemini-
2-Flash and Gemini-2.5-Pro by +5.2% and +2.5% on the OOD benchmarks, showing that an 8B
model trained through co-evolution can compete with much larger proprietary VLM:s.

VICO has strong generalization across OOD domains and models. As shown in Table 2, VICO-8B
variants gain +5.2% on average across OOD benchmarks. The transfer is strongest in mathematical
reasoning: without math-specific training, VICO-8B (CLEVR), VICO-8B (Chart), and VICO-8B
(ZwZ) improve over Qwen3-VL-8B by +5.5%, +5.4%, and +5.3% on MathVista, MathVision,
MathVerse, WeMath, and LogicVista. This suggests that VICO learns transferable reasoning skills
rather than domain-specific edit shortcuts. By comparison, existing RLVR baselines transfer less
reliably: R1-OneVision-7B and MM-Eureka-Qwen-7B improve on one benchmark, but Qwen2.5-
based RLVR baselines drop by —7.3% on average relative to their base models. VICO also transfers
across backbones. Table 3 shows that VICO-Qwen2.5-VL-7B (Chart) and VICO-InternVL3-8B
(Chart) improve over their base models by +4.7% and +7.1% on average.

Editing images is more effective than rewriting text alone. We compare visual-environment
editing with text-only perturbation in Table 4. Within the same VICO environment, image editing
yields a +6.1% gain in the evaluated reasoning benchmarks, while text-only perturbation improves
by only +2.4%. The gap is especially clear on ChartQA, where image editing gains +9.4% versus
only +0.9% for text-only perturbation. This finding is further supported by independent evidence:
in the separately developed V-Zero framework, text-only perturbation also improves mathematical
reasoning by only +1.8% over its base model. Together, these results show that the key bottleneck is
the editing modality itself: effective co-evolution requires modifying the visual environment, not just
rewriting the text.



VICO trains stably and improves across training rounds. Figure 3(a) shows that the step-wise
GRPO training score increases smoothly without collapse or divergence. Across rounds, Figure 3(b)
shows that VICO steadily improves on ChartQA. Accuracy rises from 76.9% at the base model
to 89.1% at R4, giving a total gain of +12.2%. Each round contributes a positive gain. This
improvement also appears at the sample level. Appendix Table 20 shows that R1 unlocks 13.9% test
samples, and the cumulative unlocked fraction grows to 16.1% by R4. These results show that VICO
accumulates new correct behaviors across rounds rather than reflecting round-specific fluctuations.

VICO’s Gains concentrate on reasoning-heavy question types. Figure 3(d) breaks down ChartQA
accuracy by task type. The largest gains appear in multi-step reasoning, including ratio/percentage
(4+29.8%), value lookup (+20.1%), and difference (+11.9%). In contrast, visually simpler tasks
improve less, such as comparison (+7.1%) and counting (+8.2%). The yes/no category slightly drops
(—2.6%), likely because it is already saturated. These results suggest that VICO mainly improves
reasoning-intensive skills rather than simply boosting easy visual recognition patterns.

VICO turns errors into correct answers with limited regression. To understand where the gain of
round 4 comes from, we compare each sample’s correctness between the base model and our round
4 actor on the ChartQA test set (Appendix Table 19). VICO converts 365 samples from wrong to
right (14.6%), while only 64 samples flip from right to wrong (2.6%). This gives an improvement-
to-regression ratio of 5.7x. The net gain of 301 samples corresponds to +12.0%, closely matching
the aggregate accuracy gain of +12.2%. Qualitatively, wrong-to-right cases often show explicit
step-by-step decomposition, whereas the base model tends to give single-shot answers; examples
are provided in Appendix I.5. These results show that the gains mainly come from newly acquired
correct behaviors, not from trading off many previously correct samples.

5.3 Co-Evolution Dynamics, Capability Emergence, and Ablations

We then examine whether the actor—environment loop behaves as intended and whether this loop is
the source of the gains.

Both Rewriter SFT and the co-evolution loop Table 6: Rewriter initialization is not enough;
are required. Table 6 separates the roles of su- co-evolution unlocks the full gain. Actor SFT
pervised initialization and iterative co-evolution. (w/o co-training) and a vanilla EnvRewriter give
Actor SFT alone improves ChartQA by only modest gains (+2.5% and +1.7%), while an SFT-
+2.5%, so stronger actor initialization cannot initialized EnvRewriter optimized in the actor—
explain the full gain. Running the co-evolution environment loop reaches +12.2%.

loop with a vanilla EnvRewriter gives only

+1.7%, because the Rewriter cannot effectively ~ Baselines ChartQA (A)
produce executable edit plans. Thus, the loop — pg,ee (Qwen3-VL-8B) 76.9
alone is also insufficient without a valid envi-  Actor SFT only 794 1o
ronment policy. The full +12.2% gain appears  Co-evolution (w/ Vanilla Re-writer) 78.6 1171
only when the EnvRewriter is SFT-initialized  Co-evolution (VICO) 89.1 .15

and then optimized through the iterative actor—
environment loop. This shows that Rewriter SFT provides valid environment edits, while co-evolution
turns those edits into actor-aligned training signals.

The EnvRewriter learns bidirectional difficulty calibration. We compare two domains with
opposite initial actor competence: ChartQA starts easy for the actor (Dorig ~ 0.85), while ZwZ starts
hard (Porig ~ 0.21). The EnvRewriter adapts in opposite directions. It makes ChartQA harder and
lowers pPnai, While making ZwZ easier and raising pn,r. In both cases, pan, enters [0.35, 0.65] within
the first few rounds (Figure 4). This shows actor-relative calibration instead of random perturbation.

Stronger edits reflect learned decisions, not longer instructions. We next ask whether the
EnvRewriter becomes a stronger editor across rounds. We measure edit intensity as |forig — Dfinal |,
the pass-rate shift caused by an edit for the current actor. Edit intensity increases from 0.22 to 0.51,
showing that the EnvRewriter changes task difficulty more effectively. This increase is not due
to longer outputs: the average instruction length remains nearly unchanged (973 — 981 tokens)
(Figure 10 in the Appendix). In contrast, the actor’s response length grows by +49% (Figure 3(c)),
consistent with longer reasoning traces on harder tasks. These trends provide behavioral evidence
of co-adaptation: the EnvRewriter produces more targeted edits, while the actor adapts with more
elaborate reasoning. Additional analyzes are provided in Appendix [.2 and Appendix L.5.
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Figure 4: The EnvRewriter calibrates bi-directional difficulty. On ChartQA, edits lower a strong
Actor’s pass rate; on ZwZ, edits raise a weak Actor’s pass rate, moving both toward the sweet zone.

Table 7: VICO remains robust under imperfect editing. Training with 20% failed-edit images
causes only a slight drop, showing that the co-evolution loop does not need a flawless image editor.

Baselines () Mathematical Reasoning Vision-Centric Overall
MathVista MathVision ChartQA  MathVerse WeMath avg. MMMU MMVP BLINK avg. avg.
Qwen3-VL-8B 67.7 31.5 76.9 50.6 72.0 59.8 55.8 71.7 68.9 67.5 63.6
Round] (clean) 73.6 359 85.2 53.6 74.0 64.5 60.2 78.3 69.0 69.2 66.8
Round1 (noise-20%) 72.9 35.5 84.8 52.2 72.7 63.6 58.4 78.0 68.9 68.5 66.0

The iterative visual co-evolution loop drives the gains. We ablate whether the improvement comes
from the co-evolution loop, the stronger offline data or RLVR-only training. First, we remove the loop
and compare it against static offline augmentation. As shown in Table 5, stronger teachers improve
the fixed corpus only modestly: Qwen3-VL-8B self-generation, GPT-5, and Nano Banana reach
78.64%, 80.10%, and 81.91% on ChartQA. All remain below 82%. In contrast, VICO-8B (Chart)
reaches 89.12%, exceeding the strongest static method by +7.21%. Scaling the offline teacher from
self-generation to Nano Banana gives only +3.27%, while adding the iterative loop gives +7.21%.
Second, we keep the RLVR setup fixed but remove Rewriter-driven environment adaptation. Across
all VICO variants, co-evolution outperforms Direct GRPO by +3.7% and Supervised GRPO by
+4.8% on average. These results show that the gains come from VICO'’s iterative, difficulty-aligned
actor-environment co-evolution.

VICO is robust against imperfect image editing. Automatic image editors may produce blank
images, unchanged images, or image-label mismatches. We therefore stress-test VICO by corrupting
20% of the R1 training data. As shown in Table 7, the overall average performance drops by less
than 1%. The noisy model still remains well above the baseline model. This shows that VICO does
not require a flawless image editor: failed edits do not dominate training, and the remaining valid
samples are sufficient for stable co-evolution. Additional details in Appendix H.4.

Image-generator capability does not replace co-evolution. Our editing strategy must control
difficulty while keeping labels verifiable. Simple perturbations, such as noise, rotation, or blur, can
lower the Actor’s pass rate, but they mostly add perceptual noise and may shift samples away from
the task distribution. Strong image generators produce better images, yet unconstrained generation
can still cause answer drift or ambiguous labels. In contrast, VICO edits verifiable visual structures
and preserves supervision through programmatic relabeling or answer-preserving editing. Thus,
strong generators are useful backends, but not replacements for VICO: the core benefit is the actor-
conditioned loop that selects, verifies, and re-aligns edits using rollout feedback. See Appendix K.

6 Conclusion

We present VICO, a co-evolution framework that reframes visual reasoning training as a dynamic,
data-evolving co-evolution between an actor and an EnvRewriter, rather than a model-evolving
process over a static corpus. By repurposing the rollout pass rate as a shared learning signal, VICO
jointly trains an actor and an EnvRewriter that edits verifiable visual substructures toward the actor’s
learning frontier, producing difficulty-calibrated training samples without any additional human



annotation. Across nine multimodal benchmarks, VICO consistently outperforms strong RLVR,
self-evolution, and co-evolution baselines, generalizes to out-of-distribution tasks unseen during
training, and remains stable across multiple VLM backbones, exceeding the strongest self-evolution
baseline by +4.3% on out-of-domain tasks while using up to 160x fewer labeled samples. Together,
these results suggest that the bottleneck in visual reasoning post-training is not the size of the static
corpus but the fixed nature of the environment itself, and that difficulty-aligned visual editing offers a
scalable path forward in domains where high-quality human annotation is costly to obtain.
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A Limitations, Future Work, and Impact Statement

Limitations Although VICO shows strong empirical gains across multimodal reasoning bench-
marks, several limitations remain. First, VICO relies on a verifiable image-side structure for editing.
In CLEVR and ChartQA, this structure is provided by scene graphs or chart tables; in natural-image
VQA, it is approximated by protected region masks. Extending the framework to visual domains
without such structures or reliable region annotations remains an important direction.

Second, VICO introduces additional compute costs because each round estimates actor pass rates
with multiple rollouts and updates both the actor and the EnvRewriter. This cost is higher than that
of one-shot static augmentation, although it enables the training distribution to adapt to the actor’s
evolving capabilities.

Third, our evaluation focuses on visual reasoning tasks with verifiable answers. Open-ended gen-
eration, dialog, and real-time interactive environments are outside the current scope. Future work
can study adaptive difficulty targets, broader visual domains, and tighter integration with more
general-purpose image editors.

Future work Future work can extend VICO to more complex multimodal tasks beyond static
image reasoning. We plan to broaden the framework to tasks that require richer visual grounding,
multi-image comparison, diagram reasoning, and tool-assisted multimodal problem solving. These
settings require the environment to edit not only visual appearance but also higher-level task structure
while preserving verifiable supervision.

Impact Statement VICO aims to reduce the reliance on large-scale human annotation for VLM
post-training by turning existing visual data into adaptive, label-valid training samples. This may
make visual reasoning training more scalable and accessible, especially in domains where high-quality
annotations are expensive. At the same time, automatic image editing can introduce artifacts, biases,
or label drift if used without verification. Our framework mitigates these risks through deterministic
relabeling, answer-preserving constraints, and filtering, but careful validation remains necessary
before applying similar systems to high-stakes domains.

B Implementation Details

B.1 VICO: Algorithm Details

Algorithm 1 VICO jointly updates the Actor and EnvRewriter from shared rollouts. Each round
generates edited tasks, evaluates Actor rollouts, updates the Actor with task rewards, and updates the
EnvRewriter with difficulty-calibration rewards.

Require: Actor 74, EnvRewriter g, seed dataset Dseeq = { (4, g4, a4, o) }, number of rounds 7', rollouts per sample
K, target pass rate o, difficulty filter threshold K in, RWR temperature A
Ensure: Trained actor 7., EnvRewriter g
Initialize actor pool D, <— &, EnvRewriter pool Dr < &
forroundt =1,...,7 do
Stage 1: Online Generation & Interaction
Sample edit batch: Ty < {(z}, ¢}, a})} where u; ~ R (- | x;,0:), z, = R(u;(0}))
for each edited triple (2}, ¢}, a’) € T¢ do
Sample K rollouts {é;, <, from 7o (- | 27, ¢})
Compute actor reward Ractor(ai,, @) for each rollout
Compute pass rate p; < k;/K
Compute EnvRewriter reward Ryewriter (D)
end for
Stage 2: Joint Update
Update 7 via GRPO on ¢ to maximize E[Ractor]
Filter: Tt < {(24,04,u;) : |Pi — o] < Emin}
Build weighted SFT set: D, <— { (4, 04, ui, w;) : wi o< exp(ARrewriter (i)}
Update wr via RWR on ﬁf,% to maximize E[Ryewriter]
Stage 3: Aggregation
Dy < Da U Valid(T;)
Dr < DrU ﬁ%
end for
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VICO trains an Actor and an EnvRewriter in an iterative actor—environment loop. The Actor
learns from verifiable rollout rewards, while the EnvRewriter learns from the Actor’s empirical
pass rate on its edited samples. The two models share a common pool of rollouts: each rollout
simultaneously yields a task-level reward used to update the Actor and a difficulty signal used to
update the EnvRewriter, enabling co-evolution without doubling the inference cost. The complete
training loop is summarized in Algorithm 1 and described below.

Inputs and initialization The pipeline starts from a seed visual dataset Dgeeq = {(2,q,a,0)},
where z is the image, ¢ is the question, a is the answer, and o is a verifiable substructure when

available, such as a CLEVR scene graph or a ChartQA data table. We initialize the Actor m(LO) and

the EnvRewriter ﬂ](,g) from the same pretrained VLM family. The EnvRewriter is first SFT-initialized
to produce executable edit commands. Four hyperparameters control the loop: the number of rounds
T, the rollouts per sample K, the target pass rate o (we use o = 0.9), the difficulty filter threshold
kmin that discards edits whose pass rate is too far from «, and the RWR temperature A that controls
how sharply the EnvRewriter is biased toward high-reward edits. Two online pools, the Actor pool
D, and the EnvRewriter pool Dpg, are initialized empty and grow throughout training.

Stage 1: Online generation and interaction At the start of each round ¢, the EnvRewriter proposes
a structured edit command w; ~ 7g(- | z;,0;) over the verifiable substructure o; for every seed
instance. A domain renderer or editor produces the edited image z; = R(u;(0;)), and the answer
a) is either computed programmatically from the edited structure or preserved by construction
under the domain-specific validity rules in Appendix C. Thus, every retained sample is label-valid
without model-based labeling. For each edited triple (2}, ¢;, a}), the Actor samples K responses,
and each response receives the rule-based Actor reward defined in Appendix B.4. We then compute
the empirical pass rate p; = k;/K, where k; is the number of correct rollouts, and map it to the
difficulty-calibration reward Riewriter, Which peaks when p; matches the target «.

Stage 2: Joint update The two models are updated from the same batch of rollouts, but with
different reward signals. Valid edited triples (7}, ¢}, a;) are used to update the Actor 7, via GRPO
to maximize E[Ry], leveraging the within-group advantage normalization that makes GRPO
robust to scale differences across edits. The EnvRewriter 7 is updated via Reward-Weighted
Regression (RWR): we first apply a difficulty filter, retaining only edits whose pass rate falls within
[ — kmin, @ + kmin], and then construct a weighted SFT set in which each retained edit transition is
weighted by exp(ARyewriter)- Fine-tuning 7 on this set biases it toward edits that land close to the
target band. We additionally apply a KL penalty to the initial EnvRewriter and cap the per-step KL to
prevent the editor from drifting into degenerate or off-distribution edit distributions.

Stage 3: Aggregation After each round, valid edited triples (those that render successfully and
pass label-consistency checks) are appended to the Actor pool D, while the weighted edit transitions
are appended to the EnvRewriter pool Dy. Both pools persist across rounds, so the Actor sees an
increasingly diverse set of edited tasks, and the EnvRewriter learns from an increasingly informative
history of difficulty signals. The updated Actor and EnvRewriter then become the starting point for
the next round.

Why this differs from static RLVR? The key distinction from static RLVR is that the empirical
pass rate p is not used only as a filtering statistic. It is also reused as an actor-relative supervision
signal for the EnvRewriter, allowing the visual environment to track the Actor’s current capability.
Crucially, the loop requires no new human-labeled QA: the seed representation o; provides the
editable interface, and labels for edited samples are either recomputed or preserved through explicit
validity constraints.

B.2 Actor GRPO Training Details

For the Actor 7,, we use GRPO with rule-based rewards. For each edited prompt, we sample multiple
on-policy rollouts and score them with exact-match answer verification plus a format check. Unless
otherwise stated, rollout sampling uses temperature 0.7, top-p = 1.0, and a maximum response length
of 3,824 tokens, matching the zero-shot evaluation setting in the main text.
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In the ChartQA multi-round runs, each round trains on approximately 1500-2500 EnvRewriter-
generated modified training images, together with a fixed regularization set of 2,000 original ChartQA
samples. The resulting Actor checkpoint initializes the next round.

B.3 EnvRewriter SFT and RWR Details

The EnvRewriter is trained in two stages. First, we initialize it with format-aware SFT on verified edit
demonstrations generated by GPT-5. This stage teaches the model to produce structured, executable
edit commands, use the available edit operations, and propose edits that adjust task difficulty while
preserving label verifiability. Second, during co-evolution, we update the learned EnvRewriter using
reward-weighted regression over valid edit transitions collected through interaction with the Actor.

For each executed edit, the current Actor produces K rollouts on the resulting sample. The empirical
pass rate p is used to compute the edit’s RWR weight according to the bell-shaped difficulty objective
in Appendix B.4. These weights are computed from the outcome of each edit turn. Invalid or
unexecutable edits, as well as edits outside the RWR difficulty band, are excluded from the RWR
target set. This encourages the EnvRewriter to concentrate its probability mass on valid edits near the
Actor’s learnable zone. Actor training data are constructed separately: samples that satisfy execution
and label-validity requirements may be retained even when their pass rates fall outside the RWR
difficulty band.

GPT-5 as a strategic trajectory generator. We use GPT-5 to generate editing demonstrations for
training the EnvRewriter. Given a seed sample, its editable structure, the current Actor’s empirical
pass rate, the target difficulty band, and the domain-specific edit schema, GPT-5 proposes a structured
edit command intended to adjust the task’s difficulty. The command is executed by the environment,
and the resulting sample is evaluated by the Actor. The execution outcome and Actor feedback can
then be included in the context for subsequent edits, producing actor-conditioned editing trajectories.
GPT-5 provides the edit proposals, but it does not serve as the authority for either ground-truth labels
or training rewards. Labels are obtained through domain-specific recomputation or checked for
answer preservation, depending on the edit setting, while difficulty is measured using Actor rollouts.
We construct the SFT dataset from executable, verified demonstrations whose edits move the Actor’s
pass rate closer to the target pass rate. These demonstrations supervise both the edit-command format
and the choice of editing strategies.

EnvRewriter interface. The EnvRewriter is an LVLM policy initialized from the same model
family as the Actor and SFT-initialized to produce executable edit commands. Its input contains
the image, question, answer, editable structure o, current Actor pass rate p, target pass rate «, and
the domain-specific tool schema. Its output is a structured tool call with fields tool, params, and
reasoning. For example, in ChartQA, the EnvRewriter may output a chart_rerender command
that edits the underlying CSV table and re-renders the chart. The command is executed by the domain
renderer or image editor, and the resulting sample is kept only if it passes the validity checks in
Table 1. Full prompts and tool schemas are provided in Appendix F.4.

B.4 Reward Functions and Difficulty Filtering

Actor Reward. The Actor reward is defined as:

+1, if FormatCorrect(o) A AnswerCorrect(0),

Ractor(quo) = {_1 (Bl)

otherwise.

EnvRewriter Reward. For each executed edit, the empirical pass rate on the resulting sample is
p = k/K, where k is the number of correct Actor rollouts under R,.,. The EnvRewriter reward is:

Rrewriter(p) = exp (=B(p — @)?) , (B.2)
where 3 > 0 controls sharpness. We use o = 0.5, = 4.0, and ky,;,, = 0.15 for the difficulty filter.
Difficulty filter. The reward encourages edits whose resulting samples have pass rates near the
Actor’s learning frontier. In practice, we keep a sweet-zone band around a = 0.5 and discard invalid

or poorly calibrated edits from EnvRewriter updates. This prevents the EnvRewriter from overfitting
to samples that are already solved or impossible for the current Actor.
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B.5 Hyperparameters

Table 8: VICO uses one compact training recipe. Unless stated otherwise, the same core hyperpa-
rameters are used across visual domains.

Component Value

Actor optimizer AdamW

Actor update GRPO

Actor learning rate 1x10-6

Rollouts per sample K = 8 for pass-rate estimation
Sampling temperature 0.7

Top-p 1.0

Maximum response length 3,824 tokens

EnvRewriter update Reward-weighted LoRA SFT / RWR
Difficulty target a=0.5

Reward sharpness B=4.0

Sweet-zone band [0.35, 0.65] unless otherwise stated
Training rounds Up to 5 rounds

Hardware Up to 8xA100-80GB GPUs
Training framework verl-based distributed RL training

Table 9: RWR trains the EnvRewriter with pass-rate-weighted edit transitions. We train LoORA
on Qwen3VL-8B-Instruct using LlamaFactory. Each retained edit transition is duplicated |5 - w(p) |
times based on the Actor pass rate p on the sample produced by that edit turn.

Model & LoRA Optimization
base model Qwen3VL-8B- learning rate 5.0 x 10~
Instruct
template qwen3_vl scheduler cosine
finetuning type LoRA warmup ratio 0.1
LoRA rank 64 total epochs 10
LoRA alpha 128 per-device batch 2
LoRA target all grad. accum. steps 8
precision bf16 effective batch 64
Eval & Checkpointing RWR Data Construction
eval strategy steps RWR weight v 0.5
eval/save steps 50750 RWR weight 8 4.0
save total limit 3 max sample repeats 5
load best model true weight formula exp(—B(p — @)?)
best metric eval_loss number of GPUs 4

RL training parameters. We optimize the actor with reinforcement learning to improve multi-step
visual reasoning.

B.6 Compute and Hardware

All experiments use distributed training on up to 8xA100-80GB GPUs. We use a VERL-based
implementation for GRPO training and parallel rollout generation. A detailed cost and annotation-
efficiency comparison is provided in Appendix G.3.

C Data Sources and Verifiable Visual Editing

This appendix describes how VICO produces label-valid training samples across three visual domains.
The key point is that different domains provide different forms of verifiability.

For CLEVR, VICO edits an explicit scene graph and recomputes the answer programmatically by
executing the original question program. For ChartQA, VICO edits the underlying CSV table and uses
a two-tier verification rule: Tier 1 recovers the new answer by entity-anchored lookup in the edited
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Table 10: GRPO trains the Actor with rollout-level verifiable rewards. We train Qwen3VL-8B-
Instruct with verl and a vLLM rollout backend. We disable KL penalty in reward shaping and loss to
avoid gradient interference, following [31].

Model & Reward Rollout & Batch
base model Qwen3VL-8B- rollouts per prompt, N 8
Instruct
algorithm GRPO train batch size 32
reward manager binary PPO mini-batch 8
KL in reward False PPO micro-batch/GPU 1
KL loss coeft. 0 log-prob micro-batch/GPU 1
entropy coeff. 0 rollout backend vLLM
tensor model parallel 1
sampling temperature 0.7
Optimization Sequence Limits & Schedule
actor learning rate 1.0 x 1076 max prompt length 1,048
scheduler cosine max response length 3,824
warmup ratio 0.05 max model length 6,896
total epochs 3 max batched tokens 16,392
precision bf16 truncation left
grad. checkpointing enabled filter overlong prompts True
FSDP strategy FSDP2 save / val freq 50/20
sequence parallel size 1 validate before training True
number of GPUs 8

table, while Tier 2 keeps CSV values fixed and preserves the original answer by construction. For
natural-image VQA, where no complete symbolic state is available, VICO uses answer-preserving
regional editing: the question and answer remain fixed, while the EnvRewriter edits only non-target
visual regions.

Thus, VICO uses two label-validity mechanisms: deterministic recomputation when the answer can
be derived from the edited structure, and constrained answer preservation when the answer-bearing
structure must remain fixed.

C.1 Seed Data Sources

VICO uses a small seed set to initialize each visual reasoning domain. For compositional reasoning,
we sample CLEVR images with their scene graphs and question programs. For chart reasoning, we
sample ChartQA training images together with their underlying data tables. For natural-image VQA,
we sample ZwZ images, which provide answer-relevant region annotations. We use these regions to
identify target objects and preserve the original question-answer pair during editing.

C.2  Overview of the Three Editing Arms

Table 11 summarizes the three editing arms. CLEVR supports full deterministic answer recomputation
from the edited scene graph. ChartQA uses a two-tier table rule: Tier 1 updates the answer by entity-
anchored lookup in the edited CSV table, while Tier 2 preserves the answer under constrained table
edits. The natural-image VQA arm follows a different rule: it keeps the original question and answer
unchanged and only edits regions outside the answer-relevant target objects.

C.3 CLEVR: Scene-Graph Editing

For CLEVR, the editable structure o is the scene graph paired with each image. Each scene graph
specifies a set of objects, with each object carrying attributes such as shape, color, material,
and size, as well as pairwise spatial relations such as left-of, right-of, front, and behind.
Questions are generated from question-program templates over the scene graph, so the same program
can be re-executed on the edited graph to produce a'.

Edit operations. The EnvRewriter outputs an edit command u in one of four categories: (i) at-
tribute change, which modifies the color, material, or size of a target object; (ii) category swap,
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Table 11: VICO uses three editing arms for verifiable visual variation. CLEVR recomputes
answers from scene graphs, ChartQA uses a two-tier table rule, and ZwZ preserves answers by
protecting target objects.

Arm Editing interface Answer rule
CLEVR Scene graph edits over objects, attributes, and Recompute a’ by re-executing the question pro-
relations; rendered with Blender. gram.
ChartQA CSV/table edits rendered with matplotlib. Tier 1: entity-anchored lookup; Tier 2: keep a’ =
a under constrained edits.
w7z SAM3 masks with protected target objects; edit Keep ¢’ = q and a’ = a under target-object
only non-target regions. protection.

which changes an object’s shape among cube, sphere, and cylinder; (iii) entity add/remove,
which inserts or deletes objects while preserving renderability; and (iv) relation modification, which
repositions objects to alter spatial relations. Each operation acts on the scene graph rather than on
pixels, so u(co) remains a fully specified renderable scene.

Renderer. We use Blender with the original CLEVR rendering script to produce 2’ = R(u(0)).
Camera parameters, lighting, and material shaders are kept consistent with the original rendering
pipeline to avoid stylistic drift.

Answer derivation. We retain the original question program and re-execute it on u(c) to obtain a’.
For example, if the original program is count (filter (color=red, shape=cube)) and the edit
changes one red cube into a blue cube, the new answer decreases by one. Because program execution
on a discrete scene graph is exact, CLEVR samples are label-valid by construction.

Failure mode. An edit is discarded if it makes the question ambiguous or non-executable. For
example, if an edit creates multiple possible referents for a question that assumes a unique object, the
sample is removed before training.

C.4 ChartQA: Table-Level Editing and Re-rendering

For chart reasoning, the editable structure o is the CSV table underlying each chart. The EnvRewriter
edits the table-level representation rather than chart pixels, and matplotlib re-renders the edited table
into a new chart image. This allows VICO to adjust visual and numerical difficulty while keeping
label validity controlled by the table.

Tier construction. For each ChartQA seed sample, we first apply an automatic label-to-cell
matching heuristic. We scan the CSV table and match value cells against the original answer. If
exactly one cell matches, the sample is assigned to Tier 1. Let (r*, j*) denote the matched answer
cell, and let e* denote the row entity at r* in the original table. If no cell matches, or multiple cells
match, the sample is assigned to Tier 2. Tier 2 often includes derived-answer cases such as ratios,
percentages, or differences, or ambiguous duplicate values.

Edit operations. For Tier 1, the EnvRewriter may modify table values, add near-match distractor
rows, increase chart density, or sharpen contrasts. After editing, the answer is recovered by entity-
anchored lookup in the edited table:

a’ = table[entity = e*, j*].

This lookup avoids relying on the original row index after row insertion or reordering. For Tier 2,
the EnvRewriter keeps CSV values fixed and only varies rendering style or other answer-preserving
visual factors. The label is therefore kept as ' = a by construction.

Renderer. We re-render charts with matplotlib using the same chart type and style configuration
as the source chart whenever possible, including chart type, color palette, axis labels, fonts, and
gridlines.
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Failure mode. We discard edits that violate the table schema, remove or duplicate the Tier 1 anchor
entity e*, remove the target column j*, produce no numeric columns, fail rendering, or break the
Tier 2 invariance constraint by changing CSV values. Numerical edits are bounded to keep the
rendered chart visually plausible.

C.5 ZwZ: Answer-Preserving Natural-Image Editing

For natural-image VQA, VICO does not attempt to recompute a new answer from a full symbolic
scene representation. Instead, it preserves the original question-answer pair. Given a seed sample
(z,q,a), the edited sample is (2, q,a), where ¢ = g and @’ = a.

The key assumption is that the answer is grounded in a set of answer-relevant target objects. ZwZ
provides answer-relevant region annotations, and we use SAM3 to decompose the image into object-
level masks. Masks that overlap the answer-relevant region are treated as target objects. These
target objects form the protected region o™ All other object masks and background regions form the
editable complement o~ .

Edit operations. The EnvRewriter receives the image, question, answer, object masks, protected
target objects, and current Actor pass-rate signal. It then proposes edits restricted to o~. Typical edits
include adding distractor objects outside the target region, modifying background clutter, changing
the appearance of non-target objects, or introducing visually plausible distractors that do not alter
the answer-relevant target objects. The EnvRewriter is not allowed to edit, occlude, remove, or
semantically change the protected target objects.

Rendering. The original image, the protected target-object mask, and the edit command are passed
to an external image editor. The editor modifies only the editable complement and returns the edited
image 2’. Unlike CLEVR or ChartQA, this step is not treated as deterministic symbolic rendering. It
is an answer-preserving image-editing step under a protected-region constraint.

Answer rule. For ZwZ, the answer is not recomputed. We keep the original question and answer:
¢=q d=a

The Actor reward therefore compares the model’s prediction against the original answer a. This
distinguishes natural-image VQA from the structured arms, where a’ is programmatically recomputed.

Failure mode. An edit is discarded if it touches the protected target objects, changes the visual
evidence needed to answer the question, or introduces new content that would make the original
answer ambiguous. For example, if the question depends on counting target objects, adding another
object of the same relevant category is rejected. If the question depends on a spatial relation involving
a target object, edits that change that relation are rejected. This conservative filtering keeps the
natural-image VQA arm answer-preserving rather than relabeled.

C.6 Filtering Invalid or Ambiguous Edits

Across all editing arms, we discard edits that fail label-validity or execution checks.

First, the edited sample must be executable by the corresponding renderer or image editor. For
CLEVR, the scene graph must render successfully in Blender. For ChartQA, the edited CSV must
satisfy the table schema and render successfully with matplotlib. For ZwZ, the image editor must
preserve the protected target-object region.

Second, the edited sample must preserve a valid answer. For CLEVR, the question program must be
executable on the edited scene graph to compute a’. For ChartQA Tier 1, the anchor entity e* and
target column j* must remain valid and addressable in the edited table so that a’ = table’[entity =
e*, j*| can be recovered by lookup. For ChartQA Tier 2, the edit must satisfy the invariance constraint:
CSV values remain fixed and the original answer is kept as o’ = a. For ZwZ, the original answer
remains valid because protected target regions are not edited.

Third, the edited sample must provide useful difficulty for the current Actor. We measure this by the
empirical pass rate p after Actor rollouts. Invalid, ambiguous, unexecutable, or out-of-band edits are
removed from the EnvRewriter update set.
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(a) Case 1: original (b) Case 2: original (c) Case 3: original (d) Case 4: original
(e) Case 1: easier (f) Case 2: harder (g) Case 3: harder (h) Case 4: harder

Figure 5: CLEVR edits change difficulty while preserving verifiable labels. Each column shows
one case before and after editing. The EnvRewriter modifies the scene graph, re-renders the image,
and recomputes a’ by executing the original question program on the edited graph.

C.7 Dataset and Edited Sample Visualizations

Figures 5, 6, and 7 show representative visual examples for the three editing arms. For CLEVR,
edits are applied to a scene graph and the answer a’ is recomputed by executing the original question
program. For ChartQA, Tier 1 examples recover a’ by entity-anchored lookup in the edited CSV table,
while Tier 2 examples preserve a’ = a through constrained table edits. For ZwZ, the original question
and answer are retained, while answer-relevant target objects are protected and only non-target
regions are edited. Together, these examples show the two label-validity mechanisms used by VICO:
deterministic recomputation when an answer can be derived from the edited structure, and constrained
answer preservation when the answer-bearing structure must remain fixed.

C.8 Robustness to Tool Failures and Difficulty Alignment as the Bottleneck

Renderer or editor failures may produce non-renderable scenes, invalid charts, or protected-region
violations. In VICO, these failures are filtered before EnvRewriter updates: invalid, label-breaking,
or out-of-band edits contribute no gradient to wr. This biases the EnvRewriter toward edit plans that
are executable, label-valid, and useful for the current Actor. Appendix H.4 further stress-tests this
assumption by corrupting 20% of R1 training data and shows that performance drops by less than
one point.

D Image Editing Case Studies

D.1 CLEVR Scene-Graph Editing Examples

Figure 5 shows representative CLEVR edits. Each example starts from a seed scene and applies a
structured edit to object attributes, object categories, object counts, or spatial relations. Because the
edit is applied to the scene graph rather than directly to pixels, the modified scene remains renderable,
and the answer can be recomputed by program execution. These examples illustrate how VICO
produces label-valid visual perturbations instead of relying on model-based relabeling.

D.2 ChartQA Table-Level Editing Examples

We present the ChartQA edits shown in Figure 6. Each seed sample is associated with an underlying
data table table, a question ¢, and an original answer a. Conditioned on the current Actor pass rate
D, the EnvRewriter generates a table-level edit aimed at the desired difficulty. To make the sample
harder, it may add near-match rows, distractor series, or more confusable values; to make it easier, it
may remove distractors or sharpen relevant contrasts. The edit is applied to table to produce table’,
which is then re-rendered into a new chart.
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(a) Case 1: original (b) Case 2: original (c) Case 3: original

Share of Retail Sales: Offline vs. Online (2013-2020)

(d) Case 1: edited (e) Case 2: edited (f) Case 3: edited

Figure 6: ChartQA edits increase difficulty through table-level changes. Each column shows one
case before and after editing. The EnvRewriter modifies the CSV-level representation and re-renders
the chart. For Tier 1 examples, a’ is recovered by entity-anchored lookup in the edited table; for
Tier 2 examples, CSV values are kept fixed and a’ = a is preserved by construction.

We use the same two-tier verification rule as in Table 1. For Tier 1 samples, the answer maps to a
unique CSV cell (r*, j*). Let e* denote the row entity at 7* in the original table. After editing, the
new answer is recovered by entity-anchored lookup:

a’ = table'[entity = e*, j*].
This avoids relying on the original row index after rows are inserted or reordered.

For Tier 2 samples, the answer has no unique cell mapping, such as no match or multiple matches.
These cases often include derived quantities such as ratios, differences, or percentages. For Tier 2,
the EnvRewriter keeps CSV values fixed and only varies rendering style or other answer-preserving
visual factors, so the label remains a’ = a by construction. In both tiers, no human relabeling or
LLM judgment is used.

D.3 ZwZ Answer-Preserving Regional Editing Examples

Figure 7 shows representative ZwZ examples. Unlike CLEVR and ChartQA, ZwZ does not provide a
complete symbolic state for deterministic relabeling. Thus, VICO keeps the original question-answer
pair fixed, i.e., ¢ = ¢ and a’ = a. We use SAM3 [5] to identify object-level regions and mark the
answer-relevant target objects as protected. The EnvRewriter then edits only non-target regions, such
as background areas or distractor objects, to adjust visual difficulty while preserving the evidence
needed to answer the original question.

These examples highlight the difference between structured editing and natural-image regional
editing. For CLEVR, labels are recomputed by executing the original question program on the
edited scene graph. For ChartQA, labels are handled by a two-tier rule: Tier 1 computes a’ by
entity-anchored lookup in the edited CSV table, while Tier 2 preserves a’ = a by keeping CSV
values fixed and only changing answer-preserving visual factors. For ZwZ, labels are preserved by
protecting answer-relevant regions and editing only non-target visual context.

D.3.1 What Happens without Answer Preservation?

A natural alternative is to directly ask a generative image model to produce an easier or harder image.
However, this often breaks answer preservation. Figure 8 shows one example. The original question
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(a) protected target: lamp (c) protected target: device

(b) protected target: chair
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blue: other SAM3 regions
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green: answer-relevant
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Figure 7: ZwZ edits preserve answers by protecting target objects. Green boxes mark answer-
relevant targets, and blue boxes show other SAM3 regions. VICO keeps (¢’ = ¢,a’ = a) fixed and
edits only non-target regions, allowing background difficulty to change while preserving the original
answer.

(b) original
“ AT d (c) harder

(a) easier
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simplified scene

more visual ambiguity

source image

Figure 8: Direct Nano Banana editing can break answer validity. Starting from the original image,
direct generation can produce easier or harder variants, but the edits may change target relations
or introduce ambiguous objects. As a result, the original question-answer pair may no longer be
verifiable.

asks: “Where is the street lamp in relation to the sculpture?”” The original answer is “left of.” After
direct generation with Nano Banana, the newly generated answer becomes “right of.”

This edit is problematic because the generated image no longer has a clearly verifiable target relation.
There are multiple street lamps and multiple sculpture-like objects, so it is unclear which pair the
answer refers to. The image may look visually plausible, but the question-answer pair is no longer
label-valid. This illustrates why our editing pipeline explicitly enforces answer preservation: the
edited image should change visual difficulty while keeping the answer-relevant objects and their
relation verifiable.

D.3.2 What Improves with VICO

As shown in Figure 9, this example illustrates how VICO edits a ZwZ image while preserving answer
validity. Starting from the original image in (d), VICO first identifies all objects in the scene, as
shown in (c). It then selects and locks the answer-relevant target objects mentioned in the question,
shown in (b). In this example, the target objects are the street lamp and the sculpture, whose relative
relation determines the answer.

After locking these target objects, VICO edits only the non-target regions. This allows the model to
simplify the scene by removing distracting content, such as the crowd and traffic signs, while keeping
the answer-relevant objects unchanged. The final edited image is shown in (a). The task becomes
visually easier, but the answer remains clean and verifiable because the key objects and their spatial
relations are preserved throughout the editing process.

E Theoretical Analysis and Saturation

This appendix presents the full derivation of the optimal difficulty target p; that motivates the
sweet-zone reward.
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(a) original (b) all objects (c) target objects (d) easier with clean label

input image SAM3 regions answer-relevant objects non-target regions edited

Figure 9: VICO makes ZwZ easier while preserving the answer. The pipeline detects object
regions, locks the answer-relevant targets, and edits only non-target regions. This changes visual
difficulty while keeping the original spatial relation and answer verifiable.

E.1 Gradient-Signal Optimum

Under a REINFORCE-style policy gradient estimator [33], the expected gradient signal for a sample
with Actor pass rate p is proportional to

G(p) =p(1 —p), (E.D

which is a concave quadratic maximized at p* = 0.5. Tasks that are too easy (p — 1) or too
hard (p — 0) provide weak learning signals; half-correct tasks maximize gradient information.
This motivates a single-point target p* = 0.5 in agent-environment co-evolution under standard
assumptions.

Derivation of Eq. E.1. Lety ~ (- | ) be a sampled solution, and let the verifier return a binary
reward R(y) € {0, 1}. Define the actor pass rate as

p=Pr(R=1).
Because R only takes values 0 and 1, it follows a Bernoulli distribution:
R ~ Bernoulli(p), E[R] = p.

Using the REINFORCE estimator with the variance-minimizing baseline b = E[R] = p [20], we
have

VoJ(0) = E[(R —p) Vologmy(y | z)] .
Since R ~ Bernoulli(p), we split the expectation into success and failure cases:
Vo J(0) = Pr(R=1)(1 — p) E[Vglogme(y | x) | R=1]
+ Pr(R=0)(0 — p) E[Vglogmg(y | x) | R=0].
Using Pr(R=1) = p and Pr(R=0) = 1 — p, we obtain
VoJ(0) = p(1 —p)E[Vglogmp(y | x) | R=1]
+ (1 =p)(-p) E[Velogms(y | z) | R=0].
Factoring out p(1 — p) gives
Vo J(0) = p(1 = p) (E[Vglogme(y | z) | R=1] — E[Vglogme(y | x) | R=0]).
Defining
A =E[Vglogme(y | #) | R=1] — E[Vglogmy(y | x) | R=0],

we conclude

Vo J(0) = p(1 - p)A. (E2)
Under the trust-region KL constraint and gradient-clipping bias of GRPO-style updates [31], the
conditional log-policy gradients in A stay within a bounded range across R € {0,1}, so ||A||

contributes only a bounded multiplicative constant. The strength of the learning signal is therefore
proportional to p(1 — p), recovering Eq. E. 1.
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E.2 Distribution Drift Cost

The single-point analysis implicitly assumes that adjusting task difficulty incurs no cost. This holds
for text-agent settings where generating a harder task does not change the task’s distributional form.
In visual reasoning, however, the EnvRewriter must edit images to shift p from its original value poig ¢
toward the target. As the Actor strengthens and poyig ¢ Tises, reaching p = 0.5 requires increasingly
aggressive edits that push the training distribution away from the natural image distribution [4, 1].
The Actor may then learn patterns specific to these distorted images that do not transfer back to the
real test set.

We model this trade-off by decomposing each round’s expected accuracy gain into a learning-signal
term and a distribution-drift penalty:

AACCt = Ct . G(ﬁ) - A Dt(ﬁ), (E3)

where C; > 0 denotes the Actor’s remaining capacity headroom at round ¢, D;(p) captures the
generalization cost of shifting the training distribution, and A > 0 controls the Actor’s sensitivity to
distribution drift. The single-point analysis corresponds to the special case D; = 0.

We adopt the simplest convex form for the drift cost:
Dy(p) = ke (p = Porigt)” (E4)

which satisfies three natural properties: zero cost when no editing occurs, monotonically increasing
cost with larger deviations, and increasing marginal cost. More general convex forms D; = k|p —
Dorig,¢|? With ¢ > 1 yield qualitatively identical conclusions.

E.3 Optimal Difficulty Target

Substituting Egs. E.1 and E.4 into Eq. E.3 and taking the derivative with respect to p,

d AAcc . o
dﬁ L = Ct(l - 217) - 2/\’{t(p _porig,t) =0.
Solving yields
Cy + 22Xk 'ﬁorig t
D, = : E.S
b= 750+ 2, E-5)
Defining p, = Ct/\f/{m € [0, 1], this rearranges to a convex combination:
ﬁ;‘k = % +p (ﬁorig,t - %) (E.6)

The optimal target is a weighted interpolation between 0.5 and the current poyig ¢, With the weight p;
determined by the ratio of drift cost to remaining capacity.

E.4 Two Limiting Regimes

Equation E.6 unifies two extremes.

Early-stage (p; — 0, i.e., C; > Ax;). The Actor has ample capacity headroom, and light editing
suffices to reach the target zone. The optimal target approaches 0.5, recovering the gradient-signal
optimum. In this regime, difficulty calibration should be aggressive.

Saturation regime (p; — 1, i.e., C; — 0). The Actor is near its capacity ceiling [48]; reaching
p = 0.5 would require extreme edits whose drift cost exceeds the learning benefit. The optimal target
shifts toward Porig,¢, meaning the EnvRewriter should reduce its editing intensity. Continued training
in this regime enters a drift-dominated phase where further editing degrades rather than improves
performance.

E.5 From Theory to the Sweet-Zone Reward

In practice, C; and k; are not directly observable, making it infeasible to track p; exactly. We
instead define a sweet zone [0.35,0.65] centered at 0.5 as a robust approximation. The Gaussian
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Table 12: Sweet-zone hits decline as the Actor approaches saturation. The fraction of EnvRewriter
trajectories in [0.35, 0.65] falls monotonically as the Actor matures, matching the saturation regime
predicted by Eq. E.6.

Round Sweet-zone hit rate (%)
R1 53.4
R2 29.5
R3 21.2
R4 20.5
R5 11.1

reward Rp(p) = exp(—B(p — 0.5)%) peaks at 0.5 but assigns substantial weight to nearby pass
rates, absorbing the drift of p; across rounds without requiring direct estimation of p;. The empirical
saturation patterns in Appendix E.6 provide direct evidence that VICO’s training dynamics align with
the regime predicted by Eq. E.6.

E.6 Empirical Saturation Evidence

VICO keeps improving through R4 and reaches 89.12% on ChartQA. At R5, accuracy slightly retreats
to 88.94%. This is not a training failure but the saturation regime predicted by the drift-corrected
analysis. Once the Actor approaches its capacity ceiling, the optimal target p; drifts away from
0.5, and forcing the original sweet zone begins to hurt rather than help. The analysis predicts four
signatures of saturation, all of which are verified empirically.

Table 13: ChartQA gains diminish as co-evolution saturates. Accuracy improves through R4,
while round-over-round gain A shrinks and turns slightly negative at RS, consistent with the saturation
regime predicted by our drift-corrected theory.

Round ChartQA (Qwen3-VL-8B) A

Base 76.90 —

R1 85.24 8.34
R2 87.50 2.26
R3 88.47 0.97
R4 89.12 0.65
R5 88.94 -0.18

Signature 1: The optimal target drifts away from 0.5. The EnvRewriter pulls p into the sweet
zone in early rounds. But the target itself does not stay still. As the Actor strengthens, the optimal p;
shifts away from 0.5 toward porig ¢ because forcing a 50% success rate would require edits whose
drift cost outweighs their learning benefit. The EnvRewriter follows this shift:  moves from 0.502 at
R3 t0 0.375 at RS, tracing the predicted trajectory p; — Dorig,¢ as pr — 1.

Signature 2: Useful training signals become scarce. The fraction of edits landing in [0.35, 0.65]
decays monotonically from 53.4% at R1 to 11.1% at RS5. Most edits no longer land in the trainable
band, so each round delivers a weaker gradient signal even though the EnvRewriter still produces
edits at the same rate.

Signature 3: Per-round gains decay smoothly. The full trajectory of round-over-round improve-
ments is +8.34, +2.26, +0.97, +0.65, and —0.18. This traces the smooth deceleration expected as
Cy — 0, rather than a sudden collapse.

Signature 4: Categories with the least headroom regress first. The main text identifies
value_lookup and ratio_pct as two question types that gained most through R4. These large
prior gains mean these categories have less remaining headroom, and at RS they are the first to regress,
while categories with smaller earlier gains remain stable. This selective regression is consistent with
the target-drift mechanism in Eq. E.6.
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Figure 10: EnvRewriter edit length stays stable. Multi-round training improves edit strength
without making edit instructions longer.

Together, these four trajectories indicate that RS marks entry into a drift-dominated regime. The fixed
sweet zone [0.35, 0.65] that works through R4 is no longer aligned with the moving optimal target p; .
This points to a concrete next step: rather than holding the difficulty band fixed, future work should
schedule o adaptively or widen the trainable band as the Actor matures.

E.7 Pass-Rate Distribution Shift

The empirical pass-rate distribution shifts across rounds. Early rounds concentrate near o = 0.5,
while later rounds increasingly drift toward the extremes. This distributional shift explains why the
sweet-zone hit rate decays and why additional rounds eventually yield diminishing returns.

F Evaluation Protocols and Prompt Templates

F.1 Evaluation Benchmarks and Metrics

We evaluate all models under the same zero-shot setting. For mathematical reasoning, we use Math-
Vista, MathVision, MathVerse, WeMath, LogicVista, and ChartQA. For vision-centric understanding,
we use MMMU, MMVP, and BLINK. Unless otherwise noted, the average in the main tables is com-
puted as the equally weighted average of the mathematical-reasoning average and the vision-centric
average.

F.2 Answer Normalization and Scoring

For rule-based verification, the model response is first parsed into the required answer field. We
normalize trivial formatting differences, including surrounding whitespace, capitalization for short
textual answers, and common numerical formats. For ChartQA, we follow the official relaxed
numerical accuracy protocol when reporting ChartQA-specific accuracy. For other benchmarks, we
use each benchmark’s standard answer matching or official evaluation script whenever available.

F.3 Actor Rollout Prompt

The Actor is prompted to solve the visual question and return a response in the required reasoning-
and-answer format. The key requirement is that the final answer can be parsed reliably by the
verifier.

Actor prompt template. Given the image and the question, reason step by step and

provide the final answer in the required format. Put the final answer inside <answer> and
</answer>. The answer should be concise and directly match the question.

F.4 EnvRewriter Prompt
The EnvRewriter is prompted to modify the visual environment while preserving verifiability. For

structured domains, it must output an executable edit command over the scene graph or data table.
For natural-image VQA, it must avoid changing the protected answer-relevant region.
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EnvRewriter prompt template. You are an environment rewriter. Given the original image
metadata, question, answer, current Actor pass rate, and available edit tools, propose one
valid edit that adjusts task difficulty toward the learnable zone. Return a structured command
with the fields tool, params, and reasoning. The edit must remain executable and must
preserve or programmatically update the answer.

F.5 Evaluation Prompt

During evaluation, we use a deterministic prompt format and do not expose the model to EnvRewriter
metadata, pass-rate statistics, or training-time edit commands. The model only receives the test image
and question.

Evaluation prompt template. Answer the question based on the image. Provide the final
answer in <answer> and </answer>. Do not include any information that is not supported
by the image.

F.6 Baseline Implementation Details

We compare against three categories of baselines: RLVR-trained reasoning models, self-evolution
methods, and co-evolution methods that do not edit the visual environment. For published baselines,
we use reported numbers when available under comparable settings. For in-house ablations, including
Direct GRPO, Supervised GRPO, text-only editing, and static offline augmentation, we use the same
Actor backbone and the same evaluation protocol as VICO to isolate the effect of visual-environment
co-evolution.

F.7 Full ChartQA EnvRewriter Prompt

You are an expert chart editing planner.
Goal: choose one edit that moves the Actor pass rate (p) closer to 0.5.

Tool:
- chart_rerender(edit_instruction): edit the chart’s underlying data table and
re-render it with matplotlib.

Rules:

- To make harder: add near-miss distractors, change the answer value, or increase
chart density.

- To make easier: remove distractors, simplify the chart, or make the answer
more distinct.

- Return one specific executable edit.

Output format:

<think>

your reasoning

</think>

<tool_call>

{"tool": "chart_rerender", "params": {"edit_instruction": "your edit"}}
</tool_call>

Listing 1: rewriter editing planner prompt.

G Additional Main Results

G.1 Full OOD Average Calculation

For the Chart-domain variant, we report the out-of-distribution average by excluding ChartQA,
because ChartQA is the in-domain visual source for that variant. This avoids overstating generalization
by including the benchmark most directly aligned with the training domain. For CLEVR and ZwZ
variants, the same benchmark list is kept for consistency in the main comparison.

G.2 Cross-Backbone Results

VICO improves across different VLM backbones, suggesting that the co-evolution loop is not specific
to a single model family.
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Figure 11: VICO improves accuracy across VLM backbones. Per-round ChartQA accuracy rises
for both tested models, showing that the emergent curriculum is not tied to one model family.

Table 14: VICO cuts labeling cost while staying competitive. Label Cost counts teacher or judging
LLM tokens with the Qwen2.5 tokenizer. Programmatic-label methods, including VICO, use no
LLM labeling tokens; baseline training costs are estimated from reported RL samples, while VICO
cost is directly measured.

Method Data Cost Training Performance
Prepare Method Num (RL) Label Cost (Tokens) Method Interact Time Cost MathVerse Mathvista

Qwen2.5-VL-7B - - - - - - 39.6 68.2
R1-OneVision-7B Programmatic + human checks 10k >1L1IM SFT+GRPO X > 170 A100-Hours 46.4 64.1
VLAA-Thinker-7B Teacher LLM-generated traces 25k 29.6 M SFT+GRPO X > 120 A100-Hours 48.2 68.0
OpenVLThinker-7B Teacher LLM-generated solutions 9k 57M SFT+GRPO X > 125 A100-Hours 47.9 70.2
MM-Eureka-Qwen-7B Human-curated 15k - GRPO X ~ 700 A100-Hours 50.3 73.0
ViGaL-Snake Game environment via PPO 72k 0 RLOO X = 170 A100-Hours 511 70.7
ViGaL-Rotation Game environment via PPO 72k 0 RLOO X = 170 A100-Hours 50.4 71.2
VICO-Qwen2.5VL-7B(Chart) Co-evolutionary editing 2000 0 Co-evolve+GRPO 4 ~ 149 A100-Hours 549 72.8

G.3 Cost and Annotation Efficiency

We provide a transparent accounting of VICO’s computational and annotation costs to facilitate
reproducibility and position the method against existing chart-specialized approaches.

Definition of label cost. We define “labeled QA pairs” as human-annotated or strong-LLM-
generated question-answer pairs used as supervision targets during training. VICO uses seed images
from existing public collections but does not require additional human-written (¢, a) pairs during
co-evolution: the EnvRewriter modifies a structured representation of each image, and the corre-
sponding (¢’, a’) pair is computed programmatically from the modified representation. The seed
images themselves are inputs to the loop and do not require new human labels.

Compute budget. We report the measured cost for the VICO-Qwen2.5-VL-7B chart-backbone
setting, which requires approximately 149 A100 GPU hours. For the main Qwen3VL-8B setting,
the full VICO pipeline runs through RS for saturation analysis. The actor-training stage through
R4 requires approximately 305 A100 GPU hours: ~ 101 for Round 1, ~ 85 for Round 2, ~ 27 for
Round 3, and ~ 91 for Round 4, which trains for more steps. The RS run is used to verify saturation.
Trajectory generation contributes an additional ~ 40 A100 GPU hours and is parallelizable across
rounds.

No additional human annotation during training. Each edited training pair is derived from the
EnvRewriter’s modified structured representation, eliminating the need for human-labeled (g, a) pairs
at any stage of the co-evolution process.

G.4 Comparison with Chart-Specialized Methods

Table 15 compares VICO against three recent chart-specialized methods: Chart-R1 [7], Bespoke-
MiniChart-7B [28], and ECD [46]. VICO-Qwen3VL-8B reaches 89.12% on ChartQA using seed
visual inputs and no additional labeled QA pairs, while remaining competitive with methods that use
tens or hundreds of thousands of labeled pairs.

1. Strong cost-efficiency: VICO avoids additional labeled QA supervision and uses substantially
fewer seed inputs than chart-specialized SFT/RL approaches.
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Table 15: VICO reaches competitive ChartQA accuracy with far fewer labeled QA pairs. All
methods use ChartQA’s official relaxed accuracy with 5% numerical tolerance. VICO uses seed
inputs and avoids extra labeled QA supervision, while chart-specialized baselines require tens or
hundreds of thousands of labeled pairs.

Method Labeled QA ChartQA (%)
Chart-R1-7B [7] ~33k 91.04
Bespoke-MiniChart-7B [28] ~91k 89.5
ECD (Qwen2.5-VL-7B) [46] ~320k 85.32
VICO-Qwen2.5-VL-7B (Ours) 2,000 seed inputs 87.96
VICO-Qwen3-VL-8B (Ours) 2,000 seed inputs 89.12

2. Practical paradigm: VICO scales to new domains without proportional annotation effort, making
it attractive in domains where labeled QA is scarce.

G.5 Additional Per-Benchmark Results

Extended per-benchmark details are reported in the domain-specific tables and analyzes throughout
this appendix.

H Ablation and Robustness Studies

H.1 EnvRewriter SFT as a Co-evolution Catalyst

We examine the relationship between supervised initialization and co-evolution using four exper-
imental settings (Table 6). The EnvRewriter is initialized on verified GPT-5 edit demonstrations,
which supervise both executable command generation and difficulty-adjustment strategies. These
comparisons assess the benefit of combining this initialization with co-evolution.

Direct Actor SFT baseline. Applying supervised fine-tuning directly to the Actor, without co-
evolution, improves ChartQA from 76.9% to 79.4%, a gain of 2.5 percentage points. This comparison
measures the effect of direct Actor SFT in the evaluated setting; it does not isolate the contribution of
the GPT-5 demonstrations used to initialize the EnvRewriter.

Co-evolution without EnvRewriter SFT. Running the co-evolution loop with a vanilla, non-SFT
EnvRewriter reaches 78.6% (1.7 percentage points above the base model). On manual inspection, the
vanilla EnvRewriter frequently produces malformed or unexecutable edit commands, limiting the
supply of valid training samples. This result highlights the importance of initializing an EnvRewriter
that can produce executable edits.

Combining EnvRewriter SFT and co-evolution. Initializing the EnvRewriter with verified GPT-
5 edit demonstrations and then updating it through co-evolution yields 89.1% on ChartQA (12.2
percentage points above the base model). The combined setting outperforms both direct Actor SFT
and co-evolution with a non-SFT EnvRewriter, supporting the complementary roles of supervised
initialization and iterative actor—environment adaptation.

These results support combining EnvRewriter SFT with co-evolution. Because the initialization
demonstrations supervise both command format and editing strategy, the present comparisons do not
separately quantify these two contributions or isolate the contribution of GPT-5-generated supervision.

H.2 Static Offline Augmentation Details

To test whether the gain comes simply from stronger generated data, we compare VICO against static
offline augmentation without the iterative actor—environment loop. The offline variants generate a
fixed corpus with self-generation, GPT-5, or Nano Banana, and then train the Actor on that fixed data.
These variants improve over the base model but remain below iterative visual co-evolution, showing
that the dynamic feedback loop contributes more than one-shot data quality.
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H.3 Text-Only Editing vs. Visual Editing

To isolate the role of the editing modality, we compare text-only perturbation with visual editing
under the same CLEVR training source. Text-only perturbation changes the question or answer
format while keeping the visual scene fixed. Visual editing modifies the image itself through the
verifiable editing pipeline. The main results show that visual editing provides larger gains, especially
on chart reasoning, supporting the claim that effective multimodal co-evolution requires adapting the
visual environment rather than only rewriting text.

H.4 Robustness to Imperfect Image Editing

In practice, image editors may produce failures such as blank renders or mismatches between images
and labels. To simulate partial editing failures, we corrupt 20% of the R1 training data: 10% of the
samples are replaced with blank white images, and another 10% use unedited original images paired
with edited labels. As shown in Table 7, the overall average performance drops only marginally from
66.8% to 66.0%, less than one point, and the noisy model still outperforms the base model by +2.4%.
This shows that VICO does not rely on a perfect image editor: failed edits do not fully destroy the
training signal, and the remaining valid samples still support stable co-evolution.

H.5 Stability Across Random Seeds

A natural concern for any RL-based training pipeline is whether the reported gains depend on a
favorable random seed. We re-ran the first round of training with three independent random seeds on
CLEVR and evaluated the resulting VICO-8B (CLEVR) checkpoints on ChartQA and MathVista.

Table 16: VICO is stable across random seeds. We re-run the first CLEVR training round with
three seeds and evaluate on ChartQA and MathVista. Standard deviation is far below the reported
gains, so improvements are not driven by favorable seed selection.

Seed ChartQA (%) MathVista (%)
Seed 1 (reported) 85.2 73.8

Seed 2 84.5 72.9

Seed 3 85.2 71.7
Mean =+ Std 850+ 04 728 £ 1.1
Base (Qwen3VL-8B) 76.9 67.7

Gain over base +8.1 +5.1

We focus this analysis on Round 1 because in VICO, the seed data distribution is fixed once the first
round is initialized; subsequent rounds operate on EnvRewriter-generated samples that no longer
depend on the initial seed. As shown in Table 16, the standard deviation of final accuracy is 0.4 points
on ChartQA and 1.1 points on MathVista, well within the margin of our reported improvements.
We therefore report single-seed results in the main text, following the convention adopted by prior
self-evolution and co-evolution work.

H.6 Robustness to Initial Data Difficulty

A second source of variability is the initial task difficulty. Fixed-distribution methods can be sensitive
to this choice: easy seeds leave little room for improvement, while hard seeds can stall training.

VICO is less sensitive by design. The EnvRewriter is rewarded for producing edits with a pass rate
near o = (.5. It makes easy samples harder and hard samples easier, pushing both toward the sweet
zone. As shown in Appendix I.1, pass rates converge from both directions, suggesting that VICO’s
gains come from the co-evolution loop rather than a specially curated initial difficulty distribution.
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Table 17: The EnvRewriter moves both strong and weak Actors toward the sweet zone. On
ChartQA, it lowers the pass rate of a strong Actor; on ZwZ, it raises the pass rate of a weak Actor.
Both converge toward [0.35, 0.65], showing actor-relative difficulty calibration.

Round n Dorig Prina Editing Intensity

ChartQA (strong Actor — EnvRewriter pushes down)

R1 2200 0.846 0.622 +0.225
R2 2200 0.829 0.502 +0.328
R3 2200 0.822 0.502 +0.321

R4 2200 0.848 0.387 +0.461

RS 2200 0.889 0.375 +0.514
ZwZ (weak Actor — EnvRewriter pulls up)

R1 2000 0.209 0.651 —0.442
R2 2000 0.229 0.583 —0.354
R3 2000 0.223 0.524 —0.301
R4 2000 0.231 0.433 —0.203
R5 2000 0.227 0.442 —0.215

I Co-Evolution Dynamics and Qualitative Analysis

I.1 Bidirectional Difficulty Calibration

The EnvRewriter calibrates difficulty from both directions. On ChartQA, the initial Actor is strong,
so the EnvRewriter lowers the pass rate toward the sweet zone. On ZwZ, the initial Actor is weak,
so the EnvRewriter raises the pass rate toward the sweet zone. This supports the claim that VICO
performs actor-relative calibration rather than random perturbation.

1.2 Editing Intensity and Response Length

We further find that editing intensity and output length evolve differently. As reported in Table 18
and Figure 12(a), editing intensity increases from 0.22 to 0.51 across rounds, while the average
EnvRewriter instruction length remains almost constant (973 — 981 characters). This suggests that
the EnvRewriter learns to apply stronger and more targeted edits without producing longer instructions.
In contrast, the Actor’s response length grows from 811 to 1207 characters (+49%), indicating longer
reasoning chains as the tasks become more challenging. Together, these trends highlight a clear
co-evolutionary process: the EnvRewriter poses increasingly well-calibrated challenges, and the
Actor correspondingly develops more elaborate reasoning to tackle them.

Table 18: Editing intensity grows without longer EnvRewriter instructions. Across rounds, edits
become stronger while instruction length stays nearly fixed; Actor responses grow as tasks become
harder.

Metric Early round Late round Change
Editing intensity |porig — P 0.22 0.51 +125%
EnvRewriter instruction length 973 981 +0.8%
Actor response length 811 1207 +49%

This co-adaptation has limits. Figure 12(b,c) shows that the per-round accuracy improvement declines
from +8.34% to —0.18%, and the sweet-zone hit rate falls from 53.4% to 11.1%. These patterns
indicate that, over time, the EnvRewriter struggles to keep up with the Actor’s capacity ceiling. We
analyze this saturation phenomenon theoretically in Appendix E.6.

L3 Sample-Level Flip Analysis

To understand the Round 4 gain, we compare sample-level correctness across the base model and
R1-R4 Actors on the ChartQA test set. Wrong-to-correct flips dominate correct-to-wrong regressions,
showing that the gain reflects broad capability improvement rather than error redistribution. Most
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(a) Rewriter Editing Intensity (b) Per-Round Accuracy Gain (c) Sweet-Zone Hit Rate Decay
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Figure 12: Saturation appears near the Actor’s capacity ceiling. Editing intensity grows by
+125%, per-round gains shrink from +8.34% to —0.18%, and sweet-zone hit rate falls from 53.4%
to 11.1%, matching Eq. E.6.

Table 19: Positive capability flips dominate regressions. On ChartQA, wrong-to-correct flips from
Base to R4 outnumber correct-to-wrong flips by 5.7 x 1, showing that VICO improves capability
rather than merely moving errors across samples.

Outcome n %

Both correct (Base v/, R4 V) 1863 74.5
Improvement (Base X — R4 V) 365 14.6
Regression (Base v — R4 X) 64 2.6
Both wrong (Base X, R4 X) 208 8.3

newly solved samples unlock early and remain stable, with stable correctness and R1 unlocks covering
the largest fraction of cases.

L4 Question-Type Breakdown

The main text shows that gains concentrate on reasoning-heavy ChartQA question types, such as
ratio/percentage, value lookup, and difference. These categories require multi-step reading and
computation, so their larger improvements support the claim that VICO improves visual reasoning
rather than simply increasing recognition accuracy on easy cases.

L5 Chain-of-Thought Case Studies

Setup. Starting from Qwen3VL-8B-Instruct (76.9% on ChartQA test), we run four rounds of VICO.
In each round, the EnvRewriter generates approximately 2,000-3,000 modified training images; the
Actor is trained via GRPO on these images together with a fixed regularization set of 2,000 original
ChartQA samples; and the resulting Actor checkpoint serves as the starting point for the next round.

CoT case analysis. Representative cases show that the base model tends to produce direct, single-
step answers that miss key constraints, whereas the trained model exhibits explicit step-by-step
decomposition, such as identifying relevant chart regions, reading the y-axis, and computing the final
answer. Manual inspection of 20 randomly sampled base-wrong — R4-correct pairs confirms this
pattern is systematic.

J Preliminary Experiments on Difficulty-Aware Visual Editing

These preliminary experiments explored how to construct visual edits whose difficulty is calibrated to
an Actor. They informed the final design but used different generation and optimization procedures
from the main experiments. In particular, the online Rewriter GRPO experiments described below
are distinct from the final EnvRewriter SFT initialization and RWR updates.

Early image-editing pipeline. We first explored a pipeline in which a Rewriter proposed a natural-
language perturbation plan and an external image generator executed it while attempting to preserve
the original question and answer. Scene analysis and object segmentation provided additional editing
context. The Actor then answered the edited question repeatedly to estimate its pass rate, and the
resulting difficulty signal was used to update the Rewriter with online GRPO. Although the generated
images could shift aggregate task difficulty, these runs did not show stable calibration toward the
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Table 20: Most new ChartQA capabilities unlock early and remain stable. Each sample is
represented by a 5-bit correctness sequence across Base and R1-R4. The top panel shows first-correct
rounds; the bottom lists common trajectories. The top five patterns cover 92.5% of samples, led by
stable correctness (11111) and stable R1 unlocks (01111).

State n % Pattern n %
Already correct at Base 1927  77.1 11111 1796  71.8
Newly unlocked at R1 347 13.9 01111 306 12.2
Newly unlocked at R2 37 1.5 00000 171 6.8
Newly unlocked at R3 15 0.6 10111 22 0.9
Newly unlocked at R4 3 0.1 10000 18 0.7
Persistent failures 171 6.8 Top 5 2313 925
Mutually exclusive sum 2500 100.0  Other 26 patterns 187 7.5
Non-monotonic (any regression) 197 7.9 Total 2500 100.0

target pass rate. Edited samples frequently remained either too easy or too hard, leaving relatively
few samples at intermediate difficulty.

Answer matching and prompt consistency. Offline diagnosis exposed scoring errors that could
obscure the effect of an edit. Substring matching could incorrectly accept a prediction containing the
answer as part of a different value, while overly strict matching of an entire response could reject a
correct answer embedded in explanatory text. For multiple-choice questions, omitting the choices
from the Actor prompt also created a mismatch between free-form predictions and option-letter labels.
Providing the complete choices and explicitly parsing the final option corrected these mismatches.
This diagnosis motivated consistent answer extraction and normalization, with numerical precision
and units aligned to the question’s requirements. The scoring protocol used in the final experiments
is described in Appendix F.2.

Calibration requires distribution-level diagnostics. The mean pass rate alone did not adequately
characterize generation quality. A mixture of samples with pass rates near zero and one can have
a mean near 0.5 without producing intermediate-difficulty samples. We therefore distinguish the
pass rate of an individual edited sample, its average across samples, and the fraction of samples in
the target band. Difficulty statistics must also identify whether their denominator includes failed or
invalid generations. Repeated sampling yields a finite-resolution estimate of success probability; an
observed pass rate is consequently an empirical measurement under a specific Actor and sampling
configuration, rather than an exact difficulty label.

Reward and optimization observations. We explored both threshold-based rewards and a continu-
ous improvement reward |ppase — 0.5 — |Peait — 0.5]. The latter measures whether an edit moves
the Actor closer to the target. However, when both the original and edited samples have extreme
pass rates, their distances to the target are equal and this reward provides no preference between the
edits. The recorded runs exhibited limited reward differentiation and did not consistently increase the
supply of calibrated samples. These observations concern the tested pipeline and do not establish
a general limitation of GRPO. A near-zero reported loss alone is also insufficient to establish that
parameter gradients vanish.

Implications for the final design. These experiments motivated separating edit validity from
difficulty assessment, using explicit editing interfaces, and training the EnvRewriter on verified edit
transitions with measured Actor feedback. The final method uses the domain-specific validity rules
in Appendix C and the RWR procedure in Appendix B.3. The preliminary improvement reward and
online Rewriter GRPO procedure are not the optimization recipe used for the main results.

K Case Study: Co-Evolution Matters More Than Image-Generation Strength

This case study explains why VICO uses verifiable, actor-conditioned editing: the goal is to adjust
difficulty while keeping labels clean.
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Why not simple perturbations or unconstrained generation? Noise, blur, and occlusion can
lower the Actor’s pass rate, but they mainly add perceptual difficulty, not reasoning difficulty.
Unconstrained generation may produce plausible edits, but it can change answer-relevant content,
introduce ambiguity, or invalidate labels. Such failures harm RLVR because rewards require reliable
verification.

VICO avoids this through explicit validity constraints. CLEVR recomputes answers from edited
scene graphs. ChartQA uses a two-tier table rule: Tier 1 recovers a’ by entity-anchored lookup, while
Tier 2 preserves a’ = a by fixing answer-bearing CSV values. ZwZ protects answer-relevant regions
and edits only non-target regions.

Strong generators are complementary, not replacements. GPT-5 and Nano Banana can serve
as strong editing backends, but they do not replace the actor-conditioned environment policy. Used
once, they create a fixed corpus that can saturate, remain too hard, or expose shortcuts. Used inside
the loop, they still need a policy to select valid edits and target the learnable zone. Thus, the key
factor is dynamic, verifiable, actor-conditioned co-evolution, not image-generation capability alone.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: This work uses public visual reasoning benchmarks and does not involve
human subjects, private personal data, or deceptive data collection. The research is intended
for benchmark-style VLM reasoning and follows the NeurIPS Code of Ethics.

Guidelines:

¢ The answer [N/A| means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A or
[N/A] answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: The paper discusses limitations related to verifiable image-side structures, im-
perfect image editing, compute overhead, and saturation in later co-evolution rounds. These
limitations are addressed in the Limitations and Impact Statement and further supported by
the robustness, compute, and saturation analyses in the appendix.

Guidelines:

* The answer [N/A] means that the paper has no limitation while the answer means
that the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate “Limitations” section in their paper.

The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,

model well-specification, asymptotic approximations only holding locally). The authors

should reflect on how these assumptions might be violated in practice and what the

implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
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Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]

Justification: The paper includes a theoretical analysis of difficulty calibration, including
the gradient-signal argument based on p(1 — p) and a drift-corrected target that explains
saturation. The assumptions, derivations, and empirical saturation evidence are provided in
Section 4 and Appendix E.

Guidelines:

* The answer [N/A] means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

¢ Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The paper specifies model backbones, training datasets, evaluation benchmarks
metrics, OOD protocol, baseline settings, training recipe, SFT and RL hyperparameters,
baselines, reward design, editing interfaces, rollout settings, hyperparameters, and prompt
templates. These details provide a reasonable path to reproduce or verify the main experi-
mental results.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.
* If the paper includes experiments, a answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).
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(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: We plan to publicly release the code, training dataset, prompt templates, and
generated data with instructions for data preparation and reproduction of the main results.

Guidelines:

* The answer [N/A] means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not

be possible, so is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

 The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]

Justification: The paper reports the training setup, model backbones, seed data sources,
evaluation benchmarks, OOD setting, reward functions, rollout parameters, and inference
settings. Additional hyperparameters, implementation details, and prompt templates are
provided in the appendix.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:
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Justification: The paper reports deterministic benchmark accuracy results and extensive
ablations, but does not include error bars, confidence intervals, or statistical significance
tests. We acknowledge this as a limitation and plan to include repeated-run statistics in
future versions.

Guidelines:

» The answer [N/A] means that the paper does not include experiments.

* The authors should answer [ Yes] if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

o If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: The paper reports the main hardware setup, including up to 8 A100-80GB GPUs,
and provides compute estimates for the Qwen2.5-VL-7B chart-backbone run. Additional
training cost and annotation-efficiency comparisons are provided in Appendix G.3.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The work uses public visual reasoning benchmarks and does not involve human
subjects, private personal data, or deceptive data collection. The research is intended for
benchmark-style VLM reasoning and follows the NeurIPS Code of Ethics.

Guidelines:

e The answer [N/A]| means that the authors have not reviewed the NeurIPS Code of
Ethics.
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o If the authors answer , they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: The paper discusses broader impacts in the Limitations and Impact Statement.
On the positive side, VICO can reduce reliance on large-scale human annotation for VLM
post-training by turning existing visual data into adaptive, label-valid training samples. On
the negative side, automatic image editing may introduce artifacts, label drift, or biased
visual changes if not properly verified, and the paper discusses verification and filtering as
mitigation strategies.

Guidelines:

» The answer [N/A] means that there is no societal impact of the work performed.

o If the authors answer [N/A] or , they should explain why their work has no societal
impact or why the paper does not address societal impact.

* Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A]

Justification: The paper does not release high-risk pretrained models, scraped sensitive
datasets, or data intended for identity, surveillance, or safety-critical deployment. The
planned release focuses on code, prompts, verifiable editing procedures, and benchmark-
style generated training data derived from public visual reasoning datasets.

Guidelines:

e The answer [N/A] means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.
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* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: The paper cites the original sources for all external datasets, benchmarks,
model backbones, and tools used in the experiments, including CLEVR, ChartQA, ZwZ,
MathVista, MathVision, MathVerse, WeMath, LogicVista, MMMU, MMVP, BLINK, Qwen,

InternVL, SAM3, and prior baseline methods. We respect the licenses and terms of use of
these existing assets and use them only for benchmark-style research and evaluation.

Guidelines:

* The answer [N/A] means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

o If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: The paper introduces new assets including the VICO training pipeline, En-
vRewriter prompts, verifiable editing procedures, generated edited samples, and training
trajectories. These assets are documented in the methodology and appendices, including the
editing protocols, reward functions, filtering rules, training hyperparameters, implementation
details, and prompt templates, and will be released with accompanying documentation.

Guidelines:

* The answer [N/A] means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [N/A]
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Justification: The paper does not involve crowdsourcing experiments or research with human
subjects.

Guidelines:

* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [N/A]

Justification: The paper does not involve crowdsourcing experiments or research with human
subjects, so IRB approval or equivalent review is not applicable.

Guidelines:

* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.

Answer: [Yes]

Justification: The paper explicitly describes the use of large vision-language models in the
core methodology: the Actor and EnvRewriter are initialized from VLM backbones and
are jointly trained in the co-evolution loop. The paper also describes the use of GPT-5 and
Gemini (Nano Banana) as stronger offline augmentation baselines, and reports the model
backbones, prompts, reward functions, and training settings used in the experiments.

Guidelines:

* The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.

42



	Introduction
	Related Work
	Methodology
	Data-Evolving Paradigm: From Static RLVR to Adaptive Co-evolution
	Seed Visual Data and Verifiable Sample Generation
	Rewards and Co-Evolutionary Optimization

	Theoretical Analysis of Difficulty-Calibrated VICO
	Experiments
	Experimental Setups
	Main Results
	Co-Evolution Dynamics, Capability Emergence, and Ablations

	Conclusion
	Limitations, Future Work, and Impact Statement
	Implementation Details
	VICO: Algorithm Details
	Actor GRPO Training Details
	EnvRewriter SFT and RWR Details
	Reward Functions and Difficulty Filtering
	Hyperparameters
	Compute and Hardware

	Data Sources and Verifiable Visual Editing
	Seed Data Sources
	Overview of the Three Editing Arms
	CLEVR: Scene-Graph Editing
	ChartQA: Table-Level Editing and Re-rendering
	ZwZ: Answer-Preserving Natural-Image Editing
	Filtering Invalid or Ambiguous Edits
	Dataset and Edited Sample Visualizations
	Robustness to Tool Failures and Difficulty Alignment as the Bottleneck

	Image Editing Case Studies
	CLEVR Scene-Graph Editing Examples
	ChartQA Table-Level Editing Examples
	ZwZ Answer-Preserving Regional Editing Examples
	What Happens without Answer Preservation?
	What Improves with VICO


	Theoretical Analysis and Saturation
	Gradient-Signal Optimum
	Distribution Drift Cost
	Optimal Difficulty Target
	Two Limiting Regimes
	From Theory to the Sweet-Zone Reward
	Empirical Saturation Evidence
	Pass-Rate Distribution Shift

	Evaluation Protocols and Prompt Templates
	Evaluation Benchmarks and Metrics
	Answer Normalization and Scoring
	Actor Rollout Prompt
	EnvRewriter Prompt
	Evaluation Prompt
	Baseline Implementation Details
	Full ChartQA EnvRewriter Prompt

	Additional Main Results
	Full OOD Average Calculation
	Cross-Backbone Results
	Cost and Annotation Efficiency
	Comparison with Chart-Specialized Methods
	Additional Per-Benchmark Results

	Ablation and Robustness Studies
	EnvRewriter SFT as a Co-evolution Catalyst
	Static Offline Augmentation Details
	Text-Only Editing vs. Visual Editing
	Robustness to Imperfect Image Editing
	Stability Across Random Seeds
	Robustness to Initial Data Difficulty

	Co-Evolution Dynamics and Qualitative Analysis
	Bidirectional Difficulty Calibration
	Editing Intensity and Response Length
	Sample-Level Flip Analysis
	Question-Type Breakdown
	Chain-of-Thought Case Studies

	Preliminary Experiments on Difficulty-Aware Visual Editing
	Case Study: Co-Evolution Matters More Than Image-Generation Strength

