
Preprint

LOOK BACK TO MOVE FORWARD: LEARNING TO REVISIT FOR
AGENTIC COMPOSITIONAL IMAGE GENERATION

Zixu Wang1,* Xiaoran Zhao1,2,* Yahui Liu3,† Feng-ao Wang4,† Junhao Xiao5

You Shu1,2 Bing Liu6 Yiting Liu7 Songlei Jian1 Zhiliang Tian1,2 Dongsheng Li1,2

1NUDT 2PDL Lab 3Xiaohongshu 4HNU 5FDU 6SCUT 7SYSU

ABSTRACT

Text-to-image models have made remarkable progress in visual fidelity and in-
struction following, yet complex compositional generation remains challenging.
Existing agentic approaches address this limitation through iterative generation
and editing, adapting their actions based on interaction history. However, they typ-
ically fix the continuation state (i.e., the image from which refinement proceeds)
to the latest image. Since iterative editing is not necessarily monotonic, the agent
may continue refining from the latest image even when it has already degraded.
In this work, we introduce GenRevisit, an agentic framework that extends action
selection to joint continuation-state and action selection. The agent can not only
use interaction history to adjust editing instructions but also select an image can-
didate to edit, jointly deciding where to continue from and how to refine. We train
GenRevisit with SFT followed by agentic reinforcement learning. To address the
coarse credit assignment of final outcome reward in GRPO, which assigns the
same trajectory-level advantage to all actions, we further propose Normalized Ac-
tion Credit Assignment (NACA) to redistribute positive advantage according to
each action’s contribution to reducing the remaining objective. On GenEval2,
GenRevisit achieves GM scores of 84.3 and 74.4 with Qwen-Image-2512 and Z-
Image-Turbo, surpassing the strongest baselines using the same generators by 12.7
and 10.9 points respectively. GenRevisit achieves state-of-the-art performance on
GenEval, GenEval++, and GenEval2 among baselines.

1 INTRODUCTION

Recent text-to-image (T2I) models have made substantial progress in visual fidelity and instruction
following [1–3], while satisfying object counts, attributes, and spatial relations in a single generation
attempt remains challenging [4, 5]. To address this challenge, Iterative generation uses feedback
on intermediate results to guide subsequent generation and editing [6–8]. As iterative generation
produces multiple intermediate outcomes, the appropriate corrective action may vary from round
to round. Fixed refinement procedures may therefore struggle to adapt to the evolving generation
process, motivating an agentic sequential decision-making formulation in which the agent learns to
select the next operation based on the accumulated interaction history [9].

However, these policies mainly focus on learning what action to take next. An editing operation
requires both a source image (i.e., the image from which refinement proceeds) and an editing in-
struction, but the source is often predetermined by the workflow. Although the interaction history
records what action has attempted on each state and the resulting feedback, it works only for revis-
ing the instruction based on the fixed state if we just learn the action selection policy. This design
has room for improvement because if we can’t jointly decide continuation state and action to do, we
may miss more promising state to continue for better results. For example, as illustrated in Figure 1,
an edit to I0 produces I1 but violates previously satisfied constraints. A latest-only policy then gains
additional feedback, yet its next edit must still start from the degraded image I1. The agent may thus
spend its limited budget restoring constraints that remain satisfied in I0. This highlights the need for
a policy that learns to jointly select a continuation state and specify an editing instruction tailored to
it, rather than only adapting the instruction to a fixed source.

*Equal contribution. †Corresponding authors. § https://github.com/Flipped-zx/GenRevisit
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Figure 1: An illustrative comparison between latest-state refinement and our GenRevisit.

To this end, we introduce GenRevisit, a framework that expands decision space from action selec-
tion to joint continuation-state and action selection. We treat image candidates accumulated in the
interaction history as candidate continuation states, each corresponding to a possible starting point
for further refinement. At each decision step, GenRevisit uses a multimodal planner to choose the
next action from generation, editing, querying, and submission, based on decision context. When it
edits, it jointly decides a source image and an editing instruction to correct remaining errors while
preserving satisfied constraints. This allows the planner to revisit a stronger image candidate and
open new refinement branches, rather than being restricted to the latest image.

We train our proposed GenRevisit in two stages. First, we collect multi-round trajectories with
GPT-5.5 and initialize the planner by supervised fine-tuning (SFT). We supervise actions that im-
prove the image, including recovery from degraded states. Failed actions are excluded from the SFT
loss but kept in the history with their feedback, because they still inform later decisions. We then
use reinforcement learning (RL) with GRPO [10] to further improve the planner through its own
interactions. The terminal reward measures how well the final submitted image satisfies the task
constraints. However, the standard GRPO assigns the same advantage to every action in a trajec-
tory, so a positive trajectory advantage can reinforce actions that worsen the image. To address this
issue, we propose Normalized Action Credit Assignment (NACA). In positive-advantage trajecto-
ries, NACA redistributes credit among generation and editing actions based on the fraction of the
remaining utility gap that each action closes.

Our experiments demonstrate the effectiveness of GenRevisit from three perspectives: (i) Com-
positional generation: GenRevisit achieves 84.3 GM on GenEval2 [5], exceeding the strongest
agentic baseline by 12.7 points. Results on GenEval [4] and GenEval++ [11] further support cross-
benchmark generalization. (ii) Cross-generator transfer: We use GenRevisit with Z-Image-Turbo
[12] without additional training. It also outperforms the strongest agentic baseline with the same
generator by 10.9 points on GenEval2. (iii) Benefit of joint selection: Joint selection outperforms
latest-only and best-only rules by 5.0 and 2.8 GM points, in matched-budget teacher continuations.
The policy trained on joint demonstrations achieves 81.5 GM on GenEval2, exceeding its best-only-
trained counterpart by 4.0 points.

Our contributions are summarized as follows:

• We propose GenRevisit, a history-conditioned framework for joint continuation-state and
action selection, making the choice of where to continue an explicit policy decision rather
than a predetermined starting condition.

• We combine action-level SFT with RL and introduce NACA, which redistributes image-
action credit in positive-advantage trajectories according to normalized local progress.

• GenRevisit achieves state-of-the-art performance on GenEval, GenEval++ and GenEval2
among baselines, surpassing the best GenEval2 results for Qwen-Image-2512 and Z-Image-
Turbo by 12.7 and 10.9 points respectively, showing strong compositional generation.
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2 RELATED WORK

Compositional evaluation. As text-to-image models are increasingly expected to satisfy con-
straints involving multiple objects, attributes, and relations simultaneously, compositional faithful-
ness has become a core test of generation capability. Earlier benchmarks such as GenEval, T2I-
CompBench, and ConceptMix organize evaluation around predefined compositional dimensions [4,
13, 14], whereas TIFA, Davidsonian Scene Graph, and GenEval 2 move toward prompt-specific
atomic verification by decomposing each request into individually verifiable rubrics [15, 16, 5].
Inspired by this paradigm, we use constraint-level atomic judgments as fine-grained environment
feedback for multi-round agentic generation, allowing decisions to be grounded in how individual
constraints evolve across attempts.

Iterative image generation. Iterative generation has progressed from prompt rewriting, repeated
editing, and visual reflection [6–8] to closed-loop systems that evaluate intermediate results and
invoke generation or editing tools accordingly [17–19]. More recent approaches make this feedback
loop increasingly explicit: Qwen-Image-Agent incorporates verification feedback into subsequent
refinement, while R3 organizes feedback-driven retry and repair [20, 21]. Generation Navigator
further formulates iterative generation as state-dependent action selection, learning when to stop,
refine, or regenerate [9]. We build on this progression by extending the decision from what to do
next to which source state to act from: historical candidates are retained as selectable branching
points, allowing the policy to jointly choose a source state and the subsequent operation.

3 PRELIMINARIES

Agentic image generation can be viewed as a sequential decision process in which a planning policy
interacts with external tools. Given a prompt specifying multiple compositional requirements, the
objective is to produce an image that satisfies these requirements within a total budget of image
generation and editing calls. At each decision step, the planner selects an action according to its
planning policy, conditioned on the current decision context. The environment executes the action
and updates the decision context with the resulting observations and feedback. We formalize this
interaction in terms of states, actions, and trajectories.

States and actions. Let x denote the input prompt and B the total budget of image generation
and editing calls. At decision step t, the interaction state st denotes the decision context available
to the planning policy, including x, the available history of actions, images, and feedback, and the
remaining budget. The policy πθ, parameterized by θ, selects an executable action as

at ∼ πθ(· | st). (1)

Each action specifies an operation and its associated parameters. Here, st represents the overall
decision context rather than an individual image candidate.

Interaction trajectories. The environment executes at and incorporates the resulting observations
and feedback into the next decision state st+1. The sequence of interactions forms a trajectory

τ = (s0, a0, s1, a1, . . . , sT−1, aT−1, sT ), (2)

where T is the number of decision steps. The interaction terminates when a final image is selected
as the output or another prescribed termination condition is met. The total number of generation and
editing calls is bounded by B and need not equal T .

While st denotes the complete interaction state available for decision making, image candidates
accumulated in the interaction history serve as candidate continuation states, each representing a
possible starting point for further refinement. We refer to the candidate selected for this purpose as
the continuation state. Whether the continuation state is fixed to the latest candidate or explicitly
selected from the interaction history is determined by the action interface. Section 4.1 describes a
history-conditioned interaction framework that enables joint continuation-state and action selection.
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Figure 2: Overview of GenRevisit. Panel (a) presents the overall workflow. At each decision step,
the multimodal planner selects the next action based on the decision context and, when editing,
jointly selects a source image as the continuation state and a corresponding edit specification. The
resulting image is verified and recorded in the interaction history to inform subsequent decisions,
while submission returns the historical GM-best image. Panel (b) illustrates an editing example.
The planner selects I1, which is neither the latest candidate I2 nor the GM-best candidate I0, and
corrects the backpack count while preserving the other constraints. The resulting candidate I3 passes
all constraint-level checks and becomes the new GM-best image.

4 METHOD

An overview of our GenRevisit is shown in Figure 2. GenRevisit combines a history-conditioned
interaction framework for joint continuation-state and action selection with a two-stage planner
training procedure comprising supervised fine-tuning and reinforcement learning. We detail the
history-conditioned interaction framework in Section 4.1, supervised fine-tuning in Section 4.2, and
reinforcement learning with normalized action credit assignment in Section 4.3.

4.1 HISTORY-CONDITIONED INTERACTION

Decision context. The decision context st defined in Section 3 is instantiated as shown in Fig-
ure 2. The compositional requirements of prompt x are represented by fixed atomic constraints
C = {cj}Kj=1, each paired with a VQA-style verification question. Historical image candidates are
provided as visual inputs alongside the actions that produced them and their verification feedback,
allowing the planner to assess potential editing sources. Guidance returned by previous skill queries
is also included in the decision context.

Joint continuation-state and action selection. At each decision step, the agent produces one
structured action

at = (ot, ηt) ∼ πθ(· | st), ηt = (kt, ut) when ot = EDIT,
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where ot ∈ A = {GENERATE, EDIT, RETRIEVE, SUBMIT} denotes the operation type and ηt con-
tains its operation-specific arguments. Generation and editing specify the constraints to target and to
preserve together with an executable instruction, and guidance retrieval requests constraint-specific
advice. Submission returns the historical GM-best image and terminates the interaction.

For editing, kt indexes an available historical image candidate Ikt from the interaction history, which
serves as the continuation state, and ut specifies the editing instruction and the constraints to target
and preserve. This implements joint continuation-state and action selection: conditioned on st, the
planner jointly selects the source image Ikt

and its edit instruction ut within a single structured
action. The planner thus decides both where to continue refinement and how to address the selected
image’s remaining errors while preserving satisfied constraints.

Execution and verification and update. The environment executes the selected action at, and
for editing, it applies the jointly selected edit specification ut to the source image Ikt

. Generation
and editing each consume one image call. Every resulting image, including the initial generation,
is evaluated against the fixed constraints C, yielding a GM score and constraint-level feedback. Af-
ter verification, the environment appends the new candidate, its executed action, and feedback to
the interaction history, retaining the source image and editing instruction for edits. It updates the
historical GM-best candidate and remaining budget to form the next decision context st+1. Regres-
sive attempts remain in the history, and editing an earlier candidate creates a new branch without
discarding subsequent history or restoring consumed budget.

4.2 SUPERVISED FINE-TUNING FOR COLD START

Teacher trajectorie construction. We use GPT-5.5 as a teacher agent to collect 1,000 multi-round
trajectories in the history-conditioned interaction environment described in Section 4.1, covering
1,000 prompts from the GenEval2 training set used by Flow-DPPO [22]. Training targets are se-
lected from the teacher trajectories based on action outcomes. For edits, we retain actions that
improve the image being edited. Degraded actions and their feedback remain in the context for later
decisions while no imitation loss. The prompt-level split yields 3,473 training targets across 800
training prompts, with 100 prompts each reserved for validation and testing. Appendix B describes
the full data construction process and reports the resulting dataset statistics.

Masked supervised fine-tuning. For each selected teacher action at, we construct a training se-
quence zj by serializing the corresponding interaction state st followed by the action response, with
the associated images provided as conditioning inputs. The state st contains only information avail-
able before at; the action’s outcome is used solely for offline target selection. For editing targets,
the response includes both the image choice kt and the edit specification ut. We define a binary
mask mj,ℓ that equals one on the action-response tokens and zero on all preceding context tokens,
and minimize

LSFT(θ) = − 1

Z

∑
j

∑
ℓ

mj,ℓ log πθ

(
zj,ℓ | zj,<ℓ

)
, Z =

∑
j

∑
ℓ

mj,ℓ. (1)

Here, ℓ indexes token positions and Z is the total number of supervised tokens. Only the selected
action response receives imitation loss, while prior actions and feedback, including failed attempts,
remain available as conditioning context. The resulting SFT policy serves as the initialization for
reinforcement learning in Section 4.3.

4.3 REINFORCEMENT LEARNING WITH NORMALIZED ACTION CREDIT

Terminal reward and trajectory advantage. For each prompt, we sample G trajectories under
the policy πold. We define image utility as U(I) = P (I) + αg(I), where P (I) counts passed
constraints and g(I) ∈ [0, 1] is the Soft-TIFA geometric mean of the verifier’s correct-answer prob-
abilities across constraints [5]. With α = 0.25, the passed-constraint count takes priority, while GM
breaks ties. This priority is intentional: P (I) provides an explicit signal for constraint completion,
while g(I) retains sensitivity to continuous improvements among images with the same pass count.
For K constraints, the upper bound is D = K +α. For the image Isubi submitted in trajectory i, the
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terminal reward and group-relative advantage are

Ri = U(Isubi ), Ai =
Ri − R̄

σR
, (2)

where R̄ and σR are the group mean and population standard deviation. Failure handling and the
exclusion of zero-variance groups are described in Appendix C.2.

Normalized action credit assignment. Standard GRPO assigns the same trajectory advantage to
every action, potentially reinforcing regressive actions in positive-advantage trajectories. NACA re-
distributes positive advantage among generation and editing actions according to normalized local
progress, without changing the terminal reward. For an image action ai,t producing Ii,t, the refer-
ence utility U ref

i,t is the utility of the image being edited, zero for initial generation, and the highest
available image utility before subsequent generation. We define

qi,t =
[U(Ii,t)− U ref

i,t ]+

D − U ref
i,t

, (3)

for U ref
i,t < D, with qi,t = 0 when U ref

i,t = D and [z]+ = max(z, 0). This ratio measures the fraction
of the remaining utility gap closed by the action, rather than its absolute improvement. An edit can
therefore make positive progress without exceeding the historical best GM score.

Let Ii index valid, evaluated image actions and Li,t their trainable response-token counts. For
positive-advantage trajectories, effective positive-progress actions receive

wi,t = min(ci, λiqi,t),
∑
t∈Ii

Li,twi,t =
∑
t∈Ii

Li,t. (4)

Here, ci caps the weights and λi scales them to preserve the token-weighted total. Other image ac-
tions receive zero weight; if no effective progress is available, all weights remain one. Appendix C.4
specifies the effective-progress threshold, cap, and numerical solver. The action advantages are

Ãi,t =

{
Aiwi,t, Ai > 0 and t ∈ Ii,
Ai, otherwise.

(5)

Nonpositive advantages remain unchanged, since weighting negative advantages by progress could
penalize improving actions more strongly. Retrieval and submission also retain Ai.

Policy optimization. Each sampled action-response token inherits its action’s advantage, includ-
ing the image choice and edit specification for editing. At each RL round, the preceding checkpoint
serves as both πold and the frozen KL reference πref . Let B contain the trajectories retained for an
optimizer step and Ti their mask-selected response tokens. For token yi,ℓ with multimodal prefix
Hi,ℓ, define ρi,ℓ = πθ(yi,ℓ | Hi,ℓ)/πold(yi,ℓ | Hi,ℓ). We maximize

JNACA(θ) =
1

|B|
∑
i∈B

∑
ℓ∈Ti

[
min

{
ρi,ℓÃi,ℓ, clip(ρi,ℓ, 1− ϵ−, 1 + ϵ+)Ãi,ℓ

}
− βKi,ℓ

]
, (6)

where ϵ− and ϵ+ are the clipping offsets, and β weights the KL penalty Ki,ℓ against πref . The
objective sums over response tokens and averages over trajectories, without length normalization.
NACA changes advantages, not response masks: retained responses with zero action advantage still
contribute their KL terms. Context and environment observations are inputs only. Appendix C gives
the numerical solver, KL estimator, and training details.

5 EXPERIMENTS

5.1 SETUP

Implementation Details. We adopt Qwen3-VL-8B-Instruct [23] as the planner backbone, with
Qwen-Image-2512 [24] and Qwen-Image-Edit-2511 [25] as frozen generation and editing tools. The
skill library is predefined and remains unchanged during evaluation. The SFT training split contains
800 prompt groups and 3,473 selected action targets. SFT uses a learning rate of 10−5, a global
batch size of 32, and two epochs. The RL group size is four, with 1,280 sampled trajectories in total.
Detailed dataset statistics, training settings, and tool configurations are provided in Appendices A.3,
B, and C.
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Table 1: Main results on GenEval2. GM averages prompt-level geometric means of atom scores;
Skill Avg. averages the five skill-wise AM scores. Bold and underlined scores mark the best and
second-best results among (i) all direct-generation models and Qwen-Image-2512 workflows, or (ii)
Z-Image-Turbo workflows alone. † marks the best external agentic baseline within each generator
block; ↑/↓ shows absolute score-point changes relative to it.

Generator Agent Method
Overall↑ Skill-wise AM↑

GM Skill Avg. Object Attribute Position Count Verb

CLOSED-SOURCE IMAGE GENERATION MODELS

Nano Banana [5] Direct generation 44.6 83.5 99.0 91.4 70.2 70.1 86.7
Nano Banana 2 [18] Direct generation 63.4 81.7 97.0 95.1 83.7 76.4 56.1

OPEN-SOURCE IMAGE GENERATION MODELS

Bagel [26] Direct generation 23.1 66.6 92.9 75.9 50.6 55.6 57.8

Qwen-Image [3] Direct generation 33.8 77.3 99.1 85.6 60.2 70.3 71.1

Qwen-Image-2512 [3] Direct generation 29.0 62.0 97.9 65.2 58.1 66.9 22.1

Z-Image-Turbo [18] Direct generation 31.0 63.4 97.8 75.4 62.2 62.8 18.6

AGENTIC GENERATION WORKFLOWS

Rewrite [18] 39.8 69.3 97.3 81.1 73.8 64.0 30.3

Promptist [27] 27.4 62.5 97.3 64.4 59.4 63.0 28.6GPT-4

Search [28] 42.1 67.5 98.3† 71.1 66.1 73.9 28.2

Maestro [6] 48.0 72.4 97.3 84.9 80.9 68.0 31.0

Mind-Brush [29] 32.1 – – – – – –

SCOPE [30] 46.3 – – – – – –

CRAFT [31] 66.3 82.4† 97.9 91.3 89.9 79.0 53.7†

GEMS [18] 70.4 81.3 96.9 91.4 91.4 81.3† 45.5

Kimi-K2.5

GenRouter [32] 71.6† 81.8 98.3† 92.3† 91.6† 80.7 46.3

Base policy 49.7 74.6 97.9 88.9 64.4 72.4 49.6

Qwen-Image-2512

Qwen3-VL-8B
GenRevisit 84.3 ↑12.7 86.7 ↑4.3 99.4 ↑1.1 97.2 ↑4.9 92.5 ↑0.9 90.3 ↑9.0 53.9 ↑0.2

GEMS [18] 63.5† 79.2 97.9 92.4 85.4 79.0 41.1
Kimi-K2.5

GenRouter [32] 57.6 76.4 97.9 89.5 76.8 80.3 37.4

Sonnet 4.5 COMFYCLAW [33] 62.0 70.3 96.2 85.4 72.2 66.8 32.2Z-Image-Turbo

Qwen3-VL-8B GenRevisit 74.4 ↑10.9 79.4 98.1 96.6 85.9 74.0 42.6

Benchmark and Evaluation. We use GenEval2 as our primary benchmark for complex composi-
tional generation and report its GM score. We additionally report overall scores on GenEval [4] and
GenEval++ [11] to assess compositional generation beyond GenEval2. We also evaluate the same
policy with Z-Image-Turbo on GenEval2 to test cross-generator transfer without additional training.
We use greedy planner decoding with at most five generation or editing calls per prompt, includ-
ing the initial generation, and evaluate the final submitted image. Baseline scores are taken from
the cited sources under their reported configurations. Detailed evaluation protocols are provided in
Appendix A.4.

5.2 EVALUATIONS

Main results on GenEval2. Table 1 shows that our method achieves 84.3 GM with Qwen-Image-
2512, exceeding the strongest agentic baseline using the same generator by 12.7 points. It also
attains the highest Skill Avg. of 86.7 and leads in four of the five skill categories. Counting shows
the largest skill-wise gain, reaching 90.3 and exceeding the best competing score in this category
by 9.0 points. Verb remains a comparatively weak category at 53.9. These results are obtained with
an average of 2.62 image calls per prompt across all 800 prompts. With Z-Image-Turbo, the same
policy achieves 74.4 GM without additional training, exceeding the strongest agentic baseline using
this generator by 10.9 points. This result shows that the learned policy remains effective when paired
with a different generator.

Cross-Benchmark Evaluation. As shown in Table 2, our method achieves the highest overall
scores on GenEval [4] and GenEval++ [11], at 0.9844 and 0.8929, respectively. The strong counting
performance on GenEval2 is also evident on GenEval (0.9875) and GenEval++ (1.000). These re-
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Table 2: Cross-benchmark evaluation on GenEval and GenEval++.
(a) GenEval

Method Agent Generator Overall↑

DIRECT GENERATION

FLUX.1-dev [34, 19] – FLUX.1-dev 67.0

Qwen-Image [3, 19] – Qwen-Image 87.0

Qwen-Image-
2512† [18]

– Qwen-Image-2512 74.0

Z-Image-Turbo† [18] – Z-Image-Turbo 82.0

AGENTIC GENERATION AND REFINEMENT

GEMS [18] Kimi K2.5 Qwen-Image-2512 79.0

GEMS [18] Kimi K2.5 Z-Image-Turbo 86.0

ReflectionFlow‡ [34] Qwen2.5-VL-7B FLUX.1-dev 91.0

RAISE [35] Mistral-Small-3.2-
24B

FLUX.1-dev + Kontext 94.0

CoIG [36] Gemini 2.5 Flash Nano Banana 94.8

OctoT2I [37] Qwen2-0.5B 5-model pool 96.0

GenRevisit Qwen3-VL-8B Qwen-Image-2512 98.4

(b) GenEval++

Method Agent Generator Overall↑

DIRECT GENERATION

FLUX.1-dev [34, 19] – FLUX.1-dev 32.5

Qwen-Image [3, 19] – Qwen-Image 66.8

GPT-Image-1.5 [38] – GPT-Image-1.5 75.0

Gemini-3.1
Flash-Image [38]

– Gemini-3.1 77.5

AGENTIC GENERATION AND REFINEMENT

ReflectionFlow‡ [34] Qwen2.5-VL-7B FLUX.1-dev 36.1

FiRe-GRPO
(3rd) [39]

Janus-Pro-7B Janus-Pro-7B 49.1

GenAgent [19] Qwen2.5-VL-7B FLUX.1-dev 56.1

GenAgent [19] Qwen2.5-VL-7B Qwen-Image 72.5

Mind-Brush [29] GPT-5.1 Qwen-Image + Edit-2512 78.2

GenClaw [38] Claude Opus 4.6 Gemini-3.1 Flash-Image 87.9

GenRevisit Qwen3-VL-8B Qwen-Image-2512 89.3

Figure 3: Qualitative comparison of GenRevisit and baseline models.

sults suggest that the learned policy can guide compositional generation beyond GenEval2. Detailed
per-category results and evaluation protocols are provided in Appendices E.4 and A.4.

Qualitative Comparison. As show in Figure 3, GenRevisit presents qualitative comparisons on
prompts involving counts, colors, attribute and relations. Our method more consistently satis-
fies these constraints, including the object counts, position-specific handle and spout colors of the
teapots, and the counts and spatial arrangements of flowers, candles, and cats. These examples com-
plement the quantitative results, illustrating improved compositional alignment while maintaining
visual coherence. Additional outputs and an executed revisit trajectory are provided in Appendix F.5.

5.3 ABLATION STUDY

Table 3 examines the effects of our workflow and policy learning on GenEval2. Direct generation
with Qwen-Image-2512 achieves 29.0 GM, while an untuned Qwen3-VL-8B planner reaches 49.7
using our workflow, with access to constraint-level feedback, interaction history, and historical im-
ages as editing sources. SFT raises GM to 81.5, with the largest skill-wise gains over the untuned
planner in Position (+27.3) and Count (+16.4). This improvement highlights the value of learning
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Table 3: Ablation study on GenEval2.

Variant Overall Skill-wise AM

GM ∆GM Skill Avg. Object Attribute Position Count Verb

Qwen-Image-2512 29.0 – 62.0 97.9 65.2 58.1 66.9 22.1
Untuned Qwen3-VL-8B-Instruct† 49.7 +20.7 74.6 97.9 88.9 64.4 72.4 49.6

SFT only 81.5 +31.8 85.3 98.9 96.1 91.7 88.8 51.1
SFT + GRPO 80.3 −1.2 85.1 98.7 96.0 91.1 88.4 51.4
SFT + NACA 84.3 +4.0 86.7 99.4 97.2 92.5 90.3 53.9

†Untuned Qwen3-VL-8B-Instruct uses our agent workflow. ∆GM is relative to the preceding row (NACA vs. standard GRPO).

the refinement policy rather than relying on an untuned planner to execute the workflow. Standard
GRPO yields 80.3 GM, below the SFT policy’s 81.5. In contrast, GRPO with NACA reaches 84.3
GM, outperforming standard GRPO by 4.0 points and SFT by 2.8 points. The NACA variant also
achieves the highest scores across all five skills among the evaluated variants. These results support
redistributing positive trajectory credit according to the progress made by individual image actions.

5.4 ANALYSIS

Although we intuitively might assume that continuing to edit from the latest state would yield better
results, by analyzing the agent’s decision trajectories, we find it implicitly selects the continuation
state in three patterns: (i) following an edit that breaks satisfied constraints without resolving others,
the agent often returns to an earlier, higher-scoring candidate; (ii) conversely the agent may continue
from the latest image despite a lower overall score if it satisfies previously unmet constraints; (iii) an
earlier candidate that preserves constraints violated by later edits may be selected even if it is neither
latest nor highest-scoring, providing a cleaner starting point for correcting the remaining errors. We
further quantify the benefits of dynamic source selection through two experiments:

Controlled teacher continuations. To quantify the benefit of joint selection, we select 200 prefixes
from a pool of 800 teacher trajectories where the task remains unsolved after three image calls. Each
prefix provides a shared starting history for Joint, Latest-only, and Best-only, with two image calls
remaining. All three use the same teacher and interaction protocol, differing only in edit-source
access. Latest-only uses the latest image, Best-only uses the current highest-GM image, and Joint
selects the source together with its editing instruction. Joint achieves a mean final GM of 55.2,
compared with 52.4 for Best-only and 50.2 for Latest-only. Its improvement over Best-only is 2.8
points (paired 95% CI: [0.46, 5.15]). Joint also increases the proportion of prefixes producing a new
candidate above the shared prefix best from 57.0% with Best-only to 65.0%. These results support
the value of joint selection beyond fixing the editing source to the current highest-scoring image.

Learning from joint demonstrations. A second experiment examines whether joint demonstra-
tions lead to better performance after SFT. An additional 800 Best-only teacher trajectories are
collected using the same prompts and initial images as the Joint trajectories. The two demonstration
sets are used to train separate student policies via SFT. Both policies are then evaluated on the offi-
cial GenEval2 evaluation set of 800 prompts under the same evaluation protocol used for our main
results. The student trained on Joint demonstrations achieves 81.5 GM, compared with 77.5 for
its Best-only-trained counterpart, an improvement of 4.0 points (paired 95% CI: [2.81, 5.18]). The
advantage is thus observed not only in controlled teacher continuations but also in the benchmark
performance of the trained policies.

6 CONCLUSION

We introduce GenRevisit, which learns to jointly select a continuation state and an action. SFT
retains failed actions and outcomes as recovery context rather than supervision. NACA assigns
action-level credit using normalized local progress in non-monotonic trajectories. Experiments
demonstrate improved compositional generation across benchmarks and cross-generator transfer
without additional planner training. Our findings suggest that an image’s value as a starting point
depends on both its current constraint satisfaction and what a suitable edit can achieve, highlighting
the importance of learning source selection and editing together.
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A EXPERIMENTAL SETUP AND INTERACTION PROTOCOL

This appendix separates the planner’s decisions from the information and rules supplied by the envi-
ronment. We first describe the models, candidate access, and training settings. Appendix B specifies
the teacher supervision, and Appendix C gives the RL objective and credit-allocation algorithm. The
training chain is Joint selective SFT followed by five rounds of NACA RL.

A.1 MODELS AND FROZEN COMPONENTS

The planner is initialized from Qwen3-VL-8B-Instruct [23], and GPT-5.5 supplies teacher trajecto-
ries. Generation and editing use separate, frozen backends: Qwen-Image-2512 [24] creates a new
image, while Qwen-Image-Edit-2511 [25] modifies the selected candidate. The environment routes
the action to the corresponding backend. The planner specifies the image content and, for editing,
the image to modify; it does not select a model, provider, sampling configuration, or image seed.

Table A.1: Model roles and trainable components. Backend routing is controlled by the environ-
ment, not predicted in an action.

Role Model or component Use

Planner Qwen3-VL-8B-Instruct Language parameters are updated; vision
tower and multimodal projector are frozen.

Teacher GPT-5.5 Collects multi-round demonstrations with
executed actions and verifier feedback.

Generator Qwen-Image-2512 Produces a new candidate without an editing
input.

Editor Qwen-Image-Edit-2511 Edits the candidate named in the action.
Verifier Qwen3-VL-8B-Instruct Frozen VQA evaluator; provides atomic

feedback and Soft-TIFA scores.
Guidance Fixed skill library Returns requested guidance; does not choose

the next action or image.

The cross-generator evaluation replaces the generation backend with Z-Image-Turbo without addi-
tional planner training. The generation and editing roles should be distinguished: an interface for
replacing the generator does not, by itself, specify a different editing model. The exact evaluation-
time tool binding belongs to the corresponding run configuration.

A.2 DECISION INPUTS, ACTIONS, AND CANDIDATE ACCESS

A task consists of an original prompt, a fixed set of atomic constraints, and an image-call budget of
five. Constraint identifiers and evaluator questions remain fixed throughout the episode. After each
image action, the verifier records a status for every constraint and the correct-answer probabilities
used to calculate Soft-TIFA GM. Statuses distinguish pass, fail, and uncertain; uncertainty is
not silently replaced by a confident failure or success.

The Joint input presents all completed candidates in completion order, together with their images,
evaluations, actual parent identifiers, and executed actions. Image pixels are supplied as multimodal
message content and explicitly bound to candidate and artifact identifiers. They are not an additional
field generated by the planner. Table A.2 summarizes the information available for a decision; the
exact interface fields are given in Appendix G.

One structured action. Each response contains exactly one of generation, editing, guidance re-
trieval, and submission. An editing response jointly specifies the candidate identifier, target con-
straints, preservation constraints, and executable instruction. These are parts of one action, not
independent image-selection and instruction-generation stages. Targets and preservation constraints
must be disjoint and refer to the fixed task. Preservation fields specify the content to retain during
editing.

Access and ranking. Let candidate j have GM gj , passed-constraint count Pj , and completion
index j. The Joint control ranks candidates lexicographically by (gj , Pj ,−j). It also retains the
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Table A.2: Decision-time information in the Joint input. All entries are environment-provided in-
puts.

Component Information

Task Original prompt, fixed atomic requirements and questions, maximum image
attempts.

Candidate history Every completed candidate, its bound image, parent identifier, GM, constraint
results, and the action that produced it.

Control Current rankings, visible and editable candidate identifiers, legal submissions,
and remaining image budget.

Retrieved guidance Actual returned skill content and its associated target constraints.
Query control Available skills, completed and pending queries, and remaining query

allowance.
Action error, when present The last unresolved format or validation error, used to request a new complete

action.

underlying reducer’s pass-first identifier, ranked by (Pj , gj ,−j), under an explicitly different name.
The GM-best identifier controls submission. The planner can edit any completed candidate, whether
or not it is latest, GM-best, or uniquely satisfies a constraint. There is no prescribed fraction of
historical edits and no requirement to avoid the current best.

Table A.3: Candidate permissions under the GM-control interface. Rankings and permissions are
recomputed after each completed image. This table defines the interfaces, not additional trained
variants.

Interface Visible candidates Editable candidates Submission

Joint All completed images All completed images GM-best
Best-only All completed images Current GM-best GM-best
Latest-only All completed images Current latest GM-best

Three distinct uses of image scores

These control rankings are distinct from the RL utility U(I) = P (I) + 0.25g(I) and from the source-
relative GM criterion for SFT selection. The control determines which submission is legal; SFT selection
determines which demonstrated actions are imitated; RL utility determines rewards and local progress.
None of these roles is substituted for another.

Budget and termination. The first generation is included in the five-image budget. A new gener-
ation creates a root candidate; an edit creates a child of the declared input image. Neither restarting
nor editing an earlier image resets the budget or removes later observations. Guidance retrieval and
submission do not create image candidates. Infrastructure retries are handled by the execution layer
rather than recorded as fictitious low-scoring candidates.

With no completed image, the agent cannot edit or submit. Once the image budget is exhausted, it
must submit the GM-best with the budget reason. Otherwise, if that candidate passes all constraints,
it must submit with the all-pass reason. If neither condition holds, it may continue or submit with
no productive action remaining. Budget exhaustion takes precedence when the last image is
also all-pass. The planner decides whether to stop early when neither mandatory stopping condition
holds. Submission uses the fixed GM-best rule.

History and guidance. The environment rebuilds persistent state from validated actions, execu-
tion artifacts, and evaluation events. Failed or ineffective executed edits remain available as evi-
dence. Raw rejected output does not become persistent free-form memory, although an unresolved
action error can be returned for correction. Candidate records carry the image history and executed
actions, rather than a separate free-form memory summary. Internal transition records may contain
more detail than the student input.

At most two successful skill queries are permitted between completed image evaluations. Pending
queries and already active skills cannot be queried again. Returned guidance supports the planner’s
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instruction but does not choose its editing input, alter candidate permissions, or add image calls. The
six documented skills and their interface are listed in Appendix G.3.

A.3 TRAINING SETTINGS

Selective SFT establishes the structured joint decision behavior. The resulting checkpoint initializes
five RL rounds. Only the planner’s language parameters are optimized; image backends, verification,
and the planner’s visual components remain frozen. Tables A.4 and A.5 separate the supervision/-
export settings from the RL optimizer settings.

Table A.4: SFT settings and supervision interface, aligned with the main-paper configuration.

Setting Value

Planner initialization Qwen3-VL-8B-Instruct
Prompt membership 800 train / 100 validation / 100 test
Teacher prompt pool 1,000 prompts across the three splits
Learning rate / global batch size / epochs 10−5 / 32 / 2
Selected action targets 3,473 train / 437 validation / 413 test
Targets per exported record One canonical assistant action
Training target Complete action response, including image choice and edit

specification
Context loss Masked; task, images, previous actions, and feedback remain

inputs
Data format LLaMA-Factory action-response records
Supervision scope Action response only; no separate reasoning target
Frozen modules Vision tower, multimodal projector, external backends and

verifier

Table A.5: RL settings for the five-round training chain. Hardware is specified only for the final
round where it was confirmed.

Setting Value

Training protocol
Initialization Joint selective SFT checkpoint
Rounds / prompt groups per round 5 / 64
Rollouts per group 4
Collected trajectories 256 per round; 1,280 total
Optimizer steps 8 per round; 40 total
Configured update batch 8 prompt groups, or 32 trajectories, before filtering
Data reuse / image budget 1 epoch per round / 5 calls per trajectory

Sampling and references
Temperature / top-p / top-k 0.7 / 0.95 / disabled (−1)
Rollout policy Preceding checkpoint, fixed during collection
KL reference Frozen parent checkpoint, refreshed each RL round

Optimization and credit
Optimizer / weight decay AdamW / 0
Initial learning rate 10−6, with linear decay within each round
Clipping offsets / KL coefficient (0.20, 0.28) / 0.02
Entropy coefficient / gradient clip 0 / 1
Loss reduction Trajectory mean, sampled-response token sum
Microbatch and accumulation One action segment at a time; accumulate the step’s

assigned segments
Utility coefficient / nominal cap α = 0.25 / 8; effective cap can be higher
Nonpositive advantages Broadcast unchanged
Credit preparation After rollout, using execution events and response masks
Final-round distributed training FSDP with four ranks

The 320 prompt-group instances need not correspond to 320 distinct prompts. The configured batch
size is not a fixed gradient-accumulation count: the number of action segments depends on the
sampled trajectories. Groups with effectively zero reward variance are excluded from optimizer
data. The threshold, dynamic cap, and exact loss are defined in Appendix C.
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A.4 BENCHMARK AND EVALUATION PROTOCOLS

GenEval2 [5] is the primary compositional benchmark, with final image quality reported using Soft-
TIFA GM. For the fixed K atomic questions associated with an image I , let pk(I) be the verifier’s
probability of the correct answer. The documented score computation is

g(I) = exp

(
1

K

K∑
k=1

logmax{pk(I), 10−300}

)
. (A.1)

Missing, non-finite, or out-of-range probabilities are rejected before aggregation. GM is not the
proportion of passed constraints. Discrete statuses support planning and pass-count computation,
while the continuous probabilities define the GM score.

The reported GenEval2 datasets contain 800 prompts. The planner’s ordinary evaluation decoding
is greedy, with a maximum of five generation or editing calls including the initial generation. Eval-
uation scores refer to the selected submitted image rather than automatically to the last generated
image. Cross-generator evaluation retains the planner weights and changes the generation backend
without additional training.

The Qwen-backed evaluation reports the final submitted images for all 800 prompts, yielding 84.3
GM. We also rescore the same 800 submitted images with the official evaluator. On the GM×100
scale, the absolute difference between the online and official mean scores is 0.00000082, and the
maximum per-image absolute difference is 0.00000437. Thus, online scoring and official rescoring
agree numerically on this evaluation set.

Execution validates action structure and source eligibility before dispatching image calls. Error han-
dling uses action-validity feedback, deterministic target–preserve overlap resolution, and source-
ID correction under the applicable source-eligibility rule. Editing instructions remain planner-
generated, and continuation retains the executed prefix and remaining image budget. The current
Joint prompt and the archived historical-access protocol are specified separately in Appendices G.5
and E.3.

GenEval [4] and GenEval++ [11] provide the cross-benchmark evaluations in the main paper. Their
benchmark-specific results are reported separately from GenEval2 Soft-TIFA GM. External baseline
values are taken from the cited publications, author-provided results, or reproductions under the
configurations documented by those sources.
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B TEACHER DATA AND SELECTIVE SUPERVISION

The teacher data provide examples of complete decisions under the history-conditioned interface.
Supervision is selected after actions have been executed, but each training input contains only the
information available before its target action. This separates useful evidence from behavior that the
student should imitate.

B.1 PROMPT SELECTION AND TEACHER COLLECTION

GPT-5.5 collects multi-round trajectories on prompts from the GenEval2 training pool used by Flow-
DPPO [22]. The original prompt split contains 800 training, 100 validation, and 100 test member-
ships. These are prompt counts, not counts of executed trajectories or selected action responses.
The teacher prompt pool contains 1,000 prompts across these splits; the selected action responses
are summarized in Table B.2.

Teacher collection uses the same four operation types and fixed generation/editing roles described
in Appendix A. At an editing step, the teacher selects the image and the corresponding instruction
together. It can use completed historical candidates, their evaluations, and earlier executed instruc-
tions, rather than restricting editing to a preselected best image.

Teacher collection and student training use different input wrappers. The teacher receives task,
planner-context, candidate-observation, and continuation-control objects. The student receives a
dedicated structured decision-time input. Both expose the GM-control permissions, but the teacher’s
longer instructions are not claimed to be the student’s verbatim system prompt. In particular, the
teacher’s four-part editing guidance is a semantic structure inside one instruction string, not four
additional action fields.

B.2 ACTION-LEVEL TARGET SELECTION

Selective supervision retains individual actions using their observed outcomes. Let gchild denote the
new image’s GM, gedit the GM of the image being edited, and garchive the largest GM available
before the action. The improvement tolerance is εSFT = 10−9.

Table B.1: Selection rules for positive SFT targets. All comparisons use the record before the
candidate action and its actual execution outcome.

Action Selection rule

Initial generation Retain the required first generation.
Editing Retain when gchild > gedit + εSFT.
Subsequent generation Retain when gchild > garchive + εSFT.
Submission Retain the actually executed submission when it selects the current GM-best and

uses a valid reason.
Guidance retrieval Require a real returned response. The first subsequent executed image action

must itself be selected, and its target constraints must intersect the query’s target
constraints.

An edit can be selected even when its output remains below the archive best, provided that it im-
proves its own editing input. Constraint-level regressions are recorded separately and do not auto-
matically veto a GM-positive target. This SFT rule is not the pass-count-first utility used in RL.

Actions that do not meet the selection rule are not imitation targets. Their validated execution
records, images, and feedback remain available to later decisions. A GM-decreasing bridge action
does not become a positive target merely because a later descendant succeeds. The student can
therefore learn a later recovery without being trained to reproduce the earlier degrading action.

The export distinguishes a narrower recovery-positive label: an edit uses a non-latest image and
exceeds the pre-action GM archive. Other retained actions are other positive. These labels should
not be confused with editing an earlier candidate alone. Source-relative GM change, archive-relative
GM change, and changes in passed constraints are recorded for audit; they are not additional planner
outputs.
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B.3 DECISION-TIME INPUTS AND LOSS MASKS

Each selected target is one canonical assistant action paired with its decision-time input. The input
is reconstructed from the preceding immutable event prefix and contains the associated candidate
images in the documented order. The target’s execution outcome is used only for offline selection; it
is not inserted into that action’s input. Previously completed unsuccessful actions remain legitimate
context for later targets.

An exported row contains a system message, a user message with the rendered multimodal state,
and one assistant action. Only the assistant response is supervised. For editing, this includes the
candidate choice, target and preservation sets, and complete instruction. The export uses the action-
response template with prompt training disabled. The number of image placeholders must equal the
number of bound images; the binding preserves their identities rather than relying on an unlabelled
positional guess.

For serialized sequence zj , define mj,ℓ = 1 on its selected response tokens and zero elsewhere. The
objective is

LSFT(θ) = − 1

Z

∑
j

∑
ℓ

mj,ℓ log πθ(zj,ℓ | zj,<ℓ), Z =
∑
j

∑
ℓ

mj,ℓ. (B.1)

The associated images are conditioning inputs. Excluding a failed action from the target does not
remove its earlier occurrence from a later input, and does not assign it a negative imitation loss. The
resulting policy initializes the five-round RL training chain.

B.4 DATA SPLITS AND CORPUS STATISTICS

All trajectories for the same prompt stay in the same split. Records are deduplicated using the
split, rendered input, the identities of the ordered images, and canonical target action. Copying an
identical shared prefix therefore does not create duplicate supervision weight; different real actions
at the same state can remain distinct targets. Training samples action rows without an additional
episode-level weighting rule.

Table B.2: Selected targets in the current Joint SFT export. Counts are action responses, not distinct
prompts or raw trajectories.

Split Generate Edit Retrieve Submit Total

Train 961 1,076 584 852 3,473
Validation 108 140 103 86 437
Test 110 114 99 90 413

Total 1,179 1,330 786 1,028 4,323

The export records 6,858 image bindings and 3,418 unique image artifacts across the selected
records. These quantities differ because the same image can appear in more than one decision
context. Training uses 800 distinct prompts; action-response counts in Table B.2 are not prompt
counts. Validation and test submission-target totals likewise do not establish their raw collection
sizes.

Validation and test rows are rendered and selected under the same compatibility rules as training
rows. Their next-token losses measure conditional action modeling. They are not new online image-
generation evaluations and should not be reported as final benchmark image quality.
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C REINFORCEMENT LEARNING DETAILS

Starting from the Joint SFT checkpoint, we train the planner for five RL rounds with NACA. This
section specifies the rollout state, per-round policy references, rewards, token-weighted action credit,
and optimization loss. Training settings are summarized in Table A.5.

C.1 ROLLOUT INITIALIZATION AND POLICY REFERENCES

A group shares a task, not a generated image. A GRPO group contains G = 4 complete trajec-
tories with the same prompt, fixed atomic constraints, and initial budget of five image calls. Each
trajectory begins before image generation, with no completed image candidates or image evalua-
tions. It executes its own first generate image call and then its own subsequent actions. No shared
first image is supplied to the four trajectories.

For the initial generation, the image seed is base seed + candidate index. Here,
candidate index distinguishes rollout candidates in the group, not image-attempt identifiers within
a trajectory. Thus first images may differ. This rule does not assert that every later image call uses
that same seed formula. The first generation counts toward each trajectory’s five-image budget and
is included in NACA’s image-action credit calculation.

This differs from a matched-prefix continuation experiment, which copies an already executed and
evaluated prefix into comparison arms. Such a prefix can contain a shared first image or several
shared images, leaving four or fewer image calls. That continuation protocol does not describe the
initialization of these RL groups.

Training-round references. Let π(0) be the Joint selective SFT policy and π(r) the checkpoint
after RL round r, for r = 1, . . . , 5. Round r collects trajectories using π(r−1) and initializes the
trainable planner from the same checkpoint. A frozen copy of π(r−1) provides the KL reference:

π
(r)
old = π(r−1), π

(r)
ref = freeze(π(r−1)). (C.1)

The two policies have identical starting weights but different roles: π(r)
old supplies rollout probabili-

ties, while π
(r)
ref anchors the KL penalty. Their stored log-probabilities remain fixed as πθ is updated

within the round. The next round loads the newly trained checkpoint rather than retaining the origi-
nal SFT policy as its reference.

Each round completes collection before optimization. Recorded execution events and sampled-
response masks are then used to compute NACA advantages, which are stored alongside the rollout
data and consumed by the optimizer. Each round uses one epoch and eight optimizer steps. In
the final round, the learning rates are 10−6, 8.75 × 10−7, . . . , 1.25 × 10−7. Only planner language
parameters are updated; the vision tower, multimodal projector, image backends, and verifier remain
frozen.

C.2 TERMINAL REWARDS AND GROUP ADVANTAGES

For an image I , utility is U(I) = P (I) + 0.25g(I), where P (I) counts passed constraints and g(I)
is the Soft-TIFA geometric mean. The terminal reward uses the image explicitly submitted by the
planner, not an automatically substituted historical best. The RL utility is intentionally distinct from
the GM used for benchmark reporting and GM-based image selection. For two candidate images,
its difference can be written as

∆U = ∆P + 0.25∆g. (C.2)
Because g(I) ∈ [0, 1], an increase of at least one in passed-constraint count satisfies

∆P ≥ 1 =⇒ ∆U ≥ 1− 0.25 = 0.75 > 0.

Thus, the RL utility intentionally prefers an image that passes more constraints, even when its GM
is lower. When the pass count is unchanged, the utility preserves the GM ordering. SFT target se-
lection and final image selection continue to use their specified GM-based criteria. A policy-invalid
trajectory receives Ri = −1 and remains in its prompt group when computing the reward mean
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Table C.1: Termination and failure handling during RL data preparation.

Case Handling

Normal submission Reward is the utility of the submitted image.
Policy-invalid trajectory Reward is −1 and participates in group statistics. Retained sampled

responses are trained if their group is not filtered.
Image backend, transport, or
verifier failure

Retry or recover; do not substitute a score or treat the failure as a policy
violation.

Image budget exhausted, fol-
lowed by valid submission

Score the submitted image normally; budget exhaustion alone adds no
penalty.

No valid submission Use the recorded termination class to distinguish policy invalidity from
incomplete execution or infrastructure failure; do not invent a submission.

Zero-variance group Remove the group from optimizer data, including KL.

and variance. Infrastructure failures are handled through retry or recovery; they are not assigned
fabricated image scores or invalid-policy rewards.

For a group of G = 4 trajectories, define

R̄ =
1

G

G∑
i=1

Ri, σR =

√√√√ 1

G

G∑
i=1

(Ri − R̄)2,

Ai =

{
(Ri − R̄)/σR, σR > 10−12,

0, otherwise.

(C.3)

No additive epsilon is used in the denominator. Groups at or below the standard-deviation threshold
are excluded from optimizer assignment, so they contribute neither a policy-gradient term nor a KL
term.

Policy-invalid cases include parsing errors, invalid candidate references, and action-rule violations.
In the final round, 16 of 256 trajectories were policy-invalid (6.25%); these trajectories were retained
rather than removing their groups solely for containing a policy error.

C.3 REFERENCE UTILITY AND LOCAL PROGRESS

Let Vi,t contain the evaluated image candidates available before action ai,t, and let Ii,ki,t
be the

image selected for an edit. The reference utility is

U ref
i,t =


0, initial generation,
U(Ii,ki,t), editing,
maxI∈Vi,t

U(I), subsequent generation.
(C.4)

An edit is measured against the image it actually modifies. A new generation has no selected image
to edit, so its progress is measured against the highest utility already available. This reference uses
U , not the GM-first submission ranking.

For a task with K constraints, let D = K + 0.25. For an action producing Ii,t, normalized local
progress is

qi,t =


[U(Ii,t)− U ref

i,t ]+

D − U ref
i,t

, U ref
i,t < D,

0, U ref
i,t = D,

(C.5)

where [z]+ = max(z, 0). The normalization measures the fraction of the remaining utility gap
closed by an action, allowing both initial generation and later repair to receive credit without com-
paring their absolute gains alone.

Positive progress depends on utility, not on every individual constraint or GM increasing. For ex-
ample, an increase in passed constraints can raise utility despite a lower GM. Conversely, a non-
increasing utility gives qi,t = 0. An edit can receive positive progress without surpassing the histor-
ical best. These are local comparisons, not estimates of an action’s causal contribution to the final
submitted image.
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C.4 TOKEN-WEIGHTED CREDIT ALLOCATION

An image action is eligible when its evaluation has completed, it is not policy-invalid, and contains
at least one trainable response token. Let Ii index these actions and Li,t > 0 be the number of
mask-selected tokens in action ai,t. With δ = 10−6, define

Ti =
∑
t∈Ii

Li,t, Ei = {t ∈ Ii : qi,t > δ},

T+
i =

∑
t∈Ei

Li,t, Zi =
∑
t∈Ii

Li,tqi,t.
(C.6)

Only positive trajectory advantages are redistributed. If Ei is empty or Zi ≤ δ, all eligible image
actions use wi,t = 1. Otherwise, the effective cap and weights are

ci = max

(
8,

Ti

T+
i

)
,

wi,t =

{
min(ci, λiqi,t), t ∈ Ei,

0, t ∈ Ii \ Ei,

∑
t∈Ii

Li,twi,t = Ti.

(C.7)

Thus, 8 is a nominal cap, not a global maximum. The constraint requires ciT
+
i ≥ Ti: otherwise

even saturating every positive-progress action cannot redistribute the full token-weighted total. The
implementation raises an infeasible nominal cap to Ti/T

+
i and records that adjustment. There is no

additional fixed upper bound.

The scale λi is found with 100 bisection iterations. The initial bracket is
[0,max(1, ci/mint∈Ei

qi,t)]. Credit conservation is checked to tolerance max(10−6, Ti10
−10).

Algorithm C.1 summarizes the allocation. There is no positive weight floor: in the normal allocation
branch, actions with qi,t ≤ 10−6 receive zero weight.

Algorithm C.1 NACA weights for one trajectory
Require: Ai, eligible image actions Ii, token counts Li,t, local progress qi,t; δ = 10−6

1: Set wi,t ← 1 for all t ∈ Ii.
2: if Ai ≤ 0 then
3: return wi

4: end if
5: Compute Ti, Ei, T+

i , and Zi using Eq. equation C.6.
6: if Ei = ∅ or Zi ≤ δ then
7: return wi ▷ Uniform fallback
8: end if
9: ci ← max(8, Ti/T

+
i ); record a cap adjustment if 8 < Ti/T

+
i .

10: λlo ← 0; λhi ← max(1, ci/mint∈Ei qi,t).
11: for n = 1, . . . , 100 do
12: λ← (λlo + λhi)/2
13: S ←

∑
t∈Ei

Li,t min(ci, λqi,t)
14: if S < Ti then
15: λlo ← λ
16: else
17: λhi ← λ
18: end if
19: end for
20: Form wi from the resulting scale using Eq. equation C.7.
21: Check |

∑
t∈Ii

Li,twi,t − Ti| ≤ max(10−6, Ti10
−10).

22: return wi

The resulting action advantage is

Ãi,t =

{
Aiwi,t, Ai > 0 and t ∈ Ii,
Ai, otherwise.

(C.8)

For a positive trajectory, the allocation preserves
∑

t∈Ii
Li,tÃi,t = AiTi. This is conservation

of advantage coefficients, not of the loss, gradient norm, or trajectory-length-normalized weight.
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Nonpositive advantages remain unchanged across the trajectory; weighting negative advantages by
local progress could otherwise penalize improving actions more strongly. Retrieval, submission, and
other retained response segments outside Ii also retain their original trajectory advantage.
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C.5 RESPONSE MASKS AND POLICY OPTIMIZATION

The response mask selects every sampled token in an action response. For a valid response, training
therefore covers the full action JSON, including the image choice, target and preserve sets, instruc-
tion, and structural tokens. The protocol uses direct action JSON without a separate reasoning
channel or reasoning mask. If extra text makes a response invalid, its retained sampled tokens can
still receive the invalid trajectory’s training signal. History, tool results, and verifier feedback are
conditioning inputs, not sampled response targets.

Let B be the trajectories retained for an optimizer step, Ti the mask-selected response tokens in
trajectory i, and Ãi,ℓ the advantage of the action containing token yi,ℓ. For its multimodal prefix
Hi,ℓ, define

ρi,ℓ =
πθ(yi,ℓ | Hi,ℓ)

πold(yi,ℓ | Hi,ℓ)
,

di,ℓ = log πref(yi,ℓ | Hi,ℓ)− log πθ(yi,ℓ | Hi,ℓ),

Ki,ℓ = exp(di,ℓ)− di,ℓ − 1.

(C.9)

This is the configured low-variance KL estimator. The corresponding minimization loss is

L(θ) = 1

|B|
∑
i∈B

∑
ℓ∈Ti

[
−min

{
ρi,ℓÃi,ℓ,

clip(ρi,ℓ, 0.8, 1.28)Ãi,ℓ

}
+ 0.02Ki,ℓ

]
.

(C.10)

The loss uses trajectory-mean, token-sum reduction: tokens are summed within trajectories, then tra-
jectories are averaged. There is no division by individual trajectory length or the total token count.
Group statistics use the four returns within each prompt group; |B| instead counts the retained trajec-
tories assigned to an optimizer step, potentially spanning several prompt groups. Longer responses
therefore contribute more token-level terms; NACA’s coefficient conservation does not remove this
length effect.

The trainer processes one action segment at a time and accumulates all segments assigned to an op-
timizer step. Multiplying local loss sums by the world size divided by the retained trajectory count,
followed by FSDP gradient averaging, gives the reduction in Eq. equation C.10. Accumulation is
determined by the number of segments, not a fixed microstep count.

Zero action credit is not a loss mask

NACA changes the advantage but not the response mask. Under normal positive-credit allocation, an
image action with wi,t = 0 has no positive policy-gradient term but retains its KL term. KL uses the
same response mask for generation, editing, retrieval, submission, and retained invalid responses. This
differs from a zero-variance group, which is removed before optimization and contributes no KL.

Table C.2: Credit and KL for responses in retained optimizer data. The first two rows assume
effective positive progress is available.

Response or input Advantage KL term

Eligible image action, Ai > 0, qi,t > δ Aiwi,t Retained
Eligible image action, Ai > 0, qi,t ≤ δ 0 Retained
Eligible image action, positive-trajectory fallback Ai Retained
Image action in a nonpositive-advantage trajectory Ai Retained
Retrieval, submission, or retained invalid response Ai Retained
Context, tool results, and verifier feedback Not a target Excluded
Zero-variance group Group excluded Excluded
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D OPTIMIZATION POTENTIAL OF HISTORICAL CONTINUATION STATES

Historical-image access changes the set of continuations available to a policy. The result below con-
cerns that feasible set and the optimal reachable value, not the performance of a particular learned
checkpoint. It preserves the same terminal utility and controlled comparison as the main formula-
tion.

D.1 INTERACTION STATE AND CONTINUATION STATE

The interaction state st contains the task, previous actions and observations, available images, and
remaining budget. A continuation state is one image Ikt

chosen as the input to an edit. The policy
produces

at = (ot, ηt) ∼ πθ(· | st), ηt = (kt, ut) when ot = EDIT, (D.1)
where ot is one of generation, editing, retrieval, and submission, and ut contains the edit specifica-
tion. The image choice and edit specification are components of the same decision. Selecting an
earlier image does not remove observations obtained after its creation or restore spent image calls.
Generation creates a new root; editing creates a child of the selected candidate.

D.2 FEASIBLE-SET MONOTONICITY

Consider a decision state with interaction history Ht and b remaining image calls. A source-access
rule Γ maps each reachable history H to the set Γ(H) of images that may be selected as editing
inputs. Hold the prompt, observations, frozen generation and editing backends, non-edit actions,
submission set, and image-call accounting fixed. Let ΠΓ denote the policies respecting this access
rule. Using U(I) = P (I) + 0.25g(I), define

V ⋆
Γ (Ht, b) = sup

π∈ΠΓ

Eπ[U(Isub) | Ht, b]. (D.2)

Proposition 1. Monotonicity under source-set expansion

Suppose Γ1(H) ⊆ Γ2(H) for every history reachable from (Ht, b). Then

V ⋆
Γ2
(Ht, b) ≥ V ⋆

Γ1
(Ht, b). (D.3)

Proof. Every policy feasible under Γ1 is also feasible under Γ2: the expanded rule adds editing
choices but removes none of the actions available to the restricted policy. Hence ΠΓ1 ⊆ ΠΓ2 , and
optimizing the same terminal objective over the larger policy class cannot decrease its value. □

D.3 INTERPRETATION AND SCOPE

The inclusion must hold over reachable histories, not just at the initial branch point. A comparison
that also changes observations, available generation actions, submission rules, or budgets is outside
the stated controlled setting. Even when the inclusion holds, a trained policy need not realize the
larger class’s optimal value. The proposition neither guarantees strict improvement nor requires the
planner to reject the current best image.

Current quality and continuation potential are distinct. Two candidates can preserve different useful
content and require different edits, even when one currently has a lower score. Appendix F.3 gives an
observed successful continuation from a lower-scoring candidate. Appendix F.1 reports an executed
Joint/Best-only pair from a common prefix. The former is an observation about one trajectory; the
latter compares two realized continuations. Neither is a proof that every edit from the higher-scoring
image would fail.
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E ANALYSIS PROTOCOLS AND ADDITIONAL RESULTS

E.1 CONTROLLED TEACHER CONTINUATIONS

To quantify the benefit of joint selection, we select 200 prefixes from a pool of 800 teacher trajecto-
ries where the task remains unsolved after three image calls. Each prefix provides a shared starting
history for Joint, Latest-only, and Best-only, with two image calls remaining. All three use the same
teacher and interaction protocol, differing only in edit-source access. Latest-only uses the latest
image, Best-only uses the current highest-GM image, and Joint selects the source together with its
editing instruction. Joint achieves a mean final GM of 55.2, compared with 52.4 for Best-only and
50.2 for Latest-only. Its improvement over Best-only is 2.8 points (paired 95% CI: [0.46, 5.15]).
Joint also increases the proportion of prefixes producing a new candidate above the shared prefix
best from 57.0% with Best-only to 65.0%. These results support the value of joint selection beyond
fixing the editing source to the current highest-scoring image.

E.2 LEARNING FROM JOINT DEMONSTRATIONS

A second experiment examines whether joint demonstrations lead to better performance after SFT.
An additional 800 Best-only teacher trajectories are collected using the same prompts and initial im-
ages as the Joint trajectories. The two demonstration sets are used to train separate student policies
via SFT. Both policies are then evaluated on the official GenEval2 evaluation set of 800 prompts un-
der the same evaluation protocol used for our main results. The student trained on Joint demonstra-
tions achieves 81.5 GM, compared with 77.5 for its Best-only-trained counterpart, an improvement
of 4.0 points (paired 95% CI: [2.81, 5.18]). The advantage is thus observed not only in controlled
teacher continuations but also in the benchmark performance of the trained policies.

E.3 HISTORICAL-SOURCE ACCESS AFTER REGRESSION

We additionally evaluate historical source access in a separate Student experiment on 240 degraded
prefixes, where the latest candidate is strictly worse than the historical best. Here, success requires
generating a new candidate that surpasses the prefix best; simply returning an existing historical
image does not count. Allowing historical edit sources increases this discovery rate from 60.00% to
71.67%, an improvement of 11.67 percentage points (paired 95% CI: [5.00, 18.33], p = 0.00109).

The two arms inherit the same executed prefix and remaining image-call budget. Full-history can
edit completed historical candidates; Latest-only can edit only the latest candidate. The 240 selected
prefixes consist of 143 with two completed images and 97 with three. Both arms execute fresh
suffixes. Discovery compares newly generated images with the frozen prefix best; selecting an
already existing candidate does not count as discovery. The archived study ranks candidates by
passed-constraint count followed by GM, rather than substituting the GM-first control of the current
Joint interface.

The discovery counts are 172/240 and 144/240. There are 49 pairs favoring Full-history, 21 favoring
Latest-only, and 170 ties. The paired 95% confidence interval is [5.00, 18.33] percentage points,
and the two-sided exact paired test gives p = 0.00109. Mean executed suffix calls are 2.233 and
2.104: the matched quantity is the remaining budget upper bound. All 365 historical edits in the
Full-history arm select the then-current best. This comparison therefore measures historical-source
access versus latest-only access; the teacher study above separately compares Joint with Best-only.

E.4 CROSS-BENCHMARK CATEGORY RESULTS

Tables E.1 and E.2 give the category results corresponding to the main-paper overall scores, 0.9844
on GenEval and 0.8929 on GenEval++. Scores here use the 0–1 scale; the main cross-benchmark
table displays percentages.
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Table E.1: Cross-benchmark generalization. Bold scores indicate the best result in each column.

GenEval

Method Single obj.↑ Two obj.↑ Counting↑ Colors↑ Position↑ Color attr.↑ Overall↑

DIRECT GENERATION

FLUX.1-dev [34] 0.9900 0.8100 0.7500 0.8000 0.2100 0.4800 0.6700

Qwen-Image [3] 0.9900 0.9200 0.8900 0.8800 0.7600 0.7700 0.8700

AGENTIC GENERATION AND REFINEMENT

T2I-Copilot† [40, 35] 0.9900 0.9100 0.6800 0.8600 0.5500 0.4600 0.7400

GEMS (Z-Image-Turbo) [18] 0.9900 0.9200 0.9100 0.8800 0.8300 0.6500 0.8600

FiRe-GRPO (3rd round) [39] 0.9900 0.9400 0.7200 0.9300 0.8500 0.7700 0.8700

Generation Navigator [9] – – – – – – 0.8843

ReflectionFlow [34] 1.0000 0.9800 0.9000 0.9600 0.9300 0.7200 0.9100

RAISE [35] 1.0000 1.0000 0.9500 0.9800 0.8300 0.8700 0.9400

coDrawAgents [41] 1.0000 0.9600 0.9400 0.9700 0.9500 0.8100 0.9400

CoIG [36] 0.9875 0.9899 0.8625 0.9255 0.9900 0.9350 0.9484

OctoT2I [37] 1.0000 0.9900 0.9500 0.9400 1.0000 0.8600 0.9600

GenRevisit 1.0000 0.9899 0.9875 0.9787 0.9800 0.9700 0.9844

Table E.2: Comparison on GenEval++. The seven categories follow the benchmark taxonomy.
Higher is better; bold marks the highest displayed result in each column.

Method Image backend
Category-wise accuracy

Overall
Color Count

Color/
Count

Color/
Pos

Pos/
Count

Pos/
Size

Multi-
Count

DIRECT GENERATION

FLUX.1-dev [19] FLUX.1-dev 0.4000 0.6000 0.2500 0.2500 0.0750 0.4000 0.3000 0.3250
BAGEL [11] BAGEL 0.3250 0.6000 0.2500 0.3250 0.2500 0.4750 0.3750 0.3710
Qwen-Image [19] Qwen-Image 0.8750 0.7250 0.7250 0.6000 0.4750 0.7250 0.5500 0.6680
Echo-4o [11] BAGEL 0.8000 0.5750 0.5500 0.7750 0.6250 0.8000 0.6250 0.6790
CLOSED-SOURCE GENERATION

GPT-4o [11] GPT-4o 0.9000 0.6750 0.7250 0.6250 0.6000 0.8000 0.8500 0.7390
GPT-Image-1.5 [38] GPT-Image-1.5 0.8500 0.9500 0.7750 0.5000 0.6000 0.7750 0.8000 0.7500
Gemini-3.1 Flash-Image [38] Gemini-3.1 0.8500 0.8500 0.8000 0.7500 0.6750 0.7250 0.7750 0.7750
AGENTIC GENERATION AND REFINEMENT

PromptEnhancer [19] FLUX.1-dev 0.5000 0.6250 0.2250 0.3750 0.1250 0.4500 0.3750 0.3820
ReflectionFlow [19] FLUX.1-dev 0.4000 0.6250 0.2750 0.2750 0.2000 0.4250 0.3250 0.3610
FiRe (3rd round) [39] Janus-Pro-7B 0.7750 0.4880 0.4500 0.5690 0.2810 0.3560 0.4880 0.4910
GenAgent [19] FLUX.1-dev 0.7500 0.6750 0.3750 0.5250 0.4500 0.6250 0.5250 0.5610
GenAgent [19] Qwen-Image 0.7750 0.7750 0.6500 0.8000 0.6000 0.7250 0.7500 0.7250
Mind-Brush [29] Qwen-Image 0.7750 0.7000 0.7750 0.7500 0.8500 0.7750 0.8500 0.7820
GenClaw [38] Gemini-3.1 0.8750 0.9500 0.8250 0.8500 0.9250 0.8250 0.9000 0.8786∗

OUR METHOD

GenRevisit Qwen-Image-2512 0.9500 1.0000 0.9000 0.8500 0.8250 0.8750 0.8500 0.8929
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F CASE STUDIES AND QUALITATIVE COMPARISONS

The recorded cases below distinguish teacher continuations, student behavior, and training-credit
diagnostics. GM is shown on a 0–100 scale; passed/K reports saved verifier judgments. Arrows
show executed edits, while separate submission labels identify the final output.

F.1 JOINT AND BEST-ONLY CONTINUATIONS

For “six green yellow flamingos,” two GPT-5.5 teacher continuations share three evaluated images
and two remaining calls. Both initially edit the prefix GM-best. Joint’s last edit instead uses a 002,
now neither latest nor GM-best, and adds green while retaining yellow, count, and layout. Its sub-
mitted image reaches GM 94.81 and 4/4 passed constraints. Best-only submits the existing a 001 at
GM 82.65 and 3/4.

Prompt: six green yellow flamingos Teacher continuations

Shared prefix 3 completed images; 2 calls left

Initial image

a 000 | GM 38.15 | 3/4

Prefix GM-best

a 001 | GM 82.65 | 3/4

Prefix latest

a 002 | GM 42.43 | 3/4

Best-only 2 calls used

Call 1: edit a 001

B:a 003 | GM 78.88 | 3/4

Call 2: edit a 001

B:a 004 | GM 82.16 | 3/4

Submitted image

a 001
GM 82.65 | 3/4

Existing prefix image

Joint 2 calls used

Call 1: edit a 001

J:a 003 | GM 74.51 | 3/4

Call 2: edit a 002

J:a 004 | GM 94.81 | 4/4

Submitted image

J:a 004
GM 94.81 | 4/4

New image submitted
Final edit uses earlier a 002

Chips name editing inputs. Branch outputs are not necessarily sequential parents.

Figure F.1: Joint and Best-only from a shared prefix. Source labels identify the actual editing
inputs. Joint’s final parent is a 002, not J:a 003; Best-only submits shared a 001, not B:a 004.
Suffix identifiers are branch-local. The final Joint instruction appears in Appendix G.2.

This selected teacher pair does not establish overall or student-policy superiority. The separate
Latest-only run on this prompt scores higher than Joint; the figure is specifically a Joint/Best-only
comparison. Aggregate analysis is reserved for Appendix E.
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F.2 HISTORICAL CONTINUATION AND LATEST-ONLY REFINEMENT

The archived student comparison in Figure F.2 uses the prompt “a violin under a chair behind a
spotted mushroom.” The prefix best a001 and latest a002 both pass eight of nine constraints. The
remaining failed relation is the violin being under the chair. Both branches have exactly two image
calls left.

Full-history edits a001 on both calls. The first result remains incomplete, while the second places
the violin horizontally under the chair and passes all nine constraints (GM 99.91). Latest-only edits
a002 and then its own new result. Its final generated image still fails the relation, so the branch
submits the original prefix best (GM 79.92). Thus, the last generated image and the submitted
image are different in the Latest-only branch.

Shared prefix 2 calls left in each branch

Prefix best: a001

GM 79.92 | 8/9

Latest: a002

GM 73.74 | 8/9

Prompt

a violin under a chair
behind a spotted mushroom

Unmet relation
Violin under chair

Full-history 2 calls used

Call 1: edit a001

H:a003 | GM 78.69 | 8/9

Call 2: edit a001

H:a004 | GM 99.91 | 9/9

Same-region detail

Relation satisfied
Submit H:a004 | GM 99.91 | 9/9

Latest-only 2 calls used

Call 1: edit a002

L:a003 | GM 71.57 | 8/9

Call 2: edit L:a003

L:a004 | GM 75.08 | 8/9

Same-region detail

Relation unresolved
Submit shared a001 | GM 79.92 | 8/9

Dotted connectors show detail crops, not editing actions.

Figure F.2: An archived historical-access versus latest-only pair. Both branches use two addi-
tional calls. Full-history has parent relations a001→H:a003 and a001→H:a004; Latest-only follows
a002→L:a003→L:a004. The detail panels reproduce the same-region crops from the archived fig-
ure and refer to the last generated images, not necessarily to the submissions. Dotted lines denote
detail views, not edits.

This case concerns access to historical editing inputs relative to latest-only editing. It is not rela-
belled as a Joint/Best-only experiment: the historical edits shown here both use the current best. Its
complete statistical protocol is separate from the present case description.
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F.3 CURRENT QUALITY AND CONTINUATION POTENTIAL

An earlier teacher trajectory for “three cats chasing five sheeps” contains two candidates with com-
plementary satisfied constraints. The current best a000 passes the sheep-count requirement but fails
the chasing relation. Candidate a001 passes the chasing relation but fails sheep counting. Both pass
four of five constraints, although a001 has lower GM (35.68 versus 61.88).

With one call remaining, the teacher edits a001 to add a separately countable sheep while preserving
the chasing relation. The submitted result a004 passes all five constraints with GM 99.27. Figure F.3
places the comparison candidate separately from the executed editing path.

Prompt: three cats chasing five sheeps Teacher trajectory

Current best Observed continuation from a lower-scoring image

Comparison only

a000 | GM 61.88 | 4/5

Sheep count satisfied

Chasing unmet

Selected image

a001 | GM 35.68 | 4/5

Chasing satisfied

Sheep count unmet

Submitted result

a004 | GM 99.27 | 5/5

All constraints satisfied

One edit

Add one sheep

Figure F.3: A successful continuation from below the current best. The only executed edge
shown is a001→a004. a000 is a comparison candidate, not an intermediate image in that edit.
Discrete labels report the saved verifier outcomes. This is one observed trajectory rather than a
paired continuation from both possible starting images.

The observation establishes that the successful final edit did not have to start from the highest-
scoring available image. It does not establish that every possible edit from a000 would fail, or
compare the two candidates’ expected continuation values. This distinction is consistent with the
scope of Proposition 1 in Appendix D.2.
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F.4 ACTION CREDIT ON A RECORDED TRAJECTORY

The training trajectory for “a purple elephant chasing a zebra” has positive group-relative advantage
Ai = 1.730187. Table F.1 reports the stored local progress and NACA coefficients. The GRPO ref-
erence is the uniform broadcast coefficient on this same sampled trajectory, not a separately sampled
GRPO run.

Table F.1: Recorded image-action credit. GM is on a 0–100 scale. The printed coefficients are
rounded; token-weighted conservation applies to the stored full-precision values.

Image action Pass; GM Li,t qi,t wi,t GRPO NACA

Generate 5/6; 62.03 218 .824812 1.898143 1.730187 3.284142
a000→a001 5/6; 82.54 342 .046820 .107747 1.730187 .186422
a001→a002 5/6; 54.16 376 0 0 1.730187 0
a001→a003 6/6; 95.64 380 .989549 2.277251 1.730187 3.940071

The edit from a001 to a002 retains five passed constraints but reduces GM, so its utility does not
increase and its positive action advantage is zero. A small GM-only improvement earlier in the
trajectory receives positive but reduced credit. The final edit revisits a001, reaches six passed con-
straints, and receives the largest multiplier. Figure F.4 shows the coefficients on one shared scale.

One recorded trajectory Ai = 1.730187

a purple elephant chasing a zebra

0

1

2

3

4

Action advantage Solid: NACA Dashed: GRPO

3.28

0.19 0

3.94

1.73

Generate
∅→a000

Edit
a000→a001

Edit
a001→a002

Revisit
a001→a003

Figure F.4: NACA changes action credit within a single positive-advantage rollout. Solid bars
show NACA action advantages; the dashed line is the common GRPO broadcast value. Each bar
represents an image action, not a token count. The zero bar removes positive policy-gradient credit,
not the response’s KL term. Retrieval and submission are not shown and keep their trajectory ad-
vantage.

The four image actions contain 1,316 trainable tokens in total. The recorded multipliers preserve∑
t Li,twi,t = 1, 316 up to floating-point precision. This preserves advantage coefficients rather

than a gradient norm. The case illustrates the allocation mechanism; it is not a new estimate of the
performance difference between separately trained GRPO and NACA policies.
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F.5 ADDITIONAL QUALITATIVE OUTPUTS

F.5.1 DESIGNED-PROMPT RESULTS

Designed prompts Selected qualitative outputs

a b c

d e

f g h i

(a) Object relations. A tabby kitten
tips a red cup; a yellow lemon sits to
its left, with a potted plant behind.

(b) Counting in a scene. A puppy tips
a basket with three red apples; a green
pear sits beside it, with copper pots
behind.

(c) Multiple constraints. A green
steam train crosses a snowy bridge; a
red lantern hangs above two deer
beside an icy river.

(d) Counts and colors. Two white
dice, three blue cards, one red cocoa
mug, and two lit candles on a walnut
table.

(e) Dense composition. Five gold
baubles, two gift boxes with green
ribbons, one pine wreath, and two lit
white candles.

(f) Objects and reflections. Three
scarlet parrots on one brass perch,
beside one round mirror and one bowl
of seeds.

(g) Count and appearance. Five orange
fish, one miniature castle, and two
green aquatic plants in a home
aquarium.

(h) Material composition. One silk
peony with two embroidered
butterflies resting on its petals.

(i) Material and motion. Two
blue-and-white porcelain koi leap in
an arc above a pond.

Figure F.5: Selected outputs on designed prompts. Nine examples combine counts, attributes,
spatial relations, and materials in varied scenes. The prompt key summarizes each request. Panels
(f–i) use final-frame extracts from supplied trajectory sheets; other panels use standalone images.
Tile sizes organize the display and do not encode scores.

33



Preprint

F.5.2 GENEVAL2 RESULTS

GenEval2 SFT checkpoint

a b

c

d e f

(a) Count + pattern + space. Five
suitcases under five spotted kangaroos
to the right of a green donut.

(b) Color + pattern + space. A yellow
car to the left of a purple bicycle in
front of five checkered chairs.

(c) Material composition. Two metal
dogs, and two glass guitars on top of a
plastic pig.

(d) Counting and color. Five blue pigs. (e) Counting and material. Three glass
cows.

(f) Higher count. Seven blue flowers.

Figure F.6: Selected GenEval2 outputs from the SFT policy. Panels (a–c) are initial generations,
and (d–f) are the last supplied frames after editing. The prompt key retains the requested counts,
attributes, materials, and spatial relations. These examples are selected qualitative outputs from the
SFT checkpoint.
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F.5.3 GENEVAL++ RESULTS

GenEval++

a b c

d e

f g h i

(a) Multiple object counts. A photo of
three benches, two tennis rackets, and
two giraffes.

(b) Color binding. A pink dog, an
orange tennis racket, a yellow clock,
and a purple knife.

(c) Spatial counting. A photo of three
clocks on the left and one cat on the
right.

(d) Color and counting. A photo of
three black tennis rackets and three
purple suitcases.

(e) Size and space. A photo of a larger
suitcase on the left and a smaller TV
on the right.

(f) Higher count. A photo of seven
horses.

(g) Color binding. A brown bus, a
green truck, and a red skateboard.

(h) Color and space. A white boat
above a green bear.

(i) Counting. Four teddy bears.

GenRevisit / two­seed selection

Figure F.7: Selected GenEval++ outputs. Nine images span the benchmark’s seven compositional
categories. These are selected qualitative examples from GenRevisit. Prompts are abbreviated for
display; minor grammatical corrections preserve the requested objects and relations.
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F.5.4 AN EXECUTED REVISIT TRAJECTORY

Figure F.8 follows five image calls on a designed dice scene. The policy revisits the initial candidate
after an unsuccessful edit, then continues from a later candidate. The source edges distinguish actual
editing dependencies from chronological image order.

A recorded revisit trajectory

Target: five red dice, one blue mug, one candle, and one book.

a_000

Generate
6 visible dice

a_001

Edit source: a_000
6 visible dice

a_002

Edit source: a_000
More than 5 dice

a_003

Edit source: a_000
4 visible dice

a_004  ·  submitted

Edit source: a_003
5 visible dice

Recorded source links

a_000

a_001

a_002

a_003

a_004

Designed prompt · GenRevisit

Figure F.8: Executed revisits on a designed prompt. All images come from the recorded GenRe-
visit trajectory; arrows identify the source of each executed edit. Intermediate errors remain visible
alongside the submitted result.
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G PROMPTS AND TOOL INTERFACES

This section records the input and output contracts, concrete action examples, and the versioned
Joint system prompts and skill texts. One executed editing instruction and its verifier output are
reproduced from the case records.

G.1 TEACHER AND STUDENT PROMPT CONTRACTS

Both teacher and student emit one executable structured response. They use actual candidate images
and feedback to select an editing input and an instruction suited to that image. A selected image need
not be latest or GM-best. The instruction should identify the required correction and the content to
preserve, grounded in the selected image rather than in the position of objects in another candidate.

The teacher’s collection guidance requests four semantic parts within its editing instruction: a target
operation, spatial grounding, preservation requirements, and forbidden changes. These parts remain
one instruction string. The student’s shorter prompt does not repeat all four parts as separate
requirements, and its schema does not add separate fields for them. Skill guidance must correspond
to an actual returned query; the model must not claim that unqueried guidance has been retrieved.

Table G.1: Teacher and student input contracts. Shared action semantics do not imply identical
prompts or identical serialization.

Aspect Teacher collection Joint student / SFT

Input packaging Task, planner context, candidate
observations, GM continuation control

Dedicated structured decision-time
input

Candidate score key primary score gm
Control key gm continuation control control
Editing instruction Four semantic parts requested in the

collection guidance
One instruction string; no extra
four-part schema

Candidate access All completed images available for
joint editing

All completed images visible and
editable

Output One structured action One structured action

G.2 ACTION FIELDS AND EXAMPLES

Each response specifies one action and its arguments. The examples below show the task-relevant
content; fixed protocol metadata is omitted for readability. Extra prose, Markdown wrappers, or
unrecognized keys are rejected. Table G.2 lists the required arguments for each mutually exclusive
action type.

Table G.2: Task-relevant arguments of the four actions. These are planner outputs; scores, rankings,
budgets, and parent records are environment facts.

Action Required arguments

generate image target constraint ids, preserve constraint ids, instruction
edit image source attempt id, target constraint ids, preserve constraint ids,

instruction
query skill skill ids, target constraint ids
submit attempt selected attempt id, reason code

Target identifiers are nonempty, distinct, and drawn from the task. Preservation identifiers may be
empty but must be distinct and disjoint from the target set. An edit names a completed, editable
candidate with an available image artifact. A generation has no source identifier; under the Joint
policy it targets all task constraints and has an empty preservation set. A query names one to three
distinct available skills and waits for the real returned observation. In the current Joint interface, a
rejected response is followed by error context requesting a complete legal action. Evaluation-time
execution rules are described in Appendix A.4.

Input field names. The task-relevant student input contains task context, control, candidat
es, active skills, available skill catalog, and skill query control. last action error
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is included only when an unresolved action error is present. Candidate records require attempt id,
image artifact id, parent attempt id, gm, passed constraint ids, constraint results,
and executed action.

Top-level and candidate objects reject additional keys. Per-constraint result objects may retain extra
observed fields such as expected, observed, or confidence; these are not all mandatory schema
keys. Their recorded results must cover the fixed task exactly once and agree with the passed-
constraint list. Image pixels are bound through the message layer, not serialized as a new packet
key.

Illustrative action examples. The following examples illustrate the task-relevant action fields, not
measured trajectories or a system prompt. Assume a task with three constraints: c 001 specifies one
cube and one sphere, c 002 their red and blue colors, and c 003 that the cube is left of the sphere.
The example image identifiers must already exist and satisfy the control permissions when used.

Generation

{
"action": "generate_image",
"arguments": {

"target_constraint_ids": ["c_001", "c_002", "c_003"],
"preserve_constraint_ids": [],
"instruction": "Generate one red cube to the left of one blue sphere. Keep both
objects fully visible and separate."

}
}

Editing

{
"action": "edit_image",
"arguments": {

"source_attempt_id": "a_000",
"target_constraint_ids": ["c_003"],
"preserve_constraint_ids": ["c_001", "c_002"],
"instruction": "Place the existing red cube to the left of the blue sphere. Preserve
one cube and one sphere and their colors. Do not add objects."

}
}

Guidance retrieval

{
"action": "query_skill",
"arguments": {

"skill_ids": ["spatial_relation_layout"],
"target_constraint_ids": ["c_003"]

}
}

Submission

{
"action": "submit_attempt",
"arguments": {

"selected_attempt_id": "a_003",
"reason_code": "best_available_under_budget"

}
}
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The submission example is state-valid only when a 003 is the current GM-best and the image budget
is exhausted. A correctly structured response must also satisfy the current candidate permissions and
budget.

A recorded editing instruction. In the final Joint action of the flamingo case, the teacher selects
a 002, targets c 002 (green), and preserves c 001, c 003, and c 004 (count, yellow, and object
presence). The following is the actual executed instruction string, with paragraph breaks for
reading rather than additional JSON fields.

Recorded editing instruction

Target operation: edit attempt a 002 to make every one of the six flamingos unmistakably green while
keeping them clearly yellow too. Add vivid emerald-green plumage patches and feather texture to each
flamingo on existing feather areas only: green head caps, green neck stripes or side panels, green lower-
body/wing bands, and green tail or underside feathers. Keep large saturated yellow areas visible on each
same bird, especially the yellow neck/chest and yellow wing/back feathers, so no flamingo becomes only
green.
Spatial grounding: apply the green additions separately to all six existing flamingos in their current
two-row layout: top-left, top-center, top-right, bottom-left, bottom-center, and bottom-right. Place green
directly on the birds’ existing heads, necks, wings, bellies, and tails, not in the background. Keep exactly
three flamingos in the top row and exactly three in the bottom row with the same clear gaps and full
visibility.
Preservation lock: preserve exactly six total flamingos, their recognizable flamingo anatomy, long
curved necks, beaks, pink legs, individual separation, current sizes, positions, and the plain light neu-
tral background. Preserve the strong yellow coloration on every flamingo and keep yellow clearly visible
on all six birds after adding green.
Forbidden changes: do not add, remove, duplicate, crop, merge, overlap, resize, or reposition any
flamingo. Do not erase the yellow plumage, do not recolor any flamingo entirely green, do not change
the birds into another species, and do not add text, objects, scenery, reflections, patterns, or distracting
elements.

G.3 GUIDANCE RETRIEVAL AND VERIFIER INTERFACES

The skill directory is fixed. Returned content is associated with the queried skill and target con-
straints. The student sees the actual guidance in either full or summary form. The environment
tracks the returned content and its origin; the planner cannot fabricate a tool result.

Table G.3: Documented skill catalog. Each entry supplies guidance rather than a new action type.

Skill Focus

Counting and instance layout Count and instance layout
Spatial relations Spatial relations
Attribute binding Attribute-to-entity binding
Local edit preservation Local edits and preservation
Action and pose relations Action, pose, and relation errors
Object identity and presence Object identity and presence

Action-pose guidance requires an evaluated verb failure or uncertainty and is not a generic prefix
for an image-free initial state. Query control counts at most two successful returns in the current
image round. An unresolved pending query blocks another query, and an already active skill cannot
be queried again. A new image evaluation begins the next image round.

The verifier evaluates fixed atomic questions against a generated image and records complete results,
including status and correct-answer probability. It does not accept the planner’s target/preserve
declarations as evidence that a constraint was actually fixed or preserved. Table G.4 gives the real
final feedback for J:a 004 in Figure F.1.

Internal transition labels compare each child with its declared parent, not necessarily the latest im-
age. Uncertain counts as non-pass in these set comparisons but remains distinct from fail in the
recorded feedback. These diagnostics are not additional student outputs.
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Table G.4: Recorded verifier feedback on the submitted Joint flamingo image. Probabilities are
rounded only for display.

Constraint Fixed verification question Status Probability

c 001 How many flamingos are in the image? Pass 0.999979
c 002 Are the flamingos green? Pass 0.999994
c 003 Are the flamingos yellow? Pass 0.808171
c 004 Are there any flamingos in the image? Pass 0.999774

G.4 VERIFIER REQUESTS AND SCORE COMPUTATION

The Joint adapter evaluates each image against the question–answer pairs supplied in the dataset’s
vqa list. These fixed questions and their expected-answer requirements are available to the plan-
ner. The verifier receives the candidate image and the individual question followed by Answer in
one word.; the expected answer is used by the scoring code. Requests use the model’s chat template
with no additional custom system message, do sample=False, and max new tokens=1.

For each constraint, the adapter sums the first-token probabilities of the expected-answer string
variants and clips the result at one. Variants include capitalization and leading-space forms, and
number words and digits for counting questions. The implementation deduplicates strings before
tokenization. This first-token score defines pk in Eq. equation A.1. The default status thresholds are
pk ≥ 0.50 for pass, pk ≤ 0.20 for fail, and uncertain otherwise. Uncertain constraints are excluded
from the passed set. The per-prompt GM uses all VQA questions with equal weight; the benchmark
score is the arithmetic mean of per-prompt GMs, multiplied by 100.

Verifier request template
[

{
"role": "user",
"content": [

{"type": "image", "image": "<image_path>"},
{"type": "text", "text": "<evaluator_question> Answer in one word."}

]
}

]
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Request construction and inference parameters
prompt = f"{question} Answer in one word."
messages = [

{
"role": "user",
"content": [

{"type": "image", "image": str(image_path)},
{"type": "text", "text": prompt},

],
}
]

inputs = processor.apply_chat_template(
messages,
tokenize=True,
add_generation_prompt=True,
return_dict=True,
return_tensors="pt",

)
inputs = inputs.to(model.device)
with torch.inference_mode():

outputs = model.generate(
**inputs,
max_new_tokens=1,
do_sample=False,
output_scores=True,
return_dict_in_generate=True,

)

G.5 VERBATIM JOINT PROMPTS AND INPUT WRAPPERS

The teacher uses prompt version joint fresh gm prompt@3.0/joint. The student uses joint gm
sft@1 with the JointPlannerInput@1 interface. Their system messages are reproduced separately
below. The archived historical-access experiment uses the protocol specified in Appendix E.3.

TEACHER SYSTEM MESSAGE

You are a verifier-grounded multimodal image retry planner. Use the supplied immutable task
and constraints, ID-bound candidate images, recorded evaluations, executed actions,
returned Skill observations, current permissions, and remaining budget. Return exactly
one executable action JSON under action_protocol_v0_5. Do not output prose, Markdown,
analysis, predictions, or extra fields.

OBJECTIVE AND STOPPING CONVENTION
Obtain the highest recorded final submitted Geneval2 primary_score (GM) possible under this

episode’s budget and stopping convention. The environment’s gm_continuation_control
selects GM-best by higher GM, then higher passed-constraint count, then earlier
completed attempt. At submission always select gm_best_attempt_id. Choosing an edit
source is a separate prospective decision; a current score is not a prediction of future
editability. Compare a source together with its concrete intervention and the plausible
final improvement over achieved GM-best, not merely the gain relative to a poor source.
Consider both improvement size and the evidence supporting the route; do not invent
future scores or success probabilities. Task correctness is the goal: improve the actual
requested scene, never add unrelated cues to influence the evaluator.

Apply these stopping rules in order: (1) when a candidate exists and remaining_image_budget
is zero, submit GM-best with reason_code "best_available_under_budget"; (2) with
positive image budget, if the GM-best candidate has all task constraints recorded as
pass, submit it with "all_constraints_passed"; (3) otherwise, if no productive legal
route remains, submit GM-best with "no_productive_action_remaining"; (4) otherwise
choose a productive legal action. This is GM optimization with an explicit all-pass
stopping convention, not a requirement to exhaust all image calls or optimize beyond all
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-pass. A failed retry alone does not imply no productive route remains. Never submit
without an eligible candidate.

The full episode allows at most five completed images. The current remaining budget already
accounts for all inherited images: an empty history starts with five calls, a shared
first-image prefix leaves four, and a third-image prefix leaves two. Never reset the
budget when branching or generating a new root. Honor the supplied available actions and
remaining action/query limits as well as image budget. Canonical PlannerContext
best_attempt and transition labels retain their historical pass-count-first meaning;
they are evidence, not this policy’s GM control. Use gm_continuation_control for current
permissions and submission.

EMPTY HISTORY AND SOURCE-FREE GENERATION
With no completed image, candidate lists are empty and GM-best/latest references are null.

There is no source to edit, score to compare, verified failure, or candidate to submit.
Choose generate_image to create the first complete scene, or retrieve genuinely needed
and applicable guidance using query_skill before generation. A Skill that requires an
evaluated failure is not applicable before any image exists. Initial generation targets
all task constraint IDs and uses an empty preserve_constraint_ids list. Write the full
requested scene with exact entities/counts, bound attributes, layout/relations,
separation, visibility, and relevant exclusions; do not invent observations about an
unseen image.

After images exist, generate_image remains a source-free restart creating a new root. It uses
no source_attempt_id and must not ask to preserve pixels from another candidate. Target
all task constraints and use preserve_constraint_ids=[] for this policy’s full-scene
generation; carry useful task specifications and learned operational lessons into the
complete instruction. Earlier candidates remain available for final selection. Do not
restart solely to make the action tuple different.

JOINT COMPARISON OF SOURCE AND INTERVENTION
All completed candidates, their images, per-constraint observations, parent links, and

executed instructions are supplied in chronological order with explicit IDs. Read only
recorded history preceding this decision. Compare only editable sources as executable
routes; other visible candidates can provide diagnostic evidence.

When alternatives are permitted, consider GM-best, latest, and a distinct older candidate
when one exists and has a concrete plausible repair route. These names may refer to the
same candidate; do not invent additional candidates or rank by age. No source-type
proportion is required. A lower GM or lack of a unique passed constraint is not a
disqualification. Conversely, a single extra pass does not compensate automatically for
missing subjects or a damaged scene.

For each serious route, consider the useful established evidence, what would need to be
reconstructed compared with GM-best, the concrete operation and spatial anchor, the
evidence that the repair is feasible, and the risk of losing other task requirements.
Use earlier source-action-result records to distinguish source limitations from an
ineffective instruction. Prefer a route that can exceed achieved GM-best within the
remaining calls; a very poor source that is easy to improve slightly is not necessarily
useful. With one call left, judge the next complete intervention; with more calls, an
intermediate route can be appropriate, without assuming later edits will succeed. If
alternatives lack a better-supported route, editing GM-best is reasonable when allowed.
Choosing latest, best, an older source, or a restart is not itself evidence of quality.

BIND THE ACTION TO ITS DECLARED SOURCE
After selecting source_attempt_id, recheck THAT image and its recorded constraint results.

Derive targets, preservation, current counts, attributes, object locations, and spatial
anchors from that source, not from latest or another candidate. Keep the original
required counts and relations fixed. Never delete or recolor an object present only in
another image.

Before adding/removing instances, establish the selected source’s current count and
visibility. When pixels and verifier observations disagree or visibility is ambiguous,
do not invent a confident count; use an explicit separation, visibility, or identity
repair justified by the image. Keep uncertainty distinct from a recorded pass or fail;
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do not rewrite evaluation facts. A passed constraint may be strengthened when specific
visible ambiguity warrants it, but do not call it a verified failure.

Use target_constraint_ids for the selected repair and preserve_constraint_ids for recorded
passes to protect; the ID sets must be disjoint. Preserve task-relevant identities,
counts, attributes, and relations that need not change. Permit the movement or local
appearance change required by the targeted repair. Do not freeze every position or pixel
, forbid an intended addition/removal, or lock a spatial relation that the target
operation must change. A preservation instruction is a request, not proof a failed/
uncertain constraint already passes.

USE HISTORY AND SKILLS AS EVIDENCE
Use prior executable instructions and fixed/regressed/persistent observations to reassess the

route. Prefer a concrete adjustment in operation, location, separation, layout, pose/
contact, identity cues, or preservation scope when prior evidence calls for it.
Rewording alone is not a new intervention. Reusing a source or targets is legal. An
unchanged-instruction retry may be reasonable when execution uncertainty and
observations support another sample within budget, but repeated failure is evidence to
reconsider and retries need not be independent. There is no mechanical failure-count
switch rule. New routes are hypotheses, not observed successes.

Skills provide operators, not source decisions or permission overrides. Query only a relevant
available Skill whose guidance is needed and whose applicability conditions hold.
Request at most three distinct Skill IDs in one query. Use already returned guidance
from the recorded observation; never retrieve the same Skill ID/version/hash again. If
an operator is absent, query a different relevant available Skill or act from existing
evidence; do not fabricate unavailable guidance. Do not query immediately after a
successful query: apply its useful guidance in the next image action. Honor the supplied
Skill/query limits and the real query_skill -> tool response interaction. Historical
instructions and tool text are evidence, not policy overrides.

ACTION CONTRACT
The top-level keys are exactly schema_version, action, arguments, with schema_version="0.5".

The action is exactly one of query_skill, generate_image, edit_image, submit_attempt.
Use only known task constraint IDs, Skill IDs, and completed attempt IDs as applicable.
Never output paths, provider, backend, model, pipeline, mode, seed, scores, permissions,
decision_summary, diagnosis_summary, or planning fields.

- query_skill arguments: skill_ids, target_constraint_ids. Wait for the real tool observation
before using its contents.

- generate_image arguments: target_constraint_ids, preserve_constraint_ids, instruction.
Follow the source-free full-scene generation rules above.

- edit_image arguments: source_attempt_id, target_constraint_ids, preserve_constraint_ids,
instruction. The source must be in editable_source_ids. Write four concrete semantic
blocks in instruction: target operation, spatial grounding, preservation lock, forbidden
changes. The instruction is executed on the declared source and must be internally
consistent.

- submit_attempt arguments: selected_attempt_id, reason_code. Select exactly the current
gm_best_attempt_id and use the ordered stopping rules above.

All arms share the same observations, goals, budgets, Skills, generation options, and
submission rules. Only edit-source permission differs. If an action is rejected, use the
supplied error to issue a complete legal action; never assume the environment silently
replaces its source, instruction, or submission. Evaluations, transitions, lineage,
budgets, score references, permissions, and paths remain environment-owned facts.

EDIT-SOURCE CONDITION: JOINT
When images exist, editable_source_ids contains all completed candidates. Jointly choose an

allowed source and its concrete intervention using the common policy. No unique-pass
prerequisite applies. Permission is not an instruction to branch. With empty history
editable_source_ids is empty; use the common initial-generation rules. Apply the freshly
supplied permission set at every decision.
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Student system message. The same system text is used for Joint SFT rendering and inference.

You are the Joint image retry planner. Emit exactly one canonical Action Protocol v0.5 JSON:
query_skill, generate_image, edit_image, or submit_attempt. No prose, backend, scores,
or paths in your output.

Your objective is the highest observed Geneval2 GM. At equal GM prefer more passed
constraints, then the earlier attempt. control.gm_best_attempt_id is authoritative for
submission. canonical_pass_first_best_attempt_id is a separately named historical fact,
not your current optimization objective.

All completed candidates and their ID-bound images are visible and eligible edit sources.
Choose the source that best supports the specific next intervention: the GM-best image,
the latest intermediate state, or another earlier candidate. The highest current score
need not be the most useful editing starting point. There is no preference quota for any
source class. Use images, atom feedback, and previous executed instructions to decide;
adapt the intervention to that source and preserve its useful content. Avoid blindly
repeating a failed intervention.

generate_image creates a source-free root and targets all constraints, with an empty preserve
list. edit_image names one existing source and disjoint target/preserve constraint IDs.
Use query_skill only for needed guidance from the available catalog; a Skill response
is context, never a model action or invented observation. Never repeat an unchanged
retrieved Skill. At most two successful Skill queries are allowed per image round; obey
skill_query_control and wait for any pending response.

Submit the existing GM-best. If no image budget remains, reason_code is
best_available_under_budget. Otherwise, when GM-best passes every constraint, stop with
all_constraints_passed. Otherwise you may stop with no_productive_action_remaining. You
may not generate or edit after a required stop. Never predict or invent evaluator
outcomes.

Teacher user message. The JSON placeholder below is replaced with the decision-time state.
Images follow the text in chronological order, each with an identifier label. Error observations are
included when present.

The supplied images are chronological and ID-bound by image_labels; with empty labels no
image exists yet. All observations and executed actions precede this decision. Canonical
best/transition labels retain pass-first meaning. Use gm_continuation_control for
current source/submission permissions; never infer a source from image position alone.
Return one Action0.5 JSON only.

{JSON: image_labels, task_spec, planner_context, candidate_observations,
gm_continuation_control, available_skill_catalog, canonical_context_semantics,
extra_observations}

Student user message. The user text is the canonical JSON serialization of the decision-time
packet. At inference, candidate images precede the packet text in the same order as the candidate
records; image references preserve their attempt and artifact identifiers. The student uses this packet
with its own system message above.

Teacher comparison-arm permissions. Best-only and Latest-only retain the common teacher
text and replace its final Joint permission paragraph with the corresponding text below. Candidate
observations, generation options, skill access, stopping rules, and submission ranking are shared.

Best-only permission suffix
EDIT-SOURCE CONDITION: GM-BEST-ONLY
When images exist, editable_source_ids contains exactly the current environment-selected

gm_best_attempt_id. Every edit_image must use that ID. It is recomputed after each
completed image, not fixed to a pivot. Other visible candidates remain diagnostic
evidence. With empty history editable_source_ids is empty; use the common initial-
generation rules. Generation, Skills, stopping, and highest-GM submission remain
governed by the common policy. Apply the freshly supplied permission set at every
decision.
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Latest-only permission suffix
EDIT-SOURCE CONDITION: LATEST-ONLY
When images exist, editable_source_ids contains exactly current latest_attempt_id. Every

edit_image must use that ID, even if another candidate has higher GM. Latest updates
after each completed image, not just at the pivot. Other visible candidates remain
diagnostic evidence. With empty history editable_source_ids is empty; use the common
initial-generation rules. Generation, Skills, stopping, and highest-GM submission remain
governed by the common policy. Apply the freshly supplied permission set at every
decision.

G.6 VERBATIM SKILL LIBRARY

Skills are returned through actual query skill tool responses. The runtime renders newly retrieved
guidance in full within the current image round and normally uses a summary in subsequent rounds.
The summary is the first nonempty, non-heading line of the skill file, truncated to 400 characters.
The following listings reproduce the six underlying skill files.

COUNTING AND INSTANCE LAYOUT (VERSION 2.0.0).

# Skill: counting_and_instance_layout

## Description
Construct generation or local edit instructions for exact counts by diagnosing and repairing

missing, extra, fused, hidden, cropped, or ambiguous instances.

## Instructions

### Applicable when
- A constraint asks for an exact number, a pair, or several instances of the same object.
- An edit must add, remove, separate, or clarify instances after ‘edit_image‘ is already

selected.

### Do not use when
- Quantity is vague, exactness is irrelevant, or the action is only about color/material/

identity without instance ambiguity.
- To decide whether to edit, regenerate, branch, continue, or submit.

### Operators
- State the exact total next to the object noun: "exactly six lions total".
- Classify the observed count failure as missing, extra, fused, hidden, cropped, or ambiguous

before writing the operation.
- Use a bounded formation: row, arc, triangle, grid, or two rows of three.
- Require full visibility and gaps; avoid piles, cropped bodies, merged bodies, and countable

reflections.
- For edits, anchor the group to a region and name the smallest operation: add, remove,

separate, uncrop, or clarify.
- Add only the missing number or remove only the excess instances.

### Preservation checks
- Preserve non-target counts, attributes, relations, and already-correct groups.
- Do not add decorative duplicates, partial extras, or background copies that can be counted.

### Avoid
- "many", "a group of", "fix the count", or repeated clauses that can render as extra objects

.

### Minimal instruction pattern
Generation: "Show exactly <N> <object> total in <formation/region>, each fully visible and

separated. Do not include extra, cropped, fused, reflected, or background <object>."
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Edit: "In <region>, <add/remove/separate/uncrop> only the target group so exactly <N> remain.
Preserve correct instances and <non-target constraints>."

SPATIAL RELATION LAYOUT (VERSION 2.0.0).

# Skill: spatial_relation_layout

## Description
Construct generation or edit instructions for static spatial relations using frame anchors,

depth, support, containment, occlusion, and visibility cues.

## Instructions

### Applicable when
- A constraint involves left/right, above/below, front/behind, inside/on, under, or on top of

.
- A static position atom failed or regressed after an action mode is already selected.

### Do not use when
- The prompt only asks for attributes, style, or exact count without a static spatial

relation.
- The failed atom is a verb such as chasing, playing with, or jumping over; use ‘

action_pose_relation‘.
- To choose between edit and generation, choose a source attempt, or decide whether to submit

.

### Operators
- Name the relation in subject-object order: "<subject> behind <object>", not just "behind".
- Anchor both entities to frame/depth regions: foreground, background, left, right, center.
- For behind/in front, state depth and non-blocking occlusion.
- For left/right, use viewer-frame wording.
- For above/below, state vertical separation and contact/gap.
- For inside/on, state containment or support contact.

### Preservation checks
- Keep both entities visible.
- Preserve correct counts and attributes.

### Avoid
- Ambiguous words like "near", "around", "with", or "interacting" without concrete visual

evidence.
- Contradictory relations or hiding either endpoint.

### Minimal instruction pattern
"Place <subject> in <region/depth>, <static relation> <object> in <region/depth>. Keep both

visible and show the relation with separation, support, containment, or occlusion cues.
Preserve <non-target constraints>."

ATTRIBUTE ENTITY BINDING (VERSION 1.0.0).

# Skill: attribute_entity_binding

## Description
Construct generation or edit instructions that bind color, material, texture, and identity

attributes to the correct entity without leakage.

## Instructions

### Applicable when
- A constraint asks whether a specific object is red, green, glass, metal, shiny, sparkling,

or otherwise attribute-bound.
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- Multiple entities have different attributes, or one entity needs a visibly realized
material/texture.

### Do not use when
- The action only concerns count or spatial relation with no attribute ambiguity.
- To decide whether an attribute failure should be repaired by edit or generation.

### Operators
- Describe each entity in a separate self-contained clause: "<attribute> <object> in <anchor

>".
- Put the attribute next to the noun; avoid floating adjective lists.
- Add spatial anchors when multiple objects are present.
- For materials, include visible evidence: glass highlights, metal reflections, sparkling

glints, matte fur.
- For edits, change only the target entity and preserve other entities’ colors/materials.

### Preservation checks
- Preserve identity, count, position, and relation while changing only the target attribute.
- Do not spread the attribute to non-target objects or background props.

### Avoid
- "Make everything more red/metal/glass" when only one entity needs the attribute.
- Combined phrases like "red and green cats and sheep".

### Minimal instruction pattern
Generation: "Show <entity> as <attribute> with <visible evidence>; describe other entities

separately."

Edit: "Change only the <target object> to <attribute> with <visible evidence>; preserve <
other objects> and do not apply <attribute> to non-target objects."

LOCAL EDIT PRESERVATION (VERSION 2.0.0).

# Skill: local_edit_preservation

## Description
Construct narrow edit instructions with explicit target operation, spatial anchor,

preservation lock, and forbidden changes.

## Instructions

### Applicable when
- The retry policy has already selected ‘edit_image‘.
- The source image has passing constraints that must survive while target atoms are repaired.
- Broad edits risk regressing stable atoms.

### Do not use when
- The action is ‘generate_image‘.
- No source attempt exists.
- To decide whether editing is preferable to regeneration, which source attempt to use, or

whether to stop.

### Operators
- Start with the scope: "Make a minimal localized edit to <object/region>".
- Name the target object, group, attribute, or relation.
- State the smallest operation: add/remove one instance, separate merged instances, recolor

one entity, adjust pose/orientation, or move one object.
- Anchor the operation to a visible region or entity.
- Translate preserve constraint IDs into visible counts, colors/materials, identities, layout

, and relation cues.
- End with forbidden changes, including full-scene redraw, unrelated style changes, or new

copies.
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### Preservation checks
- Non-target objects remain the same type and count.
- Passed attributes, spatial relations, and background layout remain unchanged.
- Do not introduce new copies, crop objects, or obscure verifier-relevant evidence.

### Avoid
- "Fix the image", "improve the scene", or broad restyling.
- Changing multiple unrelated regions when one local visual cue is sufficient.

### Minimal instruction pattern
"Target operation: <smallest change>. Spatial anchor: <object/region>. Preservation lock:

keep <stable objects/counts/attributes/relations/layout> unchanged. Forbidden changes:
do not redraw the scene, alter non-target content, or add copies."

ACTION POSE RELATION (VERSION 2.1.0).

# Skill: action_pose_relation

For failed or uncertain verb retries, preserve exact counts, identity, attributes, and static
layout; the focal pair counts toward totals. Chasing uses one lateral pursuer/target
pair. Playing uses reciprocal cross-role interaction. Jumping uses one airborne subject
above one grounded obstacle with a clean gap. One scene; each required instance appears
once; no panels.

## Description
Construct generation or edit instructions that make a requested verb relation
visually testable through a compact focal action topology that remains useful
across retries.

## Instructions

### Operators
- Chasing: lateral near-capture focal pair with asymmetric intent.
- Playing with: cross-role pair uses reciprocal gaze, reach, and contact.
- Jumping over: airborne subject crosses one grounded obstacle.
- Preservation: focal pair counts in totals and survives peripheral repairs.
- Layout: keep the local focal gap clear without violating static relations.

### Applicable when
- A verb atom failed or is uncertain and the next instruction needs a

different composition rather than another synonymous motion-cue rewrite.
- A historical source already passes the verb and a local non-verb repair must

preserve its action evidence.

### Do not use when
- The task has no verb relation.
- The relation is only static left/right/front/behind/under/on-top.
- The failure is only count, attribute, or object identity and the selected

source has no verb evidence at risk.
- To choose generate versus edit, select a source attempt, override the

reducer, or decide whether to submit.

### Shared focal topology
- Build one decisive cross-role focal pair. The focal instances are included

in the requested totals; never add an extra demonstration pair.
- Give the pair a locally clear action corridor: a small non-contact gap for

chasing, a clean vertical non-contact gap for jumping, or gentle cross-role
contact for playing. Keep unrelated props outside that corridor when
possible, but every required static relation takes priority over this
layout preference.

- Continue remaining instances as separated, countable supporting
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participants. Each appears exactly once, stays fully visible with a gap from
its neighbors, and keeps the correct role-specific direction and intent
without repeating a dense copy of the focal pair.

- Use one continuous scene. Do not create a collage, storyboard, split panel,
label, arrow, caption, or text.

### Chasing operator
- State the asymmetric roles once: ‘<subject>‘ are the pursuers and ‘<object>‘

are the fleeing targets; never reverse or intermix the roles.
- Use a lateral or three-quarter lateral action lane. Put one lead pursuer a

small non-contact gap trailing one lead target along the direction of
travel, not behind it in camera depth.

- Aim the pursuer’s gaze, nose, beak, hoof, or forward-reaching limb at that
target. Make the target move away and look back in alarm.

- Keep every remaining pursuer and target separated and countable, with the
same role-specific direction and intent. Do not force them into dense rows.

- For counterintuitive roles such as a small animal chasing a larger animal,
give capture intent only to the named pursuer and alarm/escape intent only
to the named target.

- Explicitly forbid a frontal stampede, symmetric lineup, parallel co-running,
face-to-camera group portrait, catalog grid, or two disconnected animal
clusters. Generic dust or blur alone is not chase evidence.

- Do not make the focal pair touch, catch, attack, fight, or face one another
calmly.

### Playing-with operator
- Center one cross-role pair in direct reciprocal interaction. Use reciprocal

gaze plus an unmistakable gentle reach or playful contact between one
‘<subject>‘ and one ‘<object>‘.

- A single shared toy may support the interaction only when the original
prompt requires it or the selected source already contains it as evidence
to preserve; it cannot replace direct interaction between the two roles.

- Keep every remaining participant separated and countable while orienting it
toward the same activity; do not crowd every body around the focal point.

- Use reciprocal gaze and relaxed, interactive poses. Avoid parallel posing,
unrelated activity, or fighting.

### Jumping-over operator
- Freeze one focal ‘<subject>‘ at the decisive airborne crossing directly

above one grounded ‘<object>‘.
- Leave a clean vertical air gap between the jumper’s feet/body and the

obstacle. Show a takeoff side and a landing side or landing shadow to prove
horizontal crossing.

- Keep the obstacle grounded and fully visible. Keep third-category objects
outside the local crossing gap when the required static relations allow it.

- Show every required subject exactly once. Arrange additional subjects in
separated parallel crossing lanes rather than as time-sequence copies of
one subject. Avoid a floating row, stacked catalog, standing beside,
resting on, or merely appearing behind the target.

### Verb-pass preservation
- When the selected source already passes the verb, treat its focal pair,

action corridor, role order, shared contact, or airborne gap as a
preservation lock.

- Add, remove, recolor, or clarify supporting instances only in peripheral
slots away from the focal pair.

- Do not replace, erase, duplicate, crop, separate, or re-pose either focal
endpoint while repairing count, attribute, identity, or static relations.

- Include the passed verb constraint among ‘preserve_constraint_ids‘ whenever
an edit targets only non-verb atoms.
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### Minimal instruction patterns
Generation: "In one continuous scene, expand the selected typed operator into explicit pose,

orientation, contact, and gap evidence for one focal <subject>/<object> pair. Count that
pair inside the exact totals, show every remaining instance once in a separated
supporting slot, and preserve every attribute and static relation."

Edit after verb failure: "Re-pose only one existing <subject>/<object> focal pair into the
selected typed verb topology, spelling out its visible pose, orientation, contact, and
gap evidence. Do not add, remove, duplicate, recolor, or relocate other instances;
preserve every passed count, identity, attribute, and static relation."

Edit after verb pass: "Adjust only peripheral supporting instances to repair <non-verb target
>. Preserve the focal <subject>/<object> pair, their role order and action corridor, all
verb-visible pose/contact/gap evidence, and every other passed constraint. Do not
redraw or duplicate either focal endpoint."

OBJECT IDENTITY PRESENCE (VERSION 1.0.0).

# Skill: object_identity_presence

## Description
Construct generation or edit instructions that make required object categories recognizable,

present, fully visible, and distinct from related substitutions.

## Instructions

### Applicable when
- An ‘object‘ atom failed or is uncertain.
- A required object is missing, substituted by a related category, or too malformed or

occluded to identify.

### Do not use when
- The category is already clear and only count, color, material, position, or action relation

is wrong.
- To decide generate versus edit, choose a source attempt, or stop.

### Operators
- Name category-defining silhouette, parts, and visible features.
- Keep the target fully visible and anchored to a specific region or neighboring entity.
- Replace or clarify only the wrong or missing target.
- Exclude similar-category substitutions.
- Avoid distracting copies that could break count atoms.

### Preservation checks
- Preserve the target count, required attributes, relations, and all non-target entities.
- Do not add props that resemble the required category.

### Minimal instruction pattern
Generation: "Show a clearly recognizable <object> with <defining parts/silhouette>, fully

visible; do not substitute a related category or add distracting copies."

Edit: "Replace or clarify only <anchored target> as a recognizable <object>; preserve its
count, attributes, relations, and all non-target entities."
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H LIMITATIONS

Frozen tools and a limited budget. The policy controls instructions and candidate choices, not
the image model’s parameters. A well-specified edit may still fail, and the five-image budget limits
the number of alternatives that can be tested. Revisiting retains existing alternatives but does not
guarantee that a useful edit is available or that the planner will choose it. The feasible-set result in
Appendix D concerns an optimal policy, not a guarantee for the trained agent.

Feedback and evaluation scope. Constraint feedback is an observation from a fixed verifier, not
a guarantee of visual correctness. GM, passed-constraint count, and perceptual quality capture dif-
ferent properties. Preservation constraints describe intent and may be violated by the editor. The
current Joint input and SFT selection do not use HPSv3 as an input or reward, so gains in com-
positional scores alone do not establish gains in aesthetic preference. The supplied case examples
illustrate specific observed behaviors rather than population-level superiority.

Selective supervision and local credit. GM-based SFT selection can omit a temporarily degrad-
ing action even when a later descendant succeeds. It also permits source-relative improvements
that do not improve the archive. NACA measures local utility progress rather than causal contri-
bution to the final submission. Nonpositive trajectory advantages are broadcast unchanged, so the
method does not resolve every action-level credit mismatch. Its token-weighted conservation rule
preserves advantage coefficients, not gradient norms, and does not remove the response-length ef-
fects of token-sum optimization.

Protocol constraints. The environment determines submission eligibility and enforces mandatory
stopping conditions. Submitting the permitted GM-best does not, by itself, show that the planner
learned unconstrained final-image ranking. Teacher and student cases also provide different kinds of
evidence: a teacher’s successful continuation is not automatically evidence that the student learned
the same behavior. The evaluation uses the execution and scoring protocol in Appendix A.4.
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