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Abstract. Unified multimodal models target joint understanding, rea-
soning, and generation, but current image editing benchmarks are largely
confined to natural images and shallow commonsense reasoning, offering
limited assessment of this capability under structured, domain-specific
constraints. In this work, we introduce GRADE, the first benchmark
to assess discipline-informed knowledge and reasoning in image editing.
GRADE comprises 520 carefully curated samples across 10 academic
domains, spanning from natural science to social science. To support
rigorous evaluation, we propose a multi-dimensional evaluation proto-
col that jointly assesses Discipline Reasoning, Visual Consistency, and
Logical Readability. Extensive experiments on 20 state-of-the-art open-
source and closed-source models reveal substantial limitations in current
models under implicit, knowledge-intensive editing settings, leading to
large performance gaps. Beyond quantitative scores, we conduct rigor-
ous analyses and ablations to expose model shortcomings and identify
the constraints within disciplinary editing. Together, GRADE pinpoints
key directions for the future development of unified multimodal models,
advancing the research on discipline-informed image editing and reason-
ing. Our benchmark and evaluation code are publicly released.
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1 Introduction

Recent years have witnessed rapid advances in unified multimodal models (UMMs),
i.e. models with unified abilities of multimodal understanding and image genera-
tion [6,10,23,32]. Modern UMMs are expected to integrate knowledge, structured
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Fig. 1: Examples of images generated by state-of-the-art editing models on
GRADE and their evaluation results. Challenging discipline-informed image edit-
ing exposes limitations of current models in complex knowledge reasoning. Notable
performance gaps exist across models on GRADE.

reasoning, and controllable generation within a single system. In this context,
several existing benchmarks [31,47] attempt to evaluate reasoning in image edit-
ing. They are predominantly grounded in natural image domains, where rea-
soning difficulty mainly arises from the implicitness or linguistic complexity of
prompts, and the underlying knowledge involved is typically shallow, relying
largely on everyday commonsense. As a result, these settings provide only a lim-
ited test of whether unified multimodal models can truly coordinate knowledge,
reasoning, and editing in a principled manner.

Inspired by prior work that introduces discipline-specific knowledge as a
challenging axis in multimodal understanding [24, 41] and text-to-image gen-
eration [20, 34] tasks, we argue that discipline-informed image editing offers a
more stringent and representative evaluation setting, as it requires models to
operate over structured discipline-informed knowledge, which is inherently more
demanding than everyday commonsense. In contrast to prior evaluation settings
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that assess discipline-specific knowledge grounding either through pure image
understanding or unconditioned image generation, image editing requires mod-
els to reason under domain constraints while preserving existing visual structures
and making precise modifications, suggesting greater challenges for UMMs.

Motivated by this gap, we introduce GRADE, which stands for Grounded
Reasoning Assessment for Discipline-informed Editing. GRADE is the first im-
age editing benchmark explicitly designed to evaluate discipline-informed rea-
soning. While prior benchmarks mainly emphasize the implicitness or linguis-
tic complexity of prompts, GRADE enriches knowledge and reasoning difficulty
through the challenging discipline-specific image domain. GRADE comprises 520
carefully curated samples spanning 10 academic domains, from natural sciences
to humanities and applied fields. They reflect practical image editing scenarios
such as assisting researchers or teaching assistants in correcting geometric dia-
grams, modifying chemical structures, or refining data visualizations, thereby
providing a comprehensive and challenging testbed for evaluating discipline-
informed reasoning in image editing. For the evaluation metrics, as shown in
Fig. 1, we introduce Discipline Reasoning for explicitly measuring discipline-
informed knowledge reasoning with fine-grained scoring points, Visual Consis-
tency for task-dependent consistency constraints, and Logical Readability for
evaluating logically clear and well-structured academic representations. These
dimensions provide a comprehensive evaluation framework that goes beyond
aesthetic quality and realism in general image editing to assess the rigor and
interpretability of discipline-informed image editing.

We evaluate 20 state-of-the-art (SoTA) image editing models on GRADE.
We observe that models with comparable performance on other benchmarks,
such as Nano Banana Pro [10] and GPT-Image-1.5 [23], exhibit markedly differ-
ent behaviors under discipline-informed editing (46.2% vs. 16.0%), highlighting
GRADE’s stronger discriminative power in probing implicit academic knowledge
and structured reasoning. We also observe a huge gap between open-source and
closed-source models, where the SoTA open-source model Qwen-Edit-2511 [35]
(2.7%) significantly lags behind closed-source SoTA.

Overall, implicit discipline-informed reasoning remains a major bottleneck
in current models. To further examine this limitation, we analyze representative
failure cases and compare implicit and explicit instruction formulations, provid-
ing additional diagnostic insights into current model behavior. In sum, GRADE
provides clear and actionable directions for the future advancement of UMMs
towards discipline-informed image editing and reasoning tasks.

Overall, our contributions are as follows:

1. We present the first discipline-informed image editing benchmark spanning
multiple academic domains, designed to rigorously evaluate knowledge grounding
and reasoning in image editing models.

2. We propose a multi-dimensional automated evaluation pipeline that is
scalable and exhibits strong alignment with human judgments.
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3. We conduct comprehensive analysis across a wide range of SoTA models,
revealing key limitations of current approaches and offering actionable guidance
for future research.

2 Related Work

2.1 Image Generation Models

Recent advances in image generation are primarily driven by diffusion-based
models [7,13], which serve as the foundation for modern text-conditioned synthe-
sis. Early text-to-image systems, such as VQGAN-based pipelines and cascaded
diffusion models [3,5], established the feasibility of aligning visual synthesis with
natural language descriptions, while subsequent works improved photorealism
and semantic faithfulness through large-scale training and refined conditioning
mechanisms [25,44].

More recently, a line of research has shifted toward unified generative frame-
works that aim to integrate language understanding, visual perception, and im-
age generation within a single model [6, 17, 32, 42]. Open-source efforts such as
OmniGen [38] emphasize accessibility and extensibility, enabling community-
driven exploration of unified generation capabilities. Meanwhile, large-scale pro-
prietary systems, including Gemini [33], Seedream [29], and recent OpenAI mod-
els [30], demonstrate strong visual quality and robustness through extensive data
and infrastructure support.

In addition, image editing models [18] such as Step-1X [19], Qwen-Image [35],
and others [45] further extend text-to-image frameworks by incorporating an in-
put image and a textual instruction to perform targeted modifications. While
recent models often produce visually plausible edits, their ability to handle
reasoning-intensive scenarios, particularly those requiring structured, domain-
specific knowledge, remains largely unexplored.

2.2 Image Editing Benchmarks

To enable systematic evaluation of generative models, a range of benchmarks [15,
39] have been proposed to assess visual quality [12, 26, 40] and semantic align-
ment [8, 14]. However, most existing image editing benchmarks rely on highly
explicit instructions that directly specify the required operations. ImgEdit [39]
primarily targets traditional editing tasks where the required operations are
explicitly specified and reasoning is not a central concern. As UMMs rapidly
advance, the community has placed increasing emphasis on evaluating their rea-
soning capabilities. More recent editing benchmarks begin to incorporate implicit
reasoning, but the involved knowledge is typically restricted to general-purpose
commonsense rather than disciplinary expertise. RISEBench [47] categorizes rea-
soning into temporal, causal, spatial, and logical types, while KRISBench [36] or-
ganizes reasoning knowledge based on cognitively motivated taxonomies. While
these benchmarks effectively assess general reasoning, they do not focus on the
assessment of disciplinary knowledge in editing.
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Fig. 2: Overview of GRADE. GRADE contains 520 discipline-informed image edit-
ing samples across ten academic disciplines.

2.3 Discipline-Specific Benchmarks

Disciplinary knowledge is widely regarded as one of the most challenging forms
of reasoning and has been extensively explored in previous benchmarks. In mul-
timodal understanding, MMMU [41] evaluates multimodal reasoning across six
broad discipline categories spanning over thirty disciplines. Similarly, HLE [24]
includes image-related tasks that require PhD-level, multi-disciplinary under-
standing, emphasizing high-difficulty academic reasoning in visual comprehen-
sion. In the text-to-image setting, MMMG [20] and Sridbench [4] focus on disci-
plinary concept illustration, and GenExam [34] further explores generation tasks
grounded in professional disciplinary knowledge. Despite these advances, disci-
plinary reasoning remains largely unexplored in the image editing setting, which
requires tighter integration of knowledge understanding, reasoning, and editing
capabilities.

3 GRADE Benchmark

3.1 Overview

Data Source. Each sample in our dataset is organized as an image editing
triplet, consisting of an input image, a textual editing instruction, and a cor-
responding GT image. Given the specialized and technically demanding nature
of disciplinary knowledge, we adopt a carefully designed data construction and
filtering pipeline to ensure both rigor and reliability. For the majority of the
dataset, six annotators with academic backgrounds in relevant disciplines source
concept-grounded images from open textbooks, websites and other reference ma-
terials, then manually edit them to create input-GT pairs and design correspond-
ing instructions, followed by cross-validation by two additional experts. For the
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remainder, we first apply an automated pipeline to coarsely filter suitable sam-
ples from MMMU [41], followed by manual curation where two experts select
final samples and design editing instructions. The resulting data then undergoes
cross-validation by two additional experts. Additional details on data collection
are provided in the supplementary material.

Taxonomy. Fig. 2 illustrates the data distribution of our dataset along with
representative examples. Our dataset covers 10 academic disciplines, including
mathematics, physics, chemistry, biology, history, geography, sports, music, com-
puter science, and economics. To further capture fine-grained knowledge struc-
tures, we introduce a hierarchical categorization scheme by defining second-level
sub-disciplines within each primary domain. For example, within the mathemat-
ics domain, we distinguish sub-disciplines such as plane geometry, solid geometry,
functions, graph and statistics, each targeting distinct forms of domain-specific
knowledge and reasoning patterns. Similar hierarchical decompositions are ap-
plied across other disciplines to better reflect the diversity of academic concepts
encountered in real-world editing scenarios. The detailed sub-discipline taxon-
omy for all ten disciplines is provided in the supplementary material.

3.2 Evaluation Metrics

As the reasoning difficulty shifts toward complex discipline-informed knowledge,
the design and rigor of evaluation become increasingly critical. To this end, we
evaluate image editing performance along three dimensions: Discipline Reason-
ing, Visual Consistency, and Logical Readability. Together, these complementary
dimensions provide a comprehensive assessment of editing quality, covering both
reasoning correctness and low-level visual quality. The overall evaluation pipeline
is illustrated in Fig. 3.

Discipline Reasoning. We evaluate reasoning performance by assessing whether
edited results correctly reflect the underlying disciplinary knowledge, which is
central to the validity of discipline-informed image editing. Relying solely on
human evaluation is costly and difficult to scale, while MLLM-as-a-judge [46]
approaches based on a single instruction often lead to unstable judgments. In
practice, such prompts may inadequately capture all required criteria, resulting
in high sensitivity to phrasing and limited reproducibility across evaluations.

Therefore, inspired by previous approaches [34, 43], we adopt a structured,
question-guided evaluation strategy. For each sample, we use GPT-5 [30] to
generate weighted binary questions aligned with required disciplinary knowledge,
with all weights summing to one. Two human experts with relevant disciplinary
knowledge independently examine all scoring points, and the results are cross-
validated by a third expert. During evaluation, we use Gemini-3-Flash [9] to
assess the edited result by explicitly referencing these scoring points together
with the GT image. The final reasoning score for each sample is computed as
a weighted aggregation of the judge’s responses, yielding a normalized score
between 0 and 1. By decomposing discipline-informed reasoning into explicit,



GRADE 7

Inputs

Original Image
+

Editing Instruction

Edited Result

Edited

(B) Visual Consistency

Classify

Task

Localized

Style

Independence + Corresponding 
Evaluation Prompt

Consistency Score
(0/1/2)

Pre-evaluation Setup

Human Review 
& Refine

Weighted 
Aggregation

Reasoning

Score
(0-1)

Assign 
Weights

Q1 0.15

Q2 0.35

Q3 0.50

Answers Each Point

Pre-evaluation Setup

Generate Binary 
Scoring Points

Q1

Y/N

Q2 Q3

Y/N Y/N

(C) Logical Readability

Readability Score
(0/1/2)

Spelling/Text Correctness

Evaluate Logical Clarity

Annotations/Legends

Ambiguity/Vagueness

Style

(A) Discipline Reasoning

Score
Aggregation

Gemini-3-Flash

Gemini-3-Flash

Gemini-3-Flash

GPT-5

Fig. 3: Evaluation pipeline. We evaluate edited results on (A) Discipline Reason-
ing via weighted, question-guided MLLM judging, (B) Visual Consistency with task-
specific prompts (localized/style/independence), and (C) Logical Readability for clarity
and text/annotation correctness.

verifiable criteria, the question-guided protocol enables targeted evaluation of
whether models correctly understand and apply disciplinary concepts.

Visual Consistency. Visual consistency is a fundamental aspect of image edit-
ing quality, as it reflects whether an edit integrates coherently with the intended
visual structure [36,47]. However, consistency requirements are inherently task-
specific and vary across different editing scenarios. To this end, we categorize
consistency evaluation into three types:

1. Localized Consistency. This type applies to localized editing tasks, where
only specific regions or elements are expected to change. For example, when com-
pleting missing entries in a timeline or adjusting curves in an economics diagram,
all unrelated visual elements (i.e. elements not mentioned in the editing instruc-
tion) should remain unchanged. Consistency is satisfied only if modifications are
confined to the target components.

2. Style Consistency. This type applies to global edits where the overall struc-
ture is modified, which can be viewed as style-consistent image-to-image gener-
ation. These tasks do not require local consistency of certain elements, but the
visual representation style should be preserved. For instance, when editing a
chemical reaction diagram, the resulting molecule is expected to maintain the
original bond-line representation rather than switching to alternative styles such
as ball-and-stick models.

3. Consistency Independence. This category applies to scenarios where con-
sistency with the original image is not required, resembling general image-to-
image generation. For example, given a rendered image of a mechanical part, the
task may require generating its engineering orthographic views. In such cases,
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the edited output is expected to follow domain-specific representation standards
rather than preserve visual consistency with the input image.

The taxonomy was finalized through consensus among multiple annotators to
minimize subjective bias. Based on these three categories, we design correspond-
ing evaluation prompts to evaluate visual consistency. Each sample is assigned
a consistency score of 0/1/2.
Logical Readability. Readability generally refers to whether an edited image
can be clearly interpreted by a human viewer. Unlike natural image editing,
where perceptual realism and visual sharpness are often sufficient, discipline-
informed editing places stronger emphasis on whether knowledge is expressed in
a logically coherent and structurally sound manner. An image that appears clear
at a perceptual level may still fail to convey correct or interpretable academic
meaning if its logical structure is flawed or its representations are ambiguous. For
instance, curves in a diagram should be visually distinguishable, accompanied
by clear annotations or legends, use correct and consistent textual labels, and
follow a coherent representational convention to support reliable interpretation in
academic contexts. Accordingly, we introduce a criterion for discipline-informed
editing to assess whether the edited image presents discipline-specific content in
a clear, logically consistent, and interpretable form. Each edited result is assigned
a readability score of 0/1/2.
Score Aggregation. Inspired by prior benchmark designs, we adopt an overall
accuracy that requires joint satisfaction of all evaluation criteria [47]. A sample
is considered correct only if the model achieves the maximum score in all three
dimensions; otherwise, it is counted as a failure. Additionally, we report a re-
laxed score that summarizes performance via criterion-wise aggregation [21]. The
relaxed score is computed as a weighted average of the three evaluation dimen-
sions. We first normalize each dimension to range [0, 100], and assign weights
of 0.6, 0.3, and 0.1 to Discipline Reasoning, Visual Consistency, and Logical
Readability, respectively.

4 Experiment

We conduct extensive experiments on our benchmark using a diverse set of 20
state-of-the-art models, including 10 closed-source models and 10 open-source
models. The evaluated models cover both unified multimodal models, such as
GPT-Image-1.5 [23] and Nano Banana [9], as well as specialized image editing
models, including Qwen-Edit [35] and FLUX [16]. Our automated evaluation uses
Gemini-3-Flash [9] as the judge. We systematically analyze model performance
across evaluation dimensions, with human alignment and ablation experiments
to further interpret model behavior and evaluation reliability.

4.1 Main Result

The performance of all evaluated models across individual dimensions and overall
scores is summarized in Table 1. Among all the evaluated models, Nano Banana
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Table 1: Performance comparison of different models across individual evaluation
dimensions (normalized to 0-100) and the overall accuracy.

Model Reasoning Consistency Readability Accuracy

▼ Closed Source Models

Nano Banana Pro [10] 77.5 89.5 95.8 46.2
Nano Banana 2 [11] 72.6 86.4 95.9 39.6
Seedream 5.0 [28] 64.1 87.5 90.6 24.7
GPT-Image-1.5 [23] 54.5 82.3 90.7 16.0
FLUX.2 Max [16] 47.8 67.2 68.6 11.9
Nano Banana [33] 42.2 75.1 82.0 9.0
Seedream 4.5 [27] 41.3 55.6 82.1 6.9
GPT-Image-1.0 [22] 44.0 65.2 82.3 6.0
FLUX.2 Pro [16] 38.9 55.5 70.3 4.4
Seedream 4.0 [29] 32.4 53.2 77.0 3.1

▼ Open Source Models

Qwen-Edit-2511 [35] 18.6 45.2 52.1 2.7
Step-1X (think+reflect) [19] 19.2 57.2 66.9 2.3
FLUX.2 dev [16] 23.0 56.4 69.0 2.1
Step-1X (think) [19] 17.6 56.3 68.2 1.4
DreamOmni [37] 17.4 83.2 89.1 1.0
Step-1X [19] 17.3 52.8 63.7 1.0
Bagel [6] 15.2 58.6 69.8 0.6
Bagel (think) [6] 15.6 54.8 67.8 0.2
ICEdit [45] 9.8 33.2 56.5 0.2
OmniGen [38] 9.7 33.6 51.6 0.0

Pro [10] achieves the strongest overall performance, exhibiting clear advantages
across all three dimensions with an accuracy of 46.2%. Notably, Nano Banana
Pro and Nano Banana 2 significantly surpass other systems such as Seedream 5.0
(24.7%). Despite this margin, current models can only attain an accuracy below
50%, indicating that even the best-performing model fails to satisfy all discipline-
informed editing requirements in more than half of the cases. Interestingly, mod-
els such as Nano Banana Pro, GPT-Image-1.5, and Seedream 5.0, which achieve
comparable performance on existing benchmarks [1,47], exhibit substantial per-
formance differences on GRADE (46.2% vs. 16.0% vs. 24.7%), highlighting the
stronger discriminative ability of GRADE in assessing knowledge-intensive rea-
soning in image editing.

Moreover, closed-source models consistently outperform open-source ones,
where the best-performing open-source model, Qwen-Edit-2511 [35] (2.7%), re-
mains lower than all closed-source models, and most open-source models like
OmniGen [38], Bagel [6], and FLUX.2 dev [16] only achieve near-zero or zero
accuracy. As shown in Tab. 3, under the relaxed score, a similar performance
gap between closed-source and open-source models is still observed, with most
closed-source models scoring above 40% while open-source models largely remain
below this level.
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Table 2: Performance of different models across disciplines.

Model Phy Sports Chem Math Music Econ Hist Geo Bio Comp

▼ Closed Source Models

Nano Banana Pro [10] 53.1 36.4 42.7 37.5 54.2 61.7 29.6 37.5 55.6 57.1
Nano Banana 2 [11] 35.9 31.8 44.0 33.9 37.5 71.7 22.2 21.9 38.9 42.9
Seedream 5.0 [28] 25.0 18.2 36.0 18.8 20.8 20.0 3.7 15.6 45.3 32.1
GPT-Image-1.5 15.6 13.6 24.0 9.8 4.2 20.0 0.0 25.0 22.2 17.9
FlUX.2 Max [16] 3.1 9.1 21.3 7.1 12.5 3.3 3.7 12.5 29.6 21.4
Nano Banana [33] 1.6 4.6 12.0 6.3 16.7 15.0 3.7 9.4 13.0 14.3
Seedream 4.5 [27] 7.8 9.1 10.7 6.3 4.2 6.7 0.0 3.1 11.3 0.0
GPT-Image-1.0 [22] 9.4 0.0 8.0 4.5 0.0 5.0 0.0 3.1 11.1 14.3
Flux.2 Pro [16] 4.7 4.6 6.7 4.5 0.0 1.7 0.0 6.3 5.6 7.1
Seedream 4.0 [29] 0.0 2.3 5.3 4.5 4.2 3.3 0.0 3.1 3.8 0.0

▼ Open Source Models

Qwen-Edit-2511 [35] 0.0 0.0 0.0 9.8 0.0 0.0 0.0 6.3 0.0 3.6
Step-1X [19] (think+reflect) 0.0 0.0 1.3 1.8 8.3 1.7 7.1 0.0 7.4 0.0
FLUX.2 dev [16] 0.0 2.3 1.3 3.6 4.2 0.0 0.0 3.1 5.6 0.0
Step-1X [19] (think) 0.0 0.0 2.7 0.0 4.2 0.0 3.7 6.3 1.9 0.0
DreamOmni [37] 0.0 0.0 1.3 0.0 4.2 1.7 0.0 0.0 3.7 0.0
Step-1X [19] 1.6 0.0 0.0 0.0 0.0 0.0 3.7 6.3 0.0 0.0
Bagel 0.0 0.0 1.3 0.0 4.2 0.0 0.0 0.0 1.9 0.0
Bagel [6] (think) 0.0 0.0 0.0 0.9 0.0 0.0 0.0 0.0 0.0 0.0
ICEdit [45] 0.0 0.0 0.0 0.0 0.0 1.7 0.0 0.0 0.0 0.0
OmniGen [38] 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

From a dimension-wise perspective, the results reveal clear and consistent
performance disparities across models. Closed-source models substantially out-
perform open-source ones: Nano Banana Pro achieves 77.5% in Reasoning, markedly
higher than Seedream 5.0 (64.1%) and GPT-Image-1.5 (54.5%), while the best
open-source model, Qwen-Edit-2511, reaches only 18.6%. Notably, even among
closed-source models, reasoning ability varies significantly, with Nano Banana
Pro exceeding Seedream 5.0 by 13.4%, indicating that discipline-informed edit-
ing exposes fine-grained differences in academic reasoning capability. In contrast,
Visual Consistency and Logical Readability function as constraint-oriented cri-
teria rather than ranking-oriented metrics. While many models achieve moder-
ate scores on these dimensions, they play a critical diagnostic role by exposing
distinct failure modes. For example, FLUX.2 dev exhibits a notably low con-
sistency score (17.6%), indicating severe violations of instruction-scoped edit-
ing constraints and unintended structural modifications. Conversely, although
DreamOmni [37] attains relatively high Visual Consistency scores (83.2%) and
Logical Readability scores (89.1%), its overall performance remains low, largely
because the model favors minimal or no changes to preserve the original image.
These two dimensions complement Discipline Reasoning by enforcing structural
and representational constraints, ensuring that high reasoning scores reflect valid
and interpretable edits rather than superficial solutions.

As shown in Tab. 2, across disciplines, clear performance disparities emerge.
Nano Banana Pro consistently achieves the highest scores across nearly all disci-
plines, indicating robust and stable discipline-informed reasoning rather than iso-
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Table 3: Relaxed Score of different models across subjects.

Model Phy Sports Chem Math Music Econ Hist Geo Bio Comp Relaxed
Score

▼ Closed Source Models

Nano Banana Pro [10] 84.0 75.7 85.6 75.9 82.8 89.5 81.7 80.5 89.0 90.1 82.9
Nano Banana 2 [11] 77.2 68.8 83.2 74.7 76.7 92.6 75.5 76.2 83.2 78.1 79.1
Seedream 5.0 [28] 74.1 72.9 79.7 67.4 62.6 79.5 66.2 71.5 82.6 74.8 73.7
GPT-Image-1.5 [23] 60.8 67.8 72.9 58.5 62.3 72.1 53.8 77.1 74.2 69.0 66.5
Nano Banana [33] 56.9 58.1 58.7 49.3 44.5 59.5 54.3 56.7 63.4 60.5 56.0
FLUX.2 Max [16] 54.7 56.0 63.2 45.4 38.6 53.0 64.2 60.6 69.7 57.8 55.7
GPT-Image-1.0 [22] 55.4 56.7 61.9 43.3 51.5 57.8 44.5 58.4 60.2 58.0 54.2
Seedream 4.5 [27] 53.6 54.4 57.4 40.5 40.7 55.8 35.6 43.2 60.2 44.9 49.7
FLUX.2 Pro 46.6 54.0 50.6 43.3 28.0 36.0 43.7 55.2 59.3 53.7 47.0
Seedream 4.0 [29] 41.8 51.8 48.1 36.0 32.4 49.3 28.9 41.7 49.3 47.2 43.1

▼ Open Source Models

DreamOmni [37] 40.6 52.7 50.6 40.1 47.4 44.9 35.5 35.9 47.0 48.9 44.3
FLUX.2 dev [16] 34.3 54.3 34.0 37.0 34.8 32.8 40.4 42.9 37.1 36.7 37.6
Step-1X [19] (t+r) 31.1 45.3 33.6 30.6 32.1 29.2 54.3 44.8 43.1 25.6 35.4
Step-1X [19] (think) 30.9 45.0 34.0 29.3 31.7 27.5 49.8 48.7 38.1 23.7 34.3
Bagel [6] 27.7 44.3 35.4 34.3 34.4 27.2 38.5 35.2 34.0 30.7 33.7
Step-1X [19] 30.2 41.8 27.0 27.9 32.0 29.3 50.8 45.8 35.0 27.5 32.6
Bagel [6] (think) 28.2 43.5 32.2 29.9 35.4 28.7 41.7 25.1 34.8 37.4 32.6
Qwen-edit-2511 [35] 27.7 45.1 13.7 39.5 19.8 28.6 36.9 33.0 27.5 23.9 30.0
ICEdit [45] 18.9 37.1 18.6 19.5 30.6 22.9 12.3 24.9 19.6 16.3 21.5
OmniGen [38] 19.5 44.0 15.7 15.3 30.0 11.5 24.8 23.4 21.2 31.8 21.1

lated domain strengths. Specifically, STEM-oriented disciplines such as Physics,
Biology, and Mathematics exhibit the strongest differentiation: for example, in
Physics, Nano Banana Pro achieves 53.1%, notably higher than Seedream 5.0
(25.0%) and GPT-Image-1.5 (15.6%), with similar gaps observed in Biology
(55.6% vs. 45.3% and 22.2%, respectively). In contrast, humanities-related disci-
plines, particularly History and Geography, remain challenging even for closed-
source models, with accuracy dropping sharply (e.g., Nano Banana Pro attains
only 29.6%). Meanwhile, open-source models largely fail across disciplines, with
accuracy frequently at or near zero.

4.2 Human Alignment

We analyze the alignment between our automated evaluation pipeline and hu-
man judgment on 68 samples uniformly sampled across disciplines, using outputs
from three representative models (Nano Banana Pro, GPT-Image-1.5, Qwen-
Edit-2511), where results are averaged across models and examined separately
for each evaluation dimension. Human experts are required to follow the eval-
uation protocol to rate the generated images of Discipline Reasoning, Visual
Consistency and Logical Readability. We collect annotations from five human
experts and use the averaged human scores to mitigate individual bias. The
alignment between human judgments and automated scores is measured using
both mean absolute error (MAE) and standard deviation (STD), all values are
normalized to the [0, 1] range. As shown in the last row of Tab. 4, the MAE val-
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ues across all three dimensions are around 10% while the STD remains relatively
stable across dimensions, indicating consistent variance in scoring deviations.

Table 4: Alignment between automated evaluation and human judgments.
We report mean absolute error (MAE) and standard deviation (STD) of three evalua-
tion dimensions.

Judge Model Reasoning Consistency Readability

MAE (↓) STD (↓) MAE (↓) STD (↓) MAE (↓) STD (↓)

Qwen3-VL-235B 0.1798 0.3504 0.1231 0.3523 0.0838 0.2944
GPT-5 0.1519 0.3227 0.1677 0.4386 0.1221 0.3638
Gemini-3-Flash 0.1194 0.2834 0.0954 0.3047 0.0838 0.2944

4.3 Ablation Study

Judge Model. To study the impact of the judging model, we compare sev-
eral commonly used MLLMs for automated evaluation, including an open-source
model (Qwen3-VL-235B-Instruct [2]) and a closed-source model (GPT-5 [30]),
against our default judge, Gemini-3-Flash [9]. All judges are evaluated on the
same 68-sample subset by measuring their alignment with human annotations
in Sec. 4.2. As shown in Tab. 4, Gemini-3-Flash consistently achieves the lowest
MAE across all three evaluation dimensions, indicating the strongest alignment
with human judgments. It also exhibits the lowest STD, reflecting more sta-
ble and consistent scoring behavior across samples. These results indicate that
Gemini-3-Flash provides a reliable approximation of human evaluation and is
well-suited for use as the judging model in our automated evaluation pipeline.
Instruction Explicitness. All instructions in our benchmark are designed to
require implicit reasoning. For example, an instruction may ask for the product
of a chemical reaction given a molecular structure, without explicitly describ-
ing how the structure should be transformed. To study the role of instruction
formulation, we convert all instructions into explicit versions that directly spec-
ify the required knowledge-driven edits, while keeping the input and ground
truth images unchanged. We select one open-source model (Qwen-Edit-2511)
and one closed-source model (Nano Banana 2) with moderate overall perfor-
mance on the full benchmark for this ablation study. Their performance under
implicit and explicit instructions on the 68-sample subset is reported in Tab. 5.
As shown, making the instructions explicit consistently improves performance
for both models. The largest gains among the three metrics are observed in Dis-
cipline Reasoning, where Nano Banana 2 improves from 67.9% to 89.7% and
Qwen-Edit-2511 from 18.9% to 44.7%. Overall, the open-source model Qwen-
Edit-2511 exhibits a larger relative improvement, with accuracy increasing from
1.5% to 8.8%, suggesting that open-source models rely more on explicit guidance
than closed-source models, reflecting a larger gap in implicit reasoning capability.
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Table 5: Ablation study on instruction explicitness.

Model Reasoning Consistency Readability Accuracy
Nano Banana 2 67.9 83.8 95.6 35.3

w/ explicit inst. 89.7 93.0 95.5 65.7
Qwen-Edit-2511 18.9 40.0 47.8 1.5

w/ explicit inst. 44.7 60.0 81.6 8.8

4.4 Case Study

As shown in Fig. 4, we present a qualitative case study of six representative
models that achieve relatively strong overall performance on the benchmark,
including three closed-source (Nano Banana Pro, GPT-Image-1.5 and Seedream
5.0) and three open-source models (Qwen-Edit-2511, Step-1X (think+reflect)
and DreamOmni).

For the example above, the diagram suggests that both Nano Banana Pro
and GPT-Image-1.5 demonstrate an understanding of the concepts of the gen-
eratrix and the axis of rotation. Based on these cues, they further infer that the
resulting shape should exhibit the characteristic geometry of being narrow at
the top and bottom while wider in the middle. However, neither model is able
to precisely reason about the spatial relationship between the generatrix and
the rotation axis, and thus fails to conclude that the correct result should be an
hourglass-shaped solid composed of two standard cones. Meanwhile, Seedream
5.0 correctly recognizes the concept of a solid of revolution but incorrectly infers
the resulting shape to be a single cone. The remaining three open-source models
fail to demonstrate an understanding of solids generated by rotation in three-
dimensional space, indicating a clear limitation in spatial reasoning related to
rotational geometry.

The other example further challenges the model’s integrated reasoning capa-
bilities. The model must first identify the missing text region, infer the underlying
historical event, and then insert the corresponding textual content. Interestingly,
we observe an unexpected phenomenon: none of the strong closed-source models
correctly identified the missing position. Instead, they tended to insert additional
information into other available empty spaces in the figure. In contrast, some
of the open-source models (e.g., Qwen-Edit-2511 and Step-1X (think+reflect))
were able to correctly infer where the missing text should be placed, yet failed
at the knowledge reasoning stage, leading to the incorrect identification of the
corresponding year and historical event.

4.5 Error Analysis

Testing models’ knowledge-based reasoning is the core of our benchmark. As
illustrated in Fig. 5, we conduct a targeted error analysis of Nano Banana Pro
to examine why current SoTA models still fall short, jointly analyzing its final
outputs and chain-of-thought process. This enables us to pinpoint systematic



14 M. Liu et al.

Image GT Nano Banana Pro GPT-Image-1.5 Seedream 5.0

Qwen-Edit-2511 Step-1x (think+reflect) DreamOmni

Prompt
Draw the solid of revolution of the figure in
the diagram.
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Prompt
At the single red time point with missing
information, supplement the correct historical
event and its corresponding time using text
only. Keep all other elements unchanged.
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Fig. 4: Qualitative comparison of six representative high-performing models.

bottlenecks across perception, knowledge grounding, procedural execution, and
synthesis, revealing whether failures stem from input misperception, inadequate
knowledge retrieval, breakdowns in multi-step reasoning, or constraint violations
during generation. We categorize them into four representative error types:
(1) Image Recognition Error. The model fails to robustly extract what each
symbol is, where it is, and how elements align/connect in dense, structured
visuals, so downstream reasoning is grounded on a wrong perceptual parse.
(2) Knowledge Error. When an image follows a discipline-specific canonical
template (e.g., orbital energy diagrams, reaction-mechanism arrows, chart axes
semantics, anatomical labels, geometric construction rules), failing to trigger the
relevant priors makes the model treat the task as generic "shape completion/node
adding," producing elements that are semantically invalid for the system.
(3) Reasoning Process Error. The model correctly recognizes entities and
identifies the right methodology (e.g., shortest paths, conservation laws, gram-
mar rules, geometric theorems), yet deviates during multi-step execution by
missing constraints, state updates, or selection criteria, treating intermediate
artifacts as final results.
(4) Generation Process Error. The model can correctly plan the target and
constraints ("what to keep" and "which attributes must remain fixed"), but in
final image synthesis, these are not reliably enforced at low-level control, so the
output drifts due to priors, global style consistency, or pattern copying.
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(a) Image Recognition Error

Model CoT: … to resolve 
the C sus4 chord, which 
I've defined as containing 
the notes C4, F4, and 
G4 …

Error: The chord should be E 
sus4 and it is composed by 
E4, A4, B4.

Analysis: The model 
incorrectly identified the 
root note as C, while it 
should be E.

Failure Stage Summary: Perception

Violated Constraint: Incorrect feature detection

Key Error Reason: The model misidentifies key object 
features, such as location, shape, and structure, which 
results in its wrong reasoning process.

(b) Knowledge Error

Failure Stage Summary: Knowledge

Violated Constraint: Factual inconsistency

Key Error Reason: The model lacks the necessary 
knowledge to solve the problem or has failed to match 
the knowledge with existing knowledge.

(c) Reasoning Process Error

Failure Stage Summary: Reasoning

Violated Constraint: Flawed logical steps

Key Error Reason: The model recognizes the images 
and relevant knowledge but makes reasoning errors 
that lead to incorrect results.

(d) Generation Process Error

Failure Stage Summary: Generation

Violated Constraint: Inaccurate output format

Key Error Reason: The model's reasoning process and 
answer are completely correct; however, the generator 
cannot draw the correct image.

Model CoT: … the shortest 
path tree: (0, 1), (1, 2), (0, 3), 
(2, 5), (5, 4), and (4, 6), 
which must be 
highlighted ...

Error: The edge (0,3) should 
not exist in the shortest path.

Analysis: (0,3) has been 
visited and should be removed 
from the shortest path, but it 
isn’t.

Model CoT: … 
goalkeeper's yellow
jersey is also accurately 
rendered ...

Error: The goalkeeper's 
jersey should be yellow, but 
the model generates a white
one.

Analysis: The generator may 
have been influenced by 
other jerseys, causing its 
unexpected result.

Model CoT: I'm adding two 
new circular nodes 
labelled '6f' and '7d' , into 
the diagram ...

Error: According to the 
knowledge of energy levels, 
the missing labels should be 
3p and 4d.

Analysis: The model 
disregarded energy levels 
and inserted two irrelevant 
elements.

s

Prompt: Resolve the suspended fourth (sus4) chord to a major triad by lowering the fourth scale degree to the 
third. Realign the noteheads into a vertical stack, eliminating the horizontal offset.

Prompt: Please add the two missing circular nodes for the sublevels in the diagram, ensuring their position and 
style are consistent with the existing arrangement.

Prompt: Please draw the final path of Dijkstra's algorithm starting from node 0 in the diagram, and mark both the 
path and the nodes in yellow.

Prompt: Use white jerseys to illustrate 4-3-3 formation in soccer.

Input                       GT Model Output Input                       GT Model Output

Input                       GT Model Output Input                       GT Model Output

Fig. 5: Error analysis of Nano Banana Pro. GT: Ground truth image. Error types
include: (a) Image recognition error: mis-parsed structural cues. (b) Knowledge error:
failure to activate domain-specific priors produces semantically invalid elements. (c)
Reasoning process error: correct methodology but flawed multi-step execution violates
constraints. (d) Generation process error: correct planning but failure to enforce hard
constraints during synthesis.

5 Conclusion

In this work, we present GRADE, a discipline-informed image editing bench-
mark that systematically evaluates editing performance grounded in discipline-
informed knowledge across ten academic disciplines. GRADE comprises 520
carefully constructed samples of 10 disciplines and provides a multi-dimensional
evaluation protocol that demonstrates strong alignment with human judgments.
Through extensive experiments on a wide range of models, our benchmark re-
veals substantial performance gaps, particularly in applying discipline-informed
reasoning under implicit instructions. These results highlight persistent limita-
tions of current models in handling structured academic knowledge beyond visual
realism, and point to the need for future unified multimodal models to better
integrate discipline-informed knowledge, reasoning, and editing.
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