Progress by Pieces: Test-Time Scaling for Autoregressive Image Generation

Supplementary Material

A. Related Works

Visual autoregressive models Visual autoregressive (AR) models have recently advanced rapidly as a natural extension of
the language-modeling paradigm to vision [7, 24-26]. By adopting vector-quantized image representations, these methods
discretize images into codebook indices, allowing the next-token prediction process to operate over image tokens. In practice,
their generative quality is now competitive with strong diffusion baselines such as DALL-E 3 [2] and Stable Diffusion 3 [9].

Standard visual AR models decode in a raster-scan order (top-left to bottom-right), though several notable variants have
been proposed. Masked autoregressive models (MAR [19]) offer a unified formulation of standard AR models and masked
generative models, while VAR [26] applies next-scale prediction instead of next-token prediction. Nevertheless, the standard
raster-scan AR formulation remains a competitive and versatile baseline for both image understanding and generation, and
has also been adapted for image editing [21].

Test-time compute scaling While large language models (LLMs) have benefited significantly from test-time scaling tech-
niques, such strategies remain underexplored in the context of visual autoregressive (AR) generation. In the language domain,
increasing inference-time computation has proven to substantially improve model performance on challenging reasoning
tasks such as mathematics [27] and coding [6], without any changes to model parameters. Two representative strategies in-
clude (i) chain-of-thought (CoT) prompting [16, 30], which extends generation length to encourage multi-step reasoning, and
(ii) Best-of- N sampling with outcome reward models (ORMs) [23], which samples multiple outputs and selects the best one
based on task-specific reward signals. Beyond outcome-based scoring, process reward models (PRMs) have also been intro-
duced to evaluate intermediate reasoning steps, enabling more robust selection among sampled candidates. These methods
demonstrate how allocating additional compute at inference can serve as a powerful tool to elicit more accurate or coherent
outputs from pretrained models.

Extending test-time scaling strategies to visual AR models presents substantially different challenges. Unlike language
models, which generate left-to-right sequences with clearly interpretable intermediate states, visual AR decoders expose
only localized information at early steps due to their fixed raster-scan generation order. This structural constraint limits
opportunities for selective computation allocation, mid-generation intervention, or step-wise verification. Some recent studies
have explored test-time scaling within specific visual-generation pipelines [8, 34]. These works commonly observe that
coarse early-stage outputs already contain meaningful global structure, enabling an approximate assessment of whether the
generation is likely to successfully follow the given instruction. Although such findings highlight the usefulness of early
structural cues, the corresponding methods rely on architecture-specific designs and do not provide a general test-time scaling
mechanism for raster-scan AR token generation. Consequently, it remains unclear how to systematically allocate computation
or incorporate structural feedback throughout the visual AR decoding process.

B. Rejection Analysis and Examples

We investigate the rejection ratio at each stage of GridAR’s grid-based progressive generation, where a grid is marked as
impossible if rejected. In the first stage, one grid corresponded to one-quarter of the image (R; = 4), while in the second
stage, each grid covered half of the image (R2 = 2). Table 3 reports the proportion of rejected grids relative to the total
number of generated grids at each stage, as well as the percentage of samples in which all grids were rejected. For Text-to-
Image Generation, we used Janus-Pro, and for Image Editing, we used EditAR.

Across both tasks, rejections were rare in the first stage but occurred more frequently in the second stage. This pattern sug-
gests that the verifier tended to pass grids when evidence for rejection was definitely uncertain. Figure 8 illustrates qualitative
examples for partially rejected candidates.

Cases where all grids within a sample were deemed impossible were infrequent (especially for text-to-image genera-
tion, which was quite rare). In these situations, we continued the generation process rather than restarting from scratch, in
order to maintain a fair comparison with Best-of-N search, which would otherwise be disadvantaged by additional token
generation costs. Nevertheless, in practical deployments of GridAR, we recommend different strategies depending on appli-
cation requirements: for time-sensitive settings, selecting the top-k grids may be more suitable, whereas in scenarios where
performance is important, rolling back and regenerating from scratch may offer a more effective alternative.
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Figure 8. Examples of rejected samples.

Table 3. Rejection statistics for different models across stages, reporting both grid-level rejection rates and fully rejected sample rates.

Grid-level Fully rejected

Task Model Stage rejection rate (%) sample rate (%)
Text-to-Image Janus-Pro First-stage (R1=4) 2.545 0.870
Generation Second-stage (R2=2) 21.406 3.709
Text-to-Image First-stage (R1=4) 10.753 1.271
Generation ~ “AMAGEN oo ndostage (Ra=2) 34.305 7.167
. . First-stage (R1=4) 28.545 20.429

Image Editing  EditAR Second-stage (R2=2) 43252 21.286

C. Verifier Accuracy and Its Impact on Overall Performance

In this section, we examine whether vision-language models can effectively serve as zero-shot verifiers 1) to assess partial
image candidates within the GridAR framework. Specifically, we aim to determine whether these models are capable of
identifying cases where a partial image is already insufficient to fulfill the given prompt. To support this evaluation, we
construct a human-annotated benchmark comprising 720 partial images: 480 candidates from the R;-grid and 240 from the
Ry-grid. Each sample is labeled to indicate whether the prompt can still be satisfied given the visible content. Annotation
examples are shown in Figure 9. We evaluate four vision-language models as verifiers in this setting: GPT-4.1, GPT-40-mini,
MiniCPM-V 4.5 [32] (open-source), and GLM-4V [12] (open-source).

As confirmed in Table 4, these models demonstrate notable verification capabilities. In particular, MiniCPM-V 4.5 and
GLM-4V, both in the 8B to 9B parameter range, achieve F1 scores between 71.97 and 80.41. As expected, verifiers show
higher discriminative performance on the Ry-row grid, which provides richer visual content. We also report final image
quality of each verifier in the T2I-CompBench++ benchmark, when adopted in GridAR (N=4). Image quality is measured
as the average score across all evaluation dimensions. Even when using the relatively lower-performing MiniCPM-V 4.5
verifier, GridAR outperforms the Best-of-N baseline (/N = 8), showing an improvement of 11.7%. We also observe a trend: as
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Table 4. F1 scores of each verifier on human-annotated partial image candi-
dates, and corresponding final image quality when applied to GridAR (N=4).
Improvements are reported relative to the Best-of-N baseline (N=8).

. Ry-row grid (R1=4) Ra-row grid (Ra=2) Final
Verifier F1 score F1 score Image Quality
MiniCPM-V 4.5 71.97 76.40 0.5519 (+11.7%)
GPT-4.1 90.17 88.06 0.5654 (+14.4%)
GPT-40-mini 74.22 83.29 0.5647 (+14.2%)
GLM-4V 72.96 80.41 0.5603 (+13.4%) The metallic spoon and wooden The shiny silver car zoomed

chopsticks stir fluffy noodles past the old rusty truck

Figure 9. Annotation examples of partial image candidates.

verifier accuracy improves, the final image quality increases accordingly. Given the rapid progress in vision-language models,
we expect GridAR to evolve into a more powerful framework in the near future. An analysis of failure cases, where verifiers
make incorrect predictions, is provided in Appendix E.

D. Additional Experimental Results
Result of User Study
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Figure 10. User study results showing se-
lection proportions across three genera-
tion methods. GridAR (IN=8) is strongly
preferred over the Best-of-/V baselines.

D.2. Image Editing Quantitative Results

To evaluate GridAR in the image editing setting, we extend the candidate selection process to incorporate both the source
image and the editing instruction. A grid is accepted only when it simultaneously satisfies instruction-following fidelity and
background-preservation, consistent with established evaluation protocols in prior image editing evaluation practice [17].
Additionally, we apply a single prompt reformulation at the generation halfway point to enhance instruction consistency,
after which selection continues under the same dual-criterion rule.

Table 5 presents the full quantitative results on PIE-Bench across all baselines and autoregressive test-time scaling variants.
We report standard background-preservation metrics (PSNR, LPIPS, MSE, SSIM), the structure distance metric used by
DINO, and CLIP-based semantic similarity score for both whole-image and edited-region image.

Across all baselines evaluated under a unified Best-of-N configuration, GridAR outperforms both diffusion- and
autoregressive-based baselines on every metric, demonstrating superior structural fidelity, stronger background preservation,
and competitive or superior CLIP similarity. Under comparable CLIP similarity to the stronger Best-of-/V baseline (N=8),
GridAR delivers substantially better structural consistency and background preservation, achieving the lowest Structure Dis-
tance (36.632) and the strongest reconstruction metrics (PSNR 21.950, LPIPS 101.700, MSE 103.896, SSIM 75.815). This
indicates that GridAR provides a more efficient and effective test-time scaling strategy, improving semantic and structural
fidelity without relying on increased sampling budgets.



Table 5. Quantitative image-editing results on PIE-Bench. EditAR + GridAR (IN=4) achieves the strongest overall performance, obtaining
the lowest structure distance, best background preservation, and competitive CLIP similarity while outperforming or matching larger Best-
of-N baselines.

Method Structure Background Preservation CLIP Similarity
Distance (|) PSNR (1) LPIPS(}) MSE(]) SSIM(1) Whole(?) Edited (1)
Diffusion Models
InstructPix2Pix + BoN (N=4) 54.903 21.054 146.089 216.340 77.361 24917 22271
InstructDiffusion + BoN (N=4) 76.023 21.066 131.994 308.671 77.375 24.760 22.126
MGIE + BoN (N=4) 70.417 21.502 135.859 304.363 78.190 24.792 22.405
Auto-Regressive Models
EditAR (N=1) 41.580 20.721 125.214 205.538 74.079 24.813 22.092
EditAR + BoN (N=2) 40.890 21.065 118.810 166.652 74.648 25.103 22.247
EditAR + BoN (N=4) 40.948 21.368 113.829 140.533 75.043 25.386 22.436
EditAR + BoN (N=8) 42.837 21.464 111.252 135.404 74.979 25.628 22.626
EditAR + GridAR (N=4) 36.632 21.950 101.700 103.896 75.815 25.532 22.501
D.3. Ablation Study

In Table 6 and Table 7, we present a stepwise evaluation to quantify the contribution of each component in GridAR. Specif-
ically, the Grid Generation module denotes our progressive, grid-based image generation process, and the Prompt Reformu-
lation module refers to revising the prompt based on intermediate results during generation. As shown in both tables, each
component yields clear improvements, with the full combination achieving the best performance.

Table 6. Ablation study: Component-wise evaluation of GridAR (N = 4) on the T2I-CompBench++ benchmark with Janus-Pro.

Grid Prompt Attribute Binding Object Relationship N C !
Generation  Reformul. — Color  Shape Texture 2D Spatial 3D Spatial Non-Spatial umeracy  Lompiex
0.6781 0.4026 0.5305 0.2218 0.3024 0.7830 0.4958 0.3971
v 0.7260 0.4660 0.6030 0.2305 0.3105 0.7830 0.5183 0.3969
v 0.7819 0.5685 0.7020 0.2747 0.3390 0.7850 0.5582 0.3987
v v 0.7930 0.5807 0.7275 0.2968 0.3594 0.7867 0.5531 0.4009

Table 7. Ablation study: Component-wise evaluation of GridAR (N=4) on the PIE-Bench with EditAR.

Grid Prompt Structure Background Preservation CLIP Similarity
Generation ~ Reformul. Distance (J) PSNR(f) LPIPS(]) MSE({) SSIM (1) Whole (1) Edited (1)
40.948 21.368 113.829 140.533 75.043 25.386 22.436
v 37.949 21.782 106.464 108.935 75.452 25.533 22.551
v 37.978 21.766 105.909 116.746 75.400 25.507 22.451
v v 36.632 21.950 101.700 103.896 75.815 25.532 22.501

D.4. Grid Configuration Analysis

Our method employs a row-partitioned progressive generation strategy that explores multiple partial candidates in parallel at
early stages and retains only those that remain plausible under the verifier. While the main experiments adopt the configuration
(R1,Ry) = (4,2) for its balance between information and computational cost, here we investigate how the framework
behaves under different grid decompositions, including both fewer and additional stages. To examine how the method behaves
under varying degrees of decomposition, we evaluate three configurations: (2) as a single step, (4, 2) as the default two-stage
setup, and (8,4, 2) as a three-stage extension obtained by applying the same framework once more. All experiments use
MiniCPM-V 4.5 as the verifier.



As shown in Table 8, all configurations outperform the BoN baseline. The single-step configuration (2) achieves an
average score of 0.5548, the default two-stage configuration (4, 2) improves this to 0.5686, and the three-stage configuration
(8,4,2) further increases performance to 0.5706. This monotonic trend (2) < (4,2) < (8,4,2) reflects the benefit of
finer decomposition. However, when verification is applied too early - as in the (8,4, 2) configuration, where verification
occurs already at the first 1/8 of the image - the structural signal available to the verifier is limited, resulting in only modest
gains relative to the additional computational cost introduced by deeper configurations. Overall, these results confirm that
our approach generalizes across a wide range of grid configurations and offers a controllable trade-off between verification
granularity and compute overhead.

Table 8. Evaluation of GridAR (N==8) with Janus-Pro on the T2I-CompBench++ benchmark under different grid configurations, using
MiniCPM-V 4.5 as the verifier.

Grid Attribute Binding Object Relationship N C |
Config. ~Color  Shape Texture 2D Spatial 3D Spatial Non-Spatial  eracy  Lompiex
None 0.7235 0.4177 0.5600 0.2430 0.3165 0.7853 0.5068 0.4013

2) 0.8006 0.5810 0.7126 0.2715 0.3389 0.7870 0.5491 0.3975
4,2) 0.8195 0.5901 0.7363 0.3021 0.3630 0.7823 0.5546 0.4008
(8,4,2) 0.8099 0.5953 0.7458 0.3084 0.3627 0.7840 0.5622 0.3963

D.5. Comparison of Prompt Reformulation Strategies

In Table 9, we compare two prompt reformulation strategies: prompt replacement and our proposed three-way CFG. As
shown in the table, GridAR (IN=4) with the prompt replacement strategy achieves an average score of 0.5623, while GridAR
(IN=4) with the three-way CFG achieves 0.5654. The proposed three-way CFG can therefore be effectively adopted within
the layout-specified prompt reformulation. However, both strategies outperform the Best-of-N (/N=8) baseline, indicating
that either approach can be used successfully in practice.

Table 9. Evaluation of GridAR (N=4) with Janus-Pro on the T2I-CompBench++ benchmark under different prompt reformulation strate-
gies, using GPT-4.1 as the verifier.

Attribute Binding Object Relationship
Color  Shape Texture 2D Spatial 3D Spatial Non-Spatial

Reformulation Strategy Numeracy Complex

Three-way CFG 0.8050 0.6014 0.7268 0.2833 0.3503 0.7887 0.5684 0.3992
Prompt Replacement 0.7930 0.5807  0.7275 0.2968 0.3594 0.7867 0.5531 0.4009

D.6. Detailed Cost-Performance Analysis

We provide a more detailed breakdown of the wall-clock time in our framework to better understand the cost-performance
trade-off. In Table 10, wall-clock time is measured on RTX 3090 GPUs and averaged over eight processed batches. To
obtain an accurate measurement, we employ the open-source verifier MiniCPM-V 4.5 rather than an API-based verifier.
Although our framework incurs additional computation overhead in the verifier and decoding stages, the results indicate
that GridAR offers a more favorable cost-performance Pareto frontier when comparing GridAR (N=4) against the Best-of-N
(N=8) baseline.

D.7. Comparison with Other AR-Series Test-Time Scaling Methods

Recently, test-time scaling approaches have been proposed that are designed for other types of autoregressive (AR) models
- such as TTS-VAR [8] for next-scale prediction AR models and PARM [34] for masked-modeling AR models. Since these
approaches are non-trivial to apply to raster-scan decoding AR models, we do not include them in the main set of compar-
isons. However, to more comprehensively evaluate our framework, we additionally compare our framework against these
test-time scaling baselines on the T2I-Compbench++ and GenEval benchmarks (Table 11). Notably, our test-time scaling ap-
proach achieves the best image quality in most cases and demonstrates consistently strong performance across diverse aspect



Table 10. Detailed wall-clock time breakdown and final image quality comparison between Best-of-N baselines and our GridAR framework
with a MiniCPM-V 4.5 verifier.

Method Total Wall-Clock Time Final
Wall-Clock Time Decoding time  Verifier processing time ~ ORM Processing time  Image Quality
Best-of-N (N=4) 23.85s 2197 s 0Os 1.88 s 0.4764
Best-of-N (N=8) 49.05 s 45.14 s 0s 391s 0.4943
GridAR + MiniCPM-V 4.5 (N=4) 35.53s 27.48 s 6.15s 1.90 s 0.5519
GridAR + MiniCPM-V 4.5 (N=8) 68.41s 54.66 s 10.01 s 3.74s 0.5686

prompts, except in a few dimensions where large backbone-quality differences dominate the outcomes. Taken together, these
results demonstrate that raster-scan decoding AR models are fully capable of effective and competitive test-time scaling.

Table 11. Comparison with other AR test-time scaling approaches on T2I-Compbench++ and GenEval. The GenEval “Overall” score
represents the average across all evaluation dimensions.

Method T2I-Compbench++ GenEval
Color  Shape  Texture 2D Spatial 3D Spatial Non-Spatial Numeracy —Complex | Overall Count Position Color Attr.
Janus-Pro 0.5388 0.3476  0.4357 0.1607 0.2806 0.7733 0.4467 0.3870 0.79 0.59 0.77 0.65
+ Best-of-N (N=8) 0.7235  0.4177  0.5600 0.2430 0.3165 0.7853 0.5068 0.4013 0.86 0.76 0.86 0.72
+ GridAR (N=8) 0.8172 0.6174  0.7408 0.3214 0.3587 0.7930 0.5932 0.4050 0.88 0.79 0.92 0.73
" Infinity (next-scale prediction)  0.7421 04557  0.6034 02279 04023 07820 05479 - 069 059 020 062
+ Best-of-N (N=8) 0.7950  0.5439  0.6886 0.2545 0.4205 0.7870 0.6090 - 0.74 0.68 0.21 0.67
+ TTS-VAR (N=8) 0.8073 0.5914  0.7121 0.2644 0.4302 0.7880 0.6340 - 0.75 0.74 0.22 0.68
" Show-o (masked modeling) - - =TT - - 053 049 01T 028
+ PARM (N=20) - - - - - - - - 0.67 0.68 0.29 0.45

D.8. Impact of Outcome Reward Model

In our experiments, we employ Qwen2.5-VL-7B [1] as the outcome reward model (ORM), which provides a fair comparison
between our method and existing test-time scaling baselines. Nevertheless, because GridAR incorporates an additional inter-
nal verifier, we further examine whether the observed performance improvements could simply stem from the ORM being
weaker than the internal verifier. To isolate this factor, we analyze the effect of ORM scaling, as summarized in Table 12.

Even when the ORM is scaled from 7B to 72B, the performance gain is marginal - a 0.3% improvement in the Best-of-
N (N=4) setting and a 0.1% improvement for GridAR + MiniCPM-V 4.5 (N=4). Moreover, the relative ordering across
methods remains unchanged. These results confirm that our performance gains do not arise merely from the internal verifier
being stronger than the ORM.

E. Failure Case Analysis and Future Directions

GridAR may potentially fail in certain scenarios during grid-based progressive generation and prompt reformulation
processes. To understand such cases, we analyze verifier errors identified during the accuracy evaluation presented in Ap-
pendix C. We also observe cases where prompt reformulation does not lead to natural image generation. These observations
motivate several future directions, which we outline in this section.

During grid-based progressive generation, the verifier occasionally encounters partial candidates whose visible region
consists solely of background, particularly in R;-row grid (Figure 11 (a)). These cases are not inherently erroneous within
the GridAR framework; in both image editing and image generation settings, such background-only regions may still align
with prompts describing atmosphere, environment, or other contextual details, and thus remain valid assessment targets.
However, when prompts lack explicit references to such background elements, we observe that verifiers sometimes reject
these candidates as unrelated. Stronger models, such as GPT-4.1, tend to infer that foreground content may appear in sub-
sequent lower-grid regions and therefore avoid premature rejection. In contrast, open-source vision-language models often
over-reject these background-only candidates. Although such behavior is not common in our framework - as shown in the
verifier quantitative evaluation - it remains one of the failure modes observed when weaker verifiers are used.

In the prompt reformulation stage, we occasionally observe cases, illustrated in Figure 11 (b), where attempts to satisfy
the prompt while considering the intermediate layout lead to implausible scene layouts. Although the reformulated prompt
remains faithful to the original intent, the resulting layout can reflect spatial arrangements that are unnatural or physically



Table 12. Impact of ORM scale on the performance of GridAR (N=4) with Janus-Pro on the T2I-CompBench++ benchmark, assessed using
MiniCPM-V 4.5 as the verifier.

Attribute Binding Object Relationship
Method ORM Color  Shape Texture 2D Spatial 3D Spatial Non-Spatial Numeracy ~ Complex
Best-of-N (N=t) Qwen2.5-VL-7B  0.6781 0.4026 05305  0.2218 0.3024 0.7830 0.4958 0.3971
‘ = Qwen2.5-VL-72B  0.6819 04114 05314 02216 0.2964 0.7873 0.4983 0.3958
. . . Qwen25-VL7B 07959 05681 07265  0.2655 0.3522 0.7817 0.5302 0.3947
GridAR + MiniCPM-V 4.5 (N=4) 000 S.VL72B 08007 05707 07306 02630 0.3474 0.7833 0.5300 0.3957

unlikely, as the model pushes the layout to align with the prompt. Such cases are infrequent but highlight a failure mode in
which prompt reformulation comes at the expense of scene plausibility.

Future directions To address these issues, GridAR could be extended in a more adaptive manner. For instance, if the prompt
suggests that key objects are likely to appear in the lower part of the image, reducing the R; value or initiating progressive
generation from a later stage may allow the verifier to access a broader and more meaningful context. Furthermore, we plan
to explore more advanced prompt reformulation strategies that not only reason over the layout but also assess whether the
resulting scenes are physically plausible and determine when reformulating the prompt would result in infeasible generations.

three peaches metallic whisk and wooden bowl mix .
three swans T i RSy i o b A @ a wooden chair and a fluffy teddy bear
(a) Grid-based generation: Background-only grids (b) Prompt reformulation: Implausible layout issue

Figure 11. Examples of failure cases. (a) Cases where some verifiers may prematurely reject candidates when only background regions
are visible in the early grids. (b) Unrealistic layouts that may be induced when attempting to satisfy the prompt while being aware of the
intermediate layout.

F. Detailed Experimental Setup

Baselines We primarily compare against a simple Best-of-N (BoN) baseline driven by an outcome reward model (ORM).
To contextualize text-to-image performance, we report results alongside state-of-the-art diffusion systems (SDXL [22],
PixArt-« [5], DALL-E 3 [2], Stable Diffusion 3 [9], and FLUX.1 [18]) and contemporary autoregressive generators (Lumin-
mGPT [20], Emu3 [28], Show-o [31], and Infinity [13]). For instruction-guided image editing, we benchmark diffusion-based
editors - InstructPix2Pix [3], InstructDiffusion [11], MGIE [10] - and an autoregressive editor, EditAR [21], which generates
tokens sequentially.

Experimental environment We conduct all experiments on RTX 3090 GPUs. The base AR model and the ORM run on 2x
RTX 3090 GPUs, with additional GPUs allocated to the verifiers - one extra GPU for MiniCPM-V 4.5 and two extra GPUs
for GLM-4V. The batch size is fixed to 2, and for fair comparison with the Best-of-/N baseline, the first row is generated
identically across all methods. Unless otherwise noted, the sampling temperature is 1.0.

Evaluation protocols Image editing is evaluated on PIE-Bench [15], which comprises 700 images across nine editing sce-
narios. Each sample includes a source image and a natural-language instruction, together with auxiliary annotations (source
prompt, target prompt, and a ground-truth edit mask). Instruction following is measured via CLIP similarity [14] between the
edited image and the target prompt, computed over the full image and, separately, within the annotated edit region. Source
preservation is assessed using a structure-aware distance derived from DINO-VIiT [4] features (“structure distance”) and
standard fidelity/perceptual metrics - PSNR, SSIM [29], LPIPS [33], and MSE.



G. Qualitative Results on Image Generation and Editing
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Figure 12. Additional qualitative results for text-to-image generation.
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Figure 13. Additional qualitative results for text-to-image Generation.
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Figure 14. Additional qualitative results for image editing.



H. Prompt Templates

Full prompts for image generation and editing tasks are available in our source code repository.

H.1. Prompts for Text-to-Image Generation

Prompt for Selection of First Rows (Quarters) in Text-to-Image Generation

You are given a single image consisting of 4 contiguous horizontal quarters (from top to bottom: quarter 1, quarter 2,
quarter 3, quarter 4).

Each quarter shows the top quarter (upper 1/4 crop) of a different full image generated from the same text prompt. The
lower three-quarters of each full image are not shown in this composite. Since only the top part is visible, some quarters
may show only the background without any objects. In other cases, objects may appear only partially, with the rest
continuing into the unseen lower part of the image.

The text prompt is: “{}”.

For each of the 4 quarters, answer strictly with either “possible” or “impossible” (lowercase, no punctuation).

Output must contain exactly 4 words, separated by commas, in order: quarter 1, quarter 2, quarter 3, and quarter 4.
Example format: possible, impossible, possible, impossible

Say “impossible” for a quarter only if it is certain that the prompt cannot be satisfied.

If there is any reasonable way the prompt could still be satisfied, say “possible”.

Prompt for Layout-Specified Prompt Reformulation in Text-to-Image Generation

Rewrite the prompt “{}” considering the given partially generated images, so that it fully describes the final image
layout with the correct total number of objects and accurately satisfies the original prompt, helping the model complete
the remaining half.

OUTPUT
- Output exactly one sentence: either the refined prompt or the unchanged original.
- Begin with the original text prompt; when refining, append the clause after a comma.

EXAMPLES
Original: “A photo of eight bears”; Visible: three bears on the top —
Output: “A photo of eight bears, three on the top and five on the bottom.”

Original: “A photo of one chicken”; Visible: only the upper half of the same chicken —
Output: “A photo of one chicken” (unchanged; continuation only)

Prompt for Outcome Reward Model in Text-to-Image Generation [ ]

This image is generated by a prompt: {}. Does this image accurately represent the prompt? Please answer yes or no
without explanation.




H.2. Prompts for Image Editing

Prompt for Selection of First Rows (Quarters) in Image Editing

You are given two images:

(A) the source image to be edited, and

(B) a composite image consisting of 4 contiguous horizontal quarters (from top to bottom: quarter 1, quarter 2, quarter
3, quarter 4).

Each quarter in (B) shows the top quarter (upper 1/4 crop) of a different full image produced by applying the same
editing instruction to the source image. The lower three-quarters of each full image are not shown. Since only the
top part is visible, some quarters may show only the background without any objects, while others may show objects
partially, with the rest continuing into the unseen lower part of the image.

The editing instruction is: “{}”.

For each of the 4 quarters, make two independent judgments:

1) instruction_following — does the visible part allow the edited image to plausibly satisfy the instruction?

2) source_preservation — do the visible regions unrelated to the instruction look reasonably consistent with the source
image?

OUTPUT FORMAT (STRICT):

Return a single-line JSON object with exactly two keys:

{{“instruction_following”: “<ql,q2,q3,q4>", ”source_preservation”: “<ql,q2,q3,g4>"}}

- For each key, the value is a lowercase string of exactly four words, each either “pass” or “fail”, separated by a comma
and a single space, in order: quarter 1, quarter 2, quarter 3, quarter 4.

- Example: {{“instruction_following”: “pass, fail, pass, fail”, “source_preservation”: “pass, pass, fail, pass”}}
- No extra keys, punctuation, notes, or explanations.

\. J

Prompt for Layout-Specified Prompt Reformulation in Image Editing

Rewrite the editing instruction “{}” into an extremely concise command that guides the model to finish the edit in the
lower half of the image, based on the visual cues from the upper half.

OUTPUT

- Output exactly one sentence.

- If unchanged, output the original instruction verbatim.

- Otherwise, output a single rewritten sentence (no quotes) that integrates visible cues and preserves counts/scope.

EXAMPLES
Original: “Change the animal from a cat to a dog”; Visible: dog head visible —
Output: “Draw the dog’s body.”

Original: “Change the color of the horse from white to golden™; Visible: golden head visible —
Output: “Make the rest of the horse golden.”

Prompt for Outcome Reward Model in Image Editing

The first image is the source image, and the second image is the edited image produced by applying the following
instruction: “{}”. Does the edited image correctly follow the instruction while preserving the rest of the source image?
Please answer yes or no without explanation.

\

.
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