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A ADDITIONAL ANALYSIS

A.1 COMMON FAILURE PATTERNS

Original prompt

: “A shoe with no laces, standing alone”
Decomposed elements

1.There is a shoe (core)

2.The shoe has no laces (core)

3.The shoe is standing alone (core)

Common failure patterns
: 2. The shoe has no laces

Original prompt
:“On awooden table, both the spoons and plates are made of wood,
only the fork is not made of wood.”

Decomposed elements

1.There is wooden dining table (core)

2.There are spoons present (core)

3.There are plates present (core)

4.There is a fork present (core)

5.The spoons are made of wood (core)

6.The plates are made of wood (core)

7.The fork is not made of wood (core)

8.The spoons, plates, and fork are located on the wooden dining table

Common failure patterns
: 7. The fork is not made of wood

Figure 7: Qualitative examples of recurring misalignments when generating multiple images from
a fixed prompt, with decomposed elements and common failures identified by EFC.
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Original prompt
: “The glass car window changed into a wooden car window”

Decomposed elements

1. A carwindow is present in the scene (core)

2.The car window initially appears to be made of glass (core)

3.The car window later appears to be made of wood (core)

4.The transformation of the car window occurs sequentially over time (core)
5.The glass car window transforms into a wooden car window (core)

Common failure patterns

: 3. The car window later appears to be made of wood,

4. The transformation of the car window occurs sequentially over time,
5. The glass car window transforms into a wooden car window

Original prompt
:“A person is turning on the desk lamp”

Decomposed elements

1.There is a person in the scene (core)

2.There is a desk lamp on the desk (core)

3.The person is positioned near the desk lamp (extra)

4.The desk lamp is initially turned off (core)

5.The desk lamp has a switch that can be activated (core)

6.The person’s hand moves towards the desk lamp (core)

7.The person’s fingers interact with the lamp switch (core)

8.The desk lamp transitions from being off to on after the person interacts with the switch (core)

Common failure patterns
1 4. The desk lamp is initially turned off,
8. The desk lamp transitions from being off to on after the person interacts with the switch

Figure 8: Qualitative examples of recurring misalignments when generating multiple videos from

a fixed prompt, with decomposed elements and common failures identified by EFC. We illustrate the
first and the last frame for each generated video.
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A.2 DETAILS OF EFC

We present a detailed overview of the visual verification process in our verifier, EFC. The goal of
this process is to provide fine-grained and interpretable feedback on whether each part of a prompt is
faithfully realized in the generated visuals. Given a prompt and its corresponding outputs (images or
videos), EFC first decomposes the prompt into multiple disjoint semantic elements using a system
prompt. For each element, it also constructs an open-ended question, where the element itself serves
as the expected answer. Next, EFC verifies the fulfillment of these elements in the generated visuals
through factual correction. Instead of relying on visual question answering, our key idea is to perform
text-based comparison between the semantic elements and the visuals. To enable this, EFC first
extracts captions from the generated visuals and then applies natural language inference (NLI) to
classify each element as entailment, neutral, or contradiction. For elements classified as neutral,
where captions are missing or insufficient, EFC uses the previously generated open-ended questions,
applies NLI again to the corresponding answers, and assigns a final label of either entailment or
contradiction. Through this process, EFC not only determines whether the prompt is satisfied, but also
pinpoints which parts of the prompt are faithfully represented and which are contradicted, thereby
enabling accurate and interpretable fine-grained feedback for generated visuals.
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Figure 9: Illustration of EFC. The figure illustrates how EFC provides fine-grained, interpretable
verification of prompt adherence. It first decomposes the prompt into semantic elements, then
generates captions from the visuals, and applies factual correction to classify each element as
entailment, neutral, or contradiction. Elements initially labeled neutral (due to missing mentions in
the caption) are reevaluated to decide between entailment and contradiction. This design avoids direct
QA, leading to more accurate verification.

A.3 DETAILS ON INTEGRATION BEYOND BON

This section provides additional details on the integration of our framework with visual scaling
methods, complementing Section 4.2.

Experiments on text-to-image generations. We integrate our approach with two inference-time
scaling methods focused on visuals: DAS (Kim et al., 2025b) and RBF (Kim et al., 2025b). Following
their original experimental protocols, we use SDXL (Podell et al., 2023) for DAS and Flux.1-
schnell (Labs et al., 2025) for RBF. In both settings, we generate a total of 8 samples, divided into
two batches of 4. When combined with our method, the first batch of 4 samples is generated, the
prompt is revised, and another 4 samples are generated, ensuring that the total number of function
evaluations remains equivalent.
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“A woman not wearing a hoodie in the middle of a group of people wearing hoodies.”

y— ; d

£ ¢ Thive a _
not wearing
a hoodies

“In the gym, everyone is resting except for a child who is still running on the treadmill.”
YO 1 M - H\ \;"“‘\ =,

FLUX.1-schnell BoN RBF REF with PRIS

Figure 10: Qualitative artifact results with RBF. RBF alone often generates visuals where the
prompt text is directly rendered on the image due to reward over-optimization, whereas combining
RBF with our method substantially alleviates this issue.

In addition to Table 4 and Figure 4 in the main manuscript, Figures 11 and 12 demonstrate that our
integrated results achieve substantially better prompt adherence than visual scaling alone, for DAS
and RBEF, respectively. This indicates that advanced visual scaling methods can be further enhanced
when combined with scaled prompts.

It is also noteworthy that scaling visuals alone often leads to undesired outcomes caused by reward
over-optimization (see Figure 10). In such cases, the model may even render the textual prompt
itself, since these images achieve artificially high reward scores. For example, Figure 10 shows that
RBF frequently generates images where the prompt text is printed directly. By contrast, our method
mitigates this issue: the revised prompt guides the generator, while the original prompt is used only
for the reward signal. This separation effectively reduces over-optimization artifacts and yields more
faithful generations, even when PRIS is combined with RBF.
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Figure 11: Qualitative comparisons when integrating our method with SMC under the same
compute budget. Our approach more faithfully follows the prompt, effectively enabling SMC to scale
visuals.
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“A clock with no hands to tell the time.”

FLUX.1-schnell BoN RBF RBF with PRIS

Figure 12: Qualitative comparisons of RBF integrated with our method under the same compute
budget. Our method adheres more closely to the prompt and further improves RBF’s visual scaling.
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Experiments on text-to-video generations. We integrate our approach with EvoSearch (He et al.,
2025), following its original setup on Wan2.1-1.3B. EvoSearch uses an evolution schedule of [5,
20, 30, 45] and a population schedule of [10, 5, 5, 5], totaling 2,000 NFEs. For integration, we first
generate 10 samples with 50 steps (1,000 NFEs), then allocate the remaining 940 NFEs with [5, 30]
for the evolution schedule and [5, 4] for the population schedule, resulting in 60 fewer NFEs than
EvoSearch. As in the main manuscript, we evaluate on VBench2.0 with VideoAlign as the guiding
reward.

Table 8 and Figure 13 present the quantitative and qualitative results. Unlike EvoSearch, which was
evaluated on relatively simple prompts, our experiments employ more complex ones. In this setting,
EvoSearch scores degrade after scaling, suggesting limited generalization to the unseen reward of
VBench2.0. By contrast, when integrated with our method, it achieves improved average scores on
VBench2.0.

Table 8: Quantitative T2V results on VBench2.0, comparing EvoSearch alone with EvoSearch
integrated with PRIS. EvoSearch fails to generalize to unseen rewards, whereas integration with
PRIS improves performance.

Motion Motion Order = Dynamic

Method Rationality ~Understanding  Attribute Average
 Wan2.1-13B 3810 __ 5287 4667 4588
EvoSearch 32.14 51.72 43.33 42.20 | —3.68
EvoSearch + PRIS 53.57 48.28 60.00 53.95 1 +s.07

Dynamic attributes : “A butterfly’s wing change from yellow to white.”

EvoSearch

EvoSearch
~ with PRIS

EvoSearch

EvoSearch
with PRIS

Figure 13: Qualitative examples comparing EvoSearch and EvoSearch+PRIS. In the first case,
EvoSearch fails to change the butterfly’s wing color despite scaling, whereas our method succeeds.
In the second case, EvoSearch depicts the window as already open before the person attempts to open
it, while our method correctly shows the window opening as the person reaches out.

A.4 DETAILED COMPUTATIONAL TIME ANALYSIS

In this section, we provide a detailed breakdown of verification and generation time, complementing
Section 4.4. All measurements are conducted on a single NVIDIA H100 80GB GPU. For images,
generating a single sample resolution (1024, 1024) with Flux.1-dev takes on average 13 seconds,
while verification with our verifier, EFC, requires 41 seconds. This implies that each verification
is computationally equivalent to generating approximately three additional images. To balance this
overhead, we set the number of function evaluations (NFE) to 4000 for BoN and 1000 for our method,
corresponding to 40 and 10 images, respectively (with 50 sampling steps and classifier-free guidance).
For videos, generating an 81-frame sequence at resolution (480, 832) with Wan2.1-1.3B requires 105
seconds on average, while verification takes 100 seconds, approximately equivalent to one additional
video generation. Accordingly, we set the NFE to 4000 for BoN (40 videos) and 2000 for our method
(20 videos), again under 50 sampling steps with classifier-free guidance.
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Our verifier is intentionally built on a pretrained MLLM without task-specific optimization, demon-
strating that strong results can be achieved without additional training. Nonetheless, fine-tuning the
base MLLM remains a promising direction for reducing verification time and improving efficiency.

A.5 PROMPT TRANSFERABILITY AND FUTURE WORK
Original Prompt: In a classroom, the clock is not on the wall
Revised Prompt: In a classroom, the clock is placed on a

polished wooden desk, its round face softly illuminated, while
the walls remain unadorned, free of any other timepieces.

Original Prompt Revised Prompt

Original Prompt: A little boy with a ping pong paddle looks
more excited than a little girl without one.

Revised Prompt: A young boy holding a bright yellow ping pong
| paddle beams with wide eyes and an open smile, while
nearby, a calm little girl gazes at him with a curious expression,
her hands resting by her side.

d BN SR , P2 e

Original Prompt Revised Prompt
Figure 14: Qualitative example of prompt transferability. Prompts revised for Flux1.dev are
applied to Firefly Image 4 Ultra. By clarifying vague instructions, specifying object presence and
absence, and reinforcing contextual cues, the revised prompts yield visuals with stronger adherence
compared to those generated from the original prompts.

We observe that our revised prompts are not only effective for the original generator but also
transferable to other models, demonstrating their generalizability. This stems from the fact that our
revisions resolve ambiguities in the original prompts, making them more precise and robust. Although
different generators may specialize in certain aspects, such as producing fine-grained details or
maintaining object counts, they often exhibit overlapping weaknesses. Addressing these weaknesses
through prompt revision thus benefits multiple models simultaneously.

Figure 14 illustrates this transferability. The prompts originally revised for Flux1.dev are successfully
applied to Firefly Image 4 Ultra. For example, the revised prompts clarify vague or underspecified
instructions (e.g., replacing “not on the wall” with “the clock is placed on a polished wooden desk”),
making object presence and absence explicit (e.g., reformulating “the girl is without a ping pong
paddle” into “her hands resting by her side”), and reinforcing contextual cues.

These findings suggest a promising research direction: fine-tuning LLMs or other prompt-rewriting
systems on pairs of naive user-provided prompts and failure-focused revisions. By learning systematic
transformations from short, underspecified, and loosely written prompts into precise, detailed, and
effective ones, rather than relying on random expansions, such models could reduce verification costs
and inference-time overhead, accelerating the discovery of high-quality prompts from the outset.

A.6 FUTURE WORK AND LIMITATIONS.

We believe our benchmark opens a new avenue for evaluating verifiers at the attribute level. We also
observe that prompts refined on one model often generalize well to others (see Appendix A). Building
on this insight, future work could explore fine-tuning LLMs or other prompt-rewriting models using
pairs of randomly expanded and failure-focused prompts as training assets, which reduce verification
overhead and inference-time costs, enabling more efficient discovery of effective prompts from the
start.

A.7 THE USE OF LARGE LANGUAGE MODELS

We only utilize Large Language Models (LLMs) to aid and polish our writing. However, they are not
used to the extent that they could be considered contributors or sources of research ideas.
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B BENCHMARK CONSTRUCTION AND EVALUATIONS

B.1 BENCHMARK CATEGORY

Details about benchmark constructions. Existing visual evaluation datasets are mostly limited
to human-preference annotations. While useful for coarse quality assessment, such datasets are
insufficient for our focus: selecting the best-aligned videos from among multiple misaligned can-
didates, which lies at the core of inference-time scaling. To address this limitation, we construct a
new benchmark explicitly tailored for inference-time scaling and use it to evaluate our verifier, its
ablations, and existing baselines. Beyond serving as a testbed for our study, this benchmark also
provides a valuable resource for future research on visual prompt-adherence verification.

In our benchmark, each prompt is paired with multiple generated videos, with at least one ground-truth
(GT) aligned reference and others containing slight misalignments, thereby forming a mid-quality
candidate pool. In total, the benchmark comprises 410 prompts. We collect prompts showcased in
demos of both popular open-source (Wan et al., 2025) and closed-source video models (Google
DeepMind, 2025; Kuaishou Technology, 2025), and categorize them into two broad groups: motion
(120 prompts) and physics (144 prompts). To further enrich the evaluation, we also adopt prompts
from VBench 2.0, spanning three fine-grained motion-related categories: dynamic attributes (47
prompts), motion order (68 prompts), and motion rationality (31 prompts). For each prompt, we
generate videos using multiple text-to-video models (xx, xxx) as well as image-to-video models,
ensuring the inclusion of both GT-aligned and misaligned outputs. Each video is independently
annotated by three human evaluators as GT or non-GT, and the final label is assigned by majority
vote.

Detailed analysis of verifiers on our benchmark per category. In addition to the overall accuracy
reported in Table 5 of the main manuscript, we present per-category accuracy in Table 9. As the
results show, EFC consistently achieves the highest accuracy across all categories. Compared to
the decomposed binary VQA baseline, which shares our decomposition strategy but replaces our
text-to-text verification with binary VQA, EFC yields a substantial performance gain, underscoring
the advantage of our text-based approach over visual QA methods. When compared to learned reward
models (i.e., MLLM-based verifiers fine-tuned on human-preference datasets), including VideoAlign
(the strongest among them and used as our tie-breaker), EFC still maintains a significant lead. Notably,
it achieves this performance without any additional training on preference datasets, but rather through
a systematic zero-shot verification process. Furthermore, we attribute this gap to the fact that reward
models are typically trained on human-preference data, where subtle aspects such as frame quality,
motion smoothness, or stylistic biases often dominate judgments, even when they are not directly
related to prompt adherence. In contrast, EFC focuses explicitly on verifying semantic alignment
with the prompt, making it both more accurate and interpretable.

Table 9: Quantitative results of verifier accuracy per prompt category on our constructed
dataset. Bold indicates the best result.

Dynamic Motion Motion Order

Method Motion  Physics Attributes  Rationality ~ Understanding Average
VisionReward (Xu et al., 2024) 0.650 0.569 0.319 0.662 0.452 0.571
UnifiedReward (Wang et al., 2025b)  0.492 0.507 0.298 0.588 0.581 0.498
VideoAlign (Liu et al., 2025a) 0.792 0.660 0.511 0.794 0.516 0.693
Decomposed binary VQA 0.733 0.667 0.617 0.809 0.613 0.700
PRIS (Ours) 0.792 0.764 0.638 0.838 0.677 0.763

While our study focuses on prompt-adherence verification, we believe that our verification framework
can be extended to other important axes of evaluation, such as motion quality, NSFW filtering, and
bias detection, by replacing prompt decomposition with task-specific decomposition strategies. This
flexibility offers promising directions for future research.
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C EXPERIMENTS DETAILS

C.1 DETAILED SETUP

For GenAlI-Bench, since many prompts within the same categories (e.g., counting, differentiation,
comparison, negation, universal) are similar but differ only in objects, we randomly subsample 20%
to reduce redundancy. For selecting k, we set k = N//4, as N//2 samples are first generated for
review before prompt revision, and half of them are used as top-performing seeds.

C.2 BASE MODEL SELECTION

To ensure that our study focuses on the effect of prompt redesign in inference-time scaling, we first
measure the degree of prompt adherence across candidate leading open-source video models such as
Wan, LTX, and Hunyuan. This step is necessary because if a model fails to follow the prompt at all,
there is little need to apply prompt redesign. Specifically, we compute the text embedding similarity
between the original prompt and the generated video caption. We use Qwen-32B for captioning
and employ the SentenceTransformer model (intfloat/e5-mistral-7b-instruct) to measure
embedding similarity. We present the similarity score in Table 10.

Table 10: Quantitative results of prompt adherence across different text-to-video models, used to
exclude base models with poor alignment and retain only those with acceptable adherence.

. Motion Motion Order  Dynamic
Metric Method Rationality =~ Understanding  Attribute Average

LTX 0.764 -0.153 -0.977 -0.122

VideoAlign Hunyuan 0.904 0.212 -0.775 0.114
Wan 1.475 0.940 -0.397 0.673

LTX 0.635 0.642 0.600 0.626

Text Similarity Hunyuan 0.678 0.671 0.616 0.655
Wan 0.717 0.702 0.631 0.683

Based on this analysis, we selected Wan as our primary video model, since it demonstrates a
reasonable level of prompt adherence while leaving room for improvement through verification and
redesign. In contrast, models such as LTX and Hunyuan were excluded, as their low adherence made
them unsuitable for evaluating prompt redesign at inference-time scaling, particularly on complex
prompts in VBench2.0 that involve status changes or multiple consecutive events within a single
video.
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D ADDITIONAL QUALITATIVE EXPERIMENTAL RESULTS

D.1 TEXT-TO-IMAGE GENERATION

We provide additional qualitative results beyond Figure 3, demonstrating that our prompt redesign
improves coherence of the final visual outputs under the same NFE budget (2000, as in the main
experiments). Specifically, our method excels on prompt sets with ambiguous attributes, numerical
details, or subtle constraints (e.g., “without,” “greater variety”), effectively elaborating them into
more faithful visual realizations than baselines. We compare the top-scoring outputs generated from
the original GenAl-Bench prompts (Table 15) with those from their expanded variants (marked with
*, Table 16).

“A pencil holder with more pens than pencils.”

A Y

“A bookshelf with no books, only picture frames.”

B

“In a bright bedroom, there are no yellow pillows on the bed.”

-
¢
!

-

more frustrated.”

Flux-1.dev BoN PRIS

Figure 15: Qualitative comparisons on T2I generation where visual generation is (initially) condi-
tioned on the original prompts.
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For complex prompts, our joint scaling of visuals and prompts more faithfully preserves the intended
semantics within the same compute budget by adaptively revising the prompts, unlike standard prompt
expansion that cannot target and identify the most difficult semantic elements.

“Two excited elephants to the right of a lost giraffe.”

o v

ping from one ller three to another larger tree.”

”

Flux-1.dev*

Figure 16: Qualitative comparisons on T2I geneation where visual generation is (initially) condi-
tioned on standard prompt expansion.
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D.2 TEXT-TO-VIDEO GENERATION

In addition to Figure 4, we present additional qualitative top-scoring examples in Figure 17. As
shown, our method more faithfully follows the intent of the original prompt. The final top-scoring
visuals generated with our PRIS demonstrate significantly stronger prompt adherence compared
to baselines. Specifically, BoN often misses key events or produces unnatural temporal order. For
example, it may depict only a single motion (e.g., morphing without differentiating “cleaning the
kitchen” in the 1st visual) or assign different motions to different people (in the 4th visual). BoN
also frequently fails to capture dynamic changes, generating only static states (3rd and 6th visuals).
Furthermore, BoN often does not correctly realize sequential actions, such as repeatedly attempting
to break chocolate pieces, whereas our method generates coherent sequences where the person both
attempts the action and displays the broken pieces (5th visual).

Motion order understandlng “A person is cleamng the kitchen, then they suddenly start moppmg the floor.”

BoN

PRIS
(Wan 2.1-1.3B) (Wan 2.1-1.38)

BoN

PRIS
(Wan 2.1-1.38) (Wan 2.1-1.3B)

BoN

PRIS
(Wan 2.1-1.38) (Wan 2.1-1.3B)

BoN

PRIS
(Wan 2.1-14B) (Wan 2.1-14B)

BoN

PRIS
(Wan 2.1-14B) (Wan 2.1-14B)

Dynamic attributes: “The moon changes from silver to yellow.”

Figure 17: Qualitative comparisons on T2V generation where visual generation is (initially)
conditioned on standard prompt expansion, with Wan2.1-1.3B (top) and Wan2.1-14B (bottom).

BoN

PRIS
(Wan 2.1-14B) (Wan 2.1-14B)
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D.3 MORE VISUALIZATIONS

We include an HTML file to the attached zip file. To explore the generated visuals and comparisons
with baselines alongside their corresponding prompts, please open visuals/index.html in a Chrome
browser (This file is located in the visuals directory within the attached zip file). This visualizes the
generated visuals, including images and videos, in the visuals/resources folder.
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