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Abstract. Unified Multimodal Models (UMMs) consolidate visual un-
derstanding, image generation, editing, and interleaved image-text in-
teraction, yet their evaluation increasingly depends on VLM-as-a-judge
scoring that shifts as judges, prompts, or model versions evolve — a
problem we term evaluation drift. We present SpecV, a specification-
verification framework for robust unified multimodal evaluation. SpecV
replaces holistic scoring with the Specification Verification Proto-
col, which decomposes each prompt into atomic, binary specifications
and verifies them against model outputs, improving cross-judge agree-
ment and stability while preserving alignment with human judgments.
To produce reliable specifications, we propose Specification Ensem-
ble and Refinement, a multi-model pipeline that aggregates candidate
specifications, deduplicates them semantically, and filters for verifiabil-
ity and relevance. We also introduce SpecV-Bench, a 1,200-instance
benchmark covering six core UMM tasks with sub-tracks of increasing
constraint complexity, enabling fine-grained analysis of capability trade-
offs and failure modes. Across extensive experiments with multiple judge
models, SVP consistently reduces ranking flips and improves evalua-
tion reproducibility. Benchmark is available at https://github.com/
yuyouxixi/SpecV.

Keywords: Unified multimodal models - Evaluation drift - Specification
verification

1 Introduction

Unified multimodal models (UMMSs) [64(9}/10(13l/161/17,[33./36] are converging pre-
viously isolated capabilities into single systems, spanning visual understanding,
text-to-image generation, image editing, and interleaved image-text generation.
Recent models such as Nano Banana [13] and Bagel [9] can already perform
many of these tasks within a single architecture. However, this convergence
makes evaluation harder, not easier: the majority of core UMM tasks are in-
herently open-ended with no single correct answer, requiring quality judgments
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Fig. 1: Showcases of ranking changes using different evaluation VLMs under SVP and
holistic scoring evaluation in the SpecV-Bench editing task.

that are far harder to stabilize than reference-based checking. Since these tasks
dominate the UMM capability landscape, the fragility of open-ended evaluation
becomes a central bottleneck for the credibility of unified benchmarking. This
raises a natural question: how should we evaluate these models both holistically
and reliably?

Recent unified benchmarks have made substantial progress
on task coverage, bringing understanding, generation, and coupled tasks into
single evaluation suites. Their evaluation protocols, however, remain fragmented,
each inheriting the conventions of its originating sub-community. MME-Unify |38]
converts understanding tasks to multiple-choice format and uses CLIP-based |31
matching for generation; RealUnify pairs direct assessment with stepwise di-
agnostic decomposition. These inherited protocols carry well-known limitations:
discriminative formats suffer from choice-set bias, while reference-based metrics
such as CLIP score and FID remain insensitive to fine-grained com-
positional semantics. These shortcomings have driven the community toward
VLM-as-a-Judge evaluation, in which a vision-language model directly scores
or ranks model outputs, valued for its semantic flexibility and ability to handle
diverse output formats without hand-crafted candidate sets.

VLM-as-a-Judge addresses the flexibility problem, but it does not resolve the
fragility of open-ended evaluation identified above; in fact, it introduces new in-
stabilities. Because holistic scoring compresses a multi-dimensional output into a
single scalar, the resulting score is sensitive to superficial variation: minor prompt
rewording alone can shift rankings, and the judge model itself may hallucinate
or misinterpret visual content. These problems compound in practice, as judge
models are periodically retrained and their system prompts revised, meaning
a newer version may weight evaluation criteria differently without any explicit
notification. We call this phenomenon evaluation drift: benchmark scores shift
not because the models under test have changed, but because the evaluation
instrument itself has. Any robust unified evaluation framework must explicitly
guard against it.

In this paper, we introduce SpecV (Specification Verification), a unified
evaluation framework designed to address this challenge by reformulating open-
ended assessment as a specification verification problem. Rather than asking
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a judge model to assign a holistic score, SpecV decomposes each evaluation
instance into a set of fine-grained, binary questions derived from the original
prompt, each targeting a single verifiable aspect of the expected output. We
refer to each such question as a specification, and the evaluation reduces to
checking whether the model output satisfies each one. We operationalize this idea
through the Specification Verification Protocol (SVP), the core scoring
mechanism within SpecV. Through large-scale experiments with multiple judge
models, SVP yields substantially higher cross-judge agreement and stability than
holistic scoring, while maintaining strong correlation with human judgments. As
illustrated in Fig. [I, SVP produces identical model rankings across all five judge
models, whereas holistic scoring yields highly inconsistent orderings under the
same set of judges.

Constructing high-quality specifications is itself nontrivial. Specifications pro-
duced by a single model may exhibit systematic blind spots: some models empha-
size color and style, others focus on spatial layout or text rendering. To mitigate
such bias, we propose Specification Ensemble and Refinement (SER), a
scalable pipeline that leverages the complementary strengths of multiple VLMs
to independently generate candidate specifications, and then consolidates them
through semantic deduplication and multi-dimensional quality filtering to obtain
the final specification set.

To validate SpecV on realistic unified multimodal tasks, we build SpecV-
Bench, a comprehensive benchmark of 1,200 test instances spanning six core
tasks of UMMSs: multimodal understanding, text-to-image generation, image
editing, many-to-one generation, interleaved image-text generation, and thinking
with images. SpecV-Bench organizes each task into fine-grained sub-tracks with
increasing constraint complexity, enabling targeted diagnosis of where models
succeed or fail as requirements become more compositional. Qur experiments
reveal clear capability trade-offs across tasks and a pronounced sensitivity to
constraint complexity, underscoring that progress on any single sub-community
metric does not necessarily translate to robust unified performance.

Our contributions are threefold, forming a coherent evaluation framework:

— We introduce the Specification Verification Protocol (SVP), which re-
formulates open-ended multimodal evaluation as binary specification check-
ing. Large-scale experiments across multiple judge models show that SVP
achieves substantially higher cross-judge agreement and stability than holis-
tic scoring, while maintaining strong correlation with human judgments.

— We propose Specification Ensemble and Refinement (SER), a scalable
pipeline that aggregates candidate specifications from multiple VLMs and
consolidates them through semantic deduplication and multi-dimensional
quality filtering, mitigating the systematic blind spots of any single model.

— We build SpecV-Bench, a benchmark of 1,200 instances spanning six core
tasks with fine-grained sub-tracks of increasing constraint complexity. Exper-
iments on SpecV-Bench provide actionable insights into cross-task trade-offs
and failure modes under compositional constraints.
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2 Related Works

2.1 Benchmarks for Unified Multimodal Models

The rapid development of UMMs has spurred dedicated evaluation benchmarks [23|
3413842, 143]. MME-Unify [38] jointly assesses comprehension and generation
across 10 tasks by sampling from 12 existing datasets and standardizing scor-
ing. UniEval [23] leverages the dual capabilities of unified models to evaluate
themselves, using the understanding module to judge the model’s own gener-
ations. RealUnify [34] shifts the focus to bidirectional synergy, asking whether
understanding genuinely enhances generation and vice versa. Despite progress
in task coverage, existing benchmarks share two limitations. First, their eval-
uation protocols remain fragmented — multiple-choice accuracy, CLIP-based
matching, holistic VLM scoring, and trained judges coexist even within a single
benchmark, making cross-benchmark comparison difficult. Second, none system-
atically addresses the stability of the evaluation instrument itself: whether model
outputs would receive consistent ranks when the judge is updated or replaced.
SpecV addresses both gaps through a unified specification verification proto-
col that applies consistently across all tasks and is explicitly designed to resist
evaluation drift.

2.2 Evaluation Methods for Multimodal Generation

Early evaluation relied on distributional metrics such as FID [21] and IS [32],
which capture aggregate statistics but are insensitive to individual composi-
tional errors. CLIPScore [20] introduces embedding similarity as a proxy for
prompt faithfulness, yet single-vector representations obscure fine-grained se-
mantics [7]. Learned reward models such as ImageReward [39] and HPSv2 [37]
improve human correlation but require task-specific training and remain opaque
about which aspects succeed or fail. To achieve finer-grained evaluation, methods
like TTFA [22] and DSG [7] decompose prompts into verifiable sub-questions, rep-
resenting an important step toward decomposed assessment but limited to text-
to-image faithfulness. The LLM-as-a-Judge paradigm [41] and its multimodal
extension VLM-as-a-Judge [4] offer the semantic flexibility needed for diverse
outputs and are increasingly adopted by modern benchmarks. However, they
compress multi-dimensional quality into holistic scores, making them sensitive
to prompt phrasing, judge version, and visual hallucinations. Our specification
verification protocol retains this semantic flexibility but constrains each judg-
ment to a single binary check, substantially reducing the degrees of freedom
available for drift.

3 Specification Verification

Evaluating Unified Multimodal Models (UMMs) across diverse tasks and modal-
ities requires an evaluation framework that retains the semantic flexibility of
VLM-based judgment while providing the reproducibility that holistic scoring
lacks. In this section, we present the SpecV evaluation framework. We address
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the evaluation challenge through two complementary components: the Specifica-
tion Verification Protocol, which decomposes each evaluation into a set of atomic
binary checks (, and the Specification Ensemble and Refinement pipeline,
which constructs the specification sets underpinning SVP through multi-model

q

consensus (§3.3). We begin by formalizing the evaluation setup and the drift

phenomenon that motivates our design (§3.1)).

3.1 Holistic Scoring and Evaluation Drift

Setup. A test instance x = (t,Z) consists of a textual instruction ¢ and a
(possibly empty) set of reference images Z. An under-tested model M produces
output y = M(x), which may be text, image(s), or an interleaved text-image
sequence depending on the task. A judge model J is responsible for assessing
the quality of y with respect to x.

Holistic VLM scoring. Under the prevailing VLM-as-a-Judge paradigm, the
judge receives a natural-language scoring prompt py that describes the desired
quality criteria and returns a scalar assessment:

Scoren(y; =, J) = J(z,y, pu) € [0, N], (1)

where N is the upper bound of the scale. This formulation is attractive for its
generality: py can express arbitrary quality dimensions and any output format.
Yet it conflates two distinct responsibilities within the judge: deciding which
aspects of y matter and deciding how heavily each aspect should influence the
final score. Because the relative weighting is never made explicit, it becomes
an implicit function of the judge’s training data, system prompt, and decoding
strategy, all of which may change across model updates or changes.
Evaluation drift. This conflation gives rise to what we term evaluation drift.
Let J, and J, denote two judge variants—successive releases within the same
model family, or models from different providers. Given a fixed collection of
outputs {yi,...,ynm} from M models on instance z, the two judges induce re-
spective model rankings o, and o,. Evaluation drift manifests as low rank cor-
relation between o, and oy: the relative ordering of models shifts not because
the models have changed, but because the evaluation instrument has. Crucially,
this instability is not a consequence of random noise in individual judgments, it
arises from a structural source. When the evaluation criteria are implicit, differ-
ent judges can reasonably adopt different internal weightings. One may penalize
spatial errors more heavily, another may prioritize color fidelity. Even if their
perceptions largely agree, this can lead to systematically different rankings. As
demonstrated in §5.3] this phenomenon is pervasive: swapping one frontier VLM
for another as the holistic judge can substantially alter model rankings, calling
into question the reproducibility of benchmark conclusions. Therefore, a robust
evaluation framework must define explicit criteria and restrict each judgment to
a narrow scope, minimizing the potential for weighting disagreements.

3.2 Specification Verification Protocol

To fulfill the above requirements, we introduce the Specification Verification
Protocol (SVP). SVP addresses evaluation drift by separating the two respon-
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sibilities that holistic scoring conflates. What to assess is fixed by an explicit
specification set before any judge is invoked; how to assess each aspect is re-
duced to a binary verification that admits minimal ambiguity.

Specification sets. For each test instance xz we construct a specification set
S: = {s1,82,...,8K}, where each specification sj is a natural-language state-
ment describing a single, independently verifiable property of the expected out-
put. A well-formed specification should simultaneously possess atomicity (tar-
geting a single aspect for binary judgment), objectivity (focusing on factual at-
tributes rather than subjective aesthetics), and determinacy (ensuring consistent
conclusions across different judges).

Verification and scoring. Given a model output y and a specification s, the
judge performs a binary check:

UV = j((E, Y, Sk) € {07 1}a (2)

where v, = 1 indicates that specification sy is satisfied and vy = 0 indicates a
violation. The SVP score for instance z is the specification satisfaction rate:

K

1

Scoregvp(y; z, J) = e g Vg, (3)
k=1

This yields a value in [0, 1] with a transparent interpretation: the fraction of ex-
plicitly stated requirements that the output fulfills. By decomposing the under-
determined holistic mapping into K independent binary channels, SVP limits
each judge decision to a narrow, well-defined scope; any single disagreement al-
ters the aggregate by at most 1/K, so cross-judge discrepancies are bounded and
attenuated by averaging (see . While specification content is task-dependent,
the verification mechanism remains identical across all tasks, enabling meaning-
ful cross-task comparison on a common scale and sidestepping the calibration
difficulties of heterogeneous protocols. The per-specification breakdown further
serves as a built-in diagnostic, allowing practitioners to pinpoint failure modes
such as spatial-relation violations or text-rendering errors without additional
annotation.

3.3 Specification Ensemble and Refinement

The effectiveness of SVP rests on the quality of the specification sets, they should
be comprehensive enough to cover all salient aspects of the expected output, yet
precise enough to support reliable binary verification. However, creating such
high-quality specifications is challenging. If a single VLM generates the entire
set, the criteria will inevitably reflect that model’s specific biases. Therefore,
relying on a single source creates systematic blind spots, which silently narrow
the scope of evaluation.

To mitigate this limitation, we propose the SER pipeline, which harnesses the
complementary strengths of multiple frontier VLMs through three automated
stages followed by a human quality-assurance step. The underlying principle
is analogous to ensemble methods in machine learning: aggregating predictions
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from models with diverse inductive biases yields a result that is less biased than
any individual contributor.

Stage 1: Multi-model generation. To put this ensemble principle into prac-
tice, we begin by independently prompting L frontier VLMs Mj,..., My, to
produce candidate specification sets for each test instance x:

S@ = Generate(M;, z), i=1,...,L. (4)

All models receive the same structured prompt requesting atomic, binary, and
objectively verifiable specifications, but their different training distributions lead
to naturally complementary coverage of quality dimensions. We use L = 3 fron-
tier models from distinct providers (i.e., Gemini 3 Pro 15|, GPT 5.2 |25], Claude
Opus 4.5 [1]) to maximize distributional diversity.

Stage 2: Semantic consolidation. However, the union J; S () typically con-
tains substantial redundancy: different models often express the same underlying
requirement in different phrasings. We employ a dedicated VLM (i.e., Gemini
3 Pro) to perform semantic deduplication and consolidation. Specifically, the
model merges paraphrased or near-duplicate specifications into a single canoni-
cal form, while flagging any logically contradictory items for downstream review.
This process yields a consolidated set, Sperged, Which preserves the diverse cov-
erage of the original union without artificially inflating the specification count.

Stage 3: Cross-model quality filtering. Not all consolidated specifications
are equally amenable to reliable binary verification: some may be too vague,
others may be tangential to the core intent of the instance. To filter for quality,
each of the L VLMs independently rates every specification in Spmerged On a scale
of 0 to 10, assessing relevance to the test instance, clarity of formulation, and
suitability for unambiguous binary judgment. We retain only those specifications
whose cross-model average meets a quality threshold 7:

Sy = {s € Smerged | %Zle Score(M;, s) > T } (5)

The use of multiple raters mirrors the multi-model generation strategy: it pre-
vents any single model’s quality preferences from dominating the filtering step.
We set 7 = 8 in all experiments. The importance of this step is studied in

Human quality assurance. As a final safeguard, all specifications surviving
the automated pipeline undergo review by trained annotators, who verify that
each item is faithful to the intent of the test instance, unambiguously verifiable
from the model output alone, and non-redundant with other retained specifi-
cations. Items that fail any criterion are revised or removed. This human-in-
the-loop stage imposes a quality ceiling that purely automated methods cannot
guarantee, while the preceding automated stages keep the annotation burden
manageable.

Together, SVP and SER form a complete evaluation pipeline: SER constructs
the specification sets offline, once per benchmark release, and SVP applies them
at evaluation time for each model output and judge combination.



8 W. Yu et al.

0.2
§5 4 Task
§ * 0175 . Image Editing
° e ! Interleaved Generation
015 Many-to-One
‘\‘\ °Q‘ Text-to-lmage
) [0 Thinking with Image
= \ 1 Understanding

E—— SpecV- | ’
o Bench |

it
Spatiol
y
\ ~
' N 0.05
““d.mundmn
0.025
K f {‘x
o - 20 . . 730 40 50
Specification numbers

Fig. 2: Statistical analysis of SpecV-Bench. Left: 6 tasks and 28 sub-tracks of SpecV-
Bench. Right: Specification numbers distribution of different tasks.

4 SpecV-Bench

Built upon the SpecV evaluation framework introduced in we present SpecV-
Bench, a comprehensive benchmark comprising 1,200 test instances across six
core capability axes of UMMs. We first articulate the design principles that guide
benchmark construction (§4.1), then provide a detailed account of each task cat-
egory and its sub-tracks (§4.2), and conclude with the data construction pipeline
and quality assurance measures ( An overview of the benchmark is provided
in Fig. [2] After the full SER pipeline, SpecV-Bench contains 17,604 specifica-
tions across its 1,200 test instances, yielding an average of 14.67 specifications
per instance. Fig. 3] displays data examples in SpecV-Bench.

4.1 Design Principles

The design of SpecV-Bench is guided by three principles that collectively shape
a benchmark suited to the unique demands of UMMs.

Full-spectrum task coverage. A unified multimodal model is expected to un-
derstand, generate, and transform visual content within a single architecture.
Its evaluation should therefore be equally unified. SpecV-Bench encompasses six
capability axes, spanning understanding, text-to-image generation, image edit-
ing, many-to-one generation, interleaved generation, and thinking with images,
within a single coherent framework. This design enables direct comparison of
model performance across the full range of multimodal abilities and, more im-
portantly, reveals cross-task trade-offs that would otherwise remain hidden when
capabilities are assessed independently.

Task-specific sub-track taxonomy. Within each of the six capability axes,
SpecV-Bench further introduces fine-grained sub-tracks tailored to the distinct
characteristics of the task at hand. For example, text-to-image generation is de-
composed along dimensions such as object counting, spatial layout, attribute
binding, and stylistic control, whereas image editing is organized by edit gran-
ularity ranging from local object manipulation to global style transfer. This
task-aware decomposition serves two diagnostic purposes: it pinpoints the spe-
cific scenarios in which a model excels or struggles, and it enables meaningful
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Question: A realistic view of the sky
during sunset as seen from the
surface of Mars.

Generated image:

Specifications:

1. Does the area of the sky
immediately surrounding the
setting sun exhibit a blue or
bluish-white glow (a specific
scientific feature of Martian
sunsets)2

2. Does the terrain appear
barren, rocky, and
predominantly reddish-brown
or rusty in color?

Many-to-One

Question: | want fo use this photo
as my formal resume headshot.
Please replace the casual T-shirt
with the deep blue suit from the
second image.

Question image:

Specifications:

1. Is the man's face and hair
completely preserved from the
original image without
distortion?

2. Has the casual T-shirt been
replaced by the deep blue suit
jacket, white shirt, and
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Image Editing

Question: This period film still has
anachronisms that break the
immersion. Remove all items that
don't belong in the 19th century
and replace them with historically
accurate alternatives.

Specifications:

1. Is the modern smartphone
removed from the woman's
hands?

2. Is the blue plastic recycling
bin completely removed from the
scene?

3. Are the film crew members
and modern equipment (e.g.,
stands, flags, walkie-talkies)
removed from the edges of the
frame?

Interleaved Generation

Question: This is the beginning of a
wuxia story. Act One, ﬁ?e
swordsman arrives before the inn.
Act Two, the swordsman pushes the
door open, and everyone freezes.
Help me continue writing the first
chapter of this wuxia novel,
formatted in light novel style ... ...

Specifications:

1. Does the generated text
employ a concise, cinematic
writing style characteristic of Gu
Long (e.g., short, punchy
sentences, focus on atmosphere
and inner force)?

2. Does the first generated

urgundy tie from the
reference image?
3. Is the grey textured
background preserved?
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Question: In nature, what's the
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creatures? Options:

A. Parasitic relationship

B. Symbiotic relationship
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image depict a masked assassin
drawing a blade and leaping to
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Question: As shown in the figure, in Specifications:
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Thinking with images
Specifications:

1. Did the model select Option B
or explicitly state 'Symbiotic
relationship' as the final answer?
2. Did the model correctly
identify the smaller creatures
perched on the mammal as birds
(specifically oxpeckers)?

3. Did the model correctly
identify the large animal in the
image as an impala?
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Fig. 3: Examples of the 6 tasks in SpecV-Bench. SpecV-Bench contains 1,200 test
instances and 17,604 specifications.

1. Does the model correctly
conclude that line BC is
tangent to circle O in Part (1)2
2. Does the model provide the
correct distance from center O
to line segment AD for Part (2)
(Answer: 2413/3)2

3. Does the model provide the
correct value for the ratio
BE/BD in Part (3) (Answer:
2/3)2

(. J\ J

cross-task correlation analysis, for instance, revealing whether a model’s strength
in spatial reasoning during understanding transfers to accurate spatial layout in
generation.

Specification-driven construction. SpecV-Bench incorporates the evaluation
framework from the very beginning of the design process. Each test question
is crafted so that its requirements can be naturally decomposed into a set of
atomic, independently verifiable specifications, deliberately avoiding items that
rely on subjective aesthetic judgment or are otherwise difficult to assess in a
reproducible manner. Rather than pursuing sheer volume, we invest in annota-
tion depth, with each instance associated with an average of 14.67 fine-grained
specifications, yielding 17,604 individual binary verification checks across the
entire benchmark. This specification-driven philosophy ensures tight alignment
between what a question demands and how the output is assessed, and delivers
diagnostic granularity that exceeds what the instance count alone would suggest.
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4.2 Task and Sub-track Overview

Following the principles outlined above, SpecV-Bench organizes its 1,200 in-
stances into six task categories that together cover the full capability landscape
of UMMs. We summarize the task taxonomy in Fig. [2] and briefly describe each
category below. Detailed sub-track definitions and example instances are pro-
vided in supplementary materials.

Text-to-Image Generation spans five sub-tracks—compositional generation,
text rendering, world knowledge, structural fidelity, and style adherence—that
collectively probe the breadth of visual synthesis capabilities.

Image Editing covers six sub-tracks ranging from atomic operations (object
addition, removal, attribute modification) to holistic changes (background ma-
nipulation, style transfer) and reasoning-driven editing where the intent is ex-
pressed at a high semantic level.

Many-to-One Generation requires synthesizing a single coherent image from
multiple heterogeneous reference images and a text prompt, with sub-tracks
varying the degree of cross-reference visual and semantic consistency.
Interleaved Generation asks the model to produce outputs that alternate co-
herently between text and images, with sub-tracks progressing from constrained
gap-filling to open-ended, knowledge-intensive sequence generation.

Thinking with Images targets an emerging capability in which image genera-
tion serves as a cognitive tool within multi-step reasoning, spanning geometric,
scientific, and open-ended visual thinking problems.

Multimodal Understanding draws instances from five established bench-
marks [191/24,28,35,/40] to directly quantify whether a model’s generative ca-
pability comes at the expense of comprehension, or whether the two reinforce
each other.

4.3 Data Construction and Quality Control

All test instances in SpecV-Bench are manually designed by five trained annota-
tors who are permitted to use Al assistive tools for inspiration and drafting but
retain full responsibility for the final content. Throughout the authoring process,
each problem, in addition to conforming to the characteristics of the track itself,
must also take into account its downstream specification decomposition, so as
to ensure a smooth alignment with the evaluation framework described in
For tasks which need for reference or context images (e.g., image editing,
many-to-one or interleaved generation), we obtain such images from two com-
plementary sources: (i) synthetic images produced by state-of-the-art generation
and editing models, which offer fine-grained control over desired visual proper-
ties, and (ii) royalty-free images collected from the web, which provide natu-
ralistic diversity. For thinking with images task, data for the math and physics
sub-tracks are commissioned from domain experts to ensure the correctness of
the reasoning problems and the necessity of image-based reasoning. The maze
and jigsaw sub-tracks are generated programmatically, enabling precise control
over problem parameters and guaranteeing the existence of unique solutions. As
noted in understanding instances are sampled from five established bench-
marks, e.g., Charxiv-RQ [35] and MMMU [40]. We apply stratified sampling to
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Table 1: Comparison of different models on SpecV-Bench.

Category Model Understanding T2I Editing Many to One Interleave Gen. Think w/ Images Average
Nano Banana 78.21 68.03  74.95 68.74 82.04 51.00 70.50
Nano Banana Pro 83.25 90.23 88.42 74.31 74.63 61.81 78.78
Unified Nano Banana 2 83.25 90.45 90.34 M 80.2? 69.97 81.77
Multimodal Qwen-Image-2 71.00 75.%8 7’%‘%0 67.73 74.56 32.47 65.72
Models Qwen-Tmage 57.00 64.60 69.16 60.82 34.03 19.84 50.91
Bagel w/o CoT 63.75 28.09 54.45 47.35 35.90 16.81 41.06
Bagel w. CoT 69.00 26.39 56.88 45.96 45.06 18.34 43.61
Emu 3.5 45.99 67.14 64.53 66.53 62.23 14.18 53.43
Qwen 3.5 Plus 85.14
Vision Claude Opus 4.5 78.25
Language GPT 5.2 87.29
Models Gemini 3 Pro 88.25
Gemini 3.1 Pro 89.00
GPT Image 1 - 66.79 68.64 73.23
GPT Image 1.5 - 80.24 81.14 77.64
Image Generation / Seedream 5.0 - 81.30 85.14 73.10
Editing Models GLM-Image - 45.49 - -
Z-Image-turbo - 54.14
BLIP30-NeXT - 25.60

preserve the topical and difficulty distribution of the original benchmarks. Every
test instance undergoes cross-checking by at least one annotator other than its
author, covering question clarity, image adequacy, and specification decompos-
ability. Instances that fail any of these criteria are revised or discarded, ensuring
that the released benchmark maintains a consistently high standard of quality.
The detailed per-task construction procedure is provided in the supplementary
material.

5 Experiments

We organize our experiments around four objectives. First, we establish the ex-
perimental setup and models under evaluation ( Second, we present bench-
mark results on SpecV-Bench to illustrate the diagnostic value of our task tax-
onomy ( Third, we validate the SVP by comparing its stability and human
correlation against holistic scoring (§5.3)). Finally, we ablate the SER pipeline to
quantify the contribution of each stage (§5.4]).

5.1 Experimental Setup

We evaluate a total of 19 models organized into three categories. The first cat-
egory consists of eight UMMSs that support both visual understanding and gen-
eration within a single architecture, including Nano Banana [13|, Nano Banana
Pro |16], Nano Banana 2 [17], Qwen-Image [36], Qwen-Image-2 [30], Bagel [9)
(w. and w/o CoT), and Emu 3.5 [8]. The second category comprises five VLMs,
namely Gemini 3 Pro [15], Gemini 3.1 Pro [18], GPT 5.2 |25], Claude Opus 4.5 [1],
and Qwen 3.5 Plus [29]. Since these models do not natively generate images, they
are evaluated only on the understanding task and serve as an upper-bound ref-
erence for comprehension capability. The third category includes six dedicated
image generation or editing models, namely GPT Image 1 |26], GPT Image
1.5 |27], Seedream 5.0 [2], GLM-Image [12|, Z-Image-turbo [3|, and BLIP3o-
NeXT [5], each tested on the generation and editing tasks its architecture sup-
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ports. Unless otherwise noted, all evaluations use Gemini 3 Flash as the
default judge model.

5.2 Main Results on SpecV-Bench

Tab. [I] summarizes overall performance across the six task axes, and Tab. [2]
provides fine-grained sub-track breakdowns.

Table 2: Detailed comparison of different models on six tasks of SpecV-Bench.

(a) Text-to-Image (b) Understanding (¢) Many-to-One
Model Comp. Text Konw. Struct. Style Aver.  Model ChartR. Count Anti-H. MMQA MDK Aver. Model Cross Repl. 3-Integ. Multi Aver.
Nano Banana 78.04 36.58 7859 61.00 85.96 68.03 Nano Banana 60.00 91.03  75.00 95.00  70.00

Nano Banana Pro 89.83 $1.30 90.73  93.84 Nano Banana Pro  73.75 9500 80.00 9250 75.00 83.25 Nano Banana 35 67.06 7166 68.90

Nano Banana 2 89.34 8 Nano Banana 2 71.25 9250 8250 9750 7250 83.25 Nazno Banana Pro 72.3 80 82.21 7585

GPT Image 1 70.84 Quen-Image-2 5875 8625 7250  90.00 47.50 Nano Banana 2 86.49 7573

GPT Image 1.5 83.61 Qwen-Image 31.25 7250 6500 8750 28.75 GPT Image 1 76.60 78.28  TAT1

Seedream 5.0 86.53 58.0: 5 g Bagel w/o CoT 4625 8250 67.50 8125 41.25 GPT Image 1.5 81.16 8145 7914 7.

GLM-Image 46.33 61.05  46.13 4 Bagel w. CoT 55.00 9250 7500  87.50  35.00 Seedream 5.0 7494 7712

Z-Image-turbo 7047 4 52.23 Emu 3.5 16.25  73.75 55 1744 3750 45.99 - > 3
83.99 67.07 68.98 87.97 75.28 - - - Qwen-lmage-2  69.18 65.68 62.38 67.73
79.04 55.18 60.74 80.29 64.60 (‘j“"‘"” 35 :";’ ;:f 7[)’ g‘«; 33 ij 33 gi ‘38 ff ?,ﬂ :f’ 'ZJ; Qwen-Image 69.87 56.91 63.80 52.69 60.82
4045 1544 43.15 2748 2809  Gemini 3.1 Pro 7.5 5 9750 8500 89.00 el w/o C 50.6: 5 5 67 47.35
20.66 12.20 26.63 2639 GPT 5.2 85.00  80.00 9500 8158 87.20 Bagel w/o CoT  50.64 33.15 49.95 47.35

5 ; 5065 33 5
80.25 51.19 63.20 6 85.92 67.14 Opus 4.5 8625  75.00 9500  65.00 78.25 Bagel w. CoT 50.65 35.10 49.76 48.34 45.96

BLIP30-NeXT 33.34 886 40.27 871 36.80 25.60 Qwen 3.5 Plus. 78.21 90.00  87.50 90.00  80.00 85.14 Emu 3.5 71.03 56.74 TL1T 67.19 66.53
(d) Image Editing (e) Interleaved Generation (f) Thinking with Images
Model Attr. Scene Local Reas. Spatial Text Aver.  Model Compl. Tutor. Real. Reas. Aver.  Model Math Phys. Maze Jigsaw Aver.

Nano Banana 93.28 83.28 85.53 70.70 89.71 70.69 74.95 s — JE—— . ; . - -
Nano Banana Pro 93.62 95.19 89.86 8210 80.12 88.42 Nano Banana T7.47 87.99 75.05 82.04 Nano Banana 67.11 77.09

Nano Banana 2 96.04 96.88 90.90 86.96 89.31 81.07 90.34  Nano Banana Pro 8473 67.30 77.08 7463  Nano Banana Pro 78.66 78.96
GPT Image 1 8296 74.16 54.45 82.37 39.34 68.64 Nano Banana 2 76.04 78.18 85.33 81.52 80.27 Nano Banana 2 87.32 93.28 46.74
;l‘)}n}‘@“‘l:g;nl’ sz;; 85.13 ;23‘; 051 o16s :éﬂ Qwen-Image-2 S111 6740 80.80 68.92 74.56  Qwenlmage2  42.90 46.50 13.84 26.65
Quen-Tmage-2 3 9308 90.70 374 4419 73.30  Qwen-Image 4141 2585 42.16 26.70 34.03  Qwen-Image 27.14 20.34 1177 20.09 19.84
Quen-Image 81.08 91.07 3 3653 69.16  Bagel w/o CoT  33.82 27.60 5175 3035 35.00  Bagel w/o CoT 2342 2642 1355 3.85 16.81
Bagel w/o CoT 71.89 65.10 ig 22] g; ;g 5284 45.90 10.16 45.06  Bagel w. CoT 2540 26.31 834 13.32 18.34

Bagel w. CoT 70.99 53.29 e . . N S o
Emu 3.5 86.07 77.95 2 26.43 64.53 Emu 3.5 67.22  64.15 69.45 48.11 62.23 Emu 3.5 1528 20.25 15.61 559 14.18

34.16  51.00
40.55 61.81

Bagel w. CoT

Overall performance. Among UMMs, Nano Banana 2 leads with an average
score of 81.77, followed by Nano Banana Pro at 78.78, while Bagel and Emu 3.5
trail below 55 — indicating that the “unification tax” varies dramatically across
architectures. Dedicated models remain competitive on individual axes: GPT
Image 1.5 edges out all UMMs on many-to-one generation (77.64), Seedream
5.0 leads on editing (85.14), and Gemini 3.1 Pro tops understanding at 89.00,
surpassing all UMMSs. Visual results can be found in supplementary materials.
Sub-track analysis and cross-task trade-offs. Sub-track breakdowns expose
persistent weaknesses that isolated evaluations would miss. Text rendering re-
mains a universal bottleneck in T2I (Tab. , with even the best model at 83.19
while weaker ones fall below 30; similarly, reasoning-driven edits in the editing
category (Tab. prove far harder than explicit attribute modifications, and el-
ement replacement in many-to-one generation (Tab. consistently lags behind
multi-subject composition. The unified evaluation surface also reveals instruc-
tive cross-task trade-offs: Bagel reaches 69.00 on understanding yet only 26.39
on T2I, while Emu 3.5 shows the opposite profile (67.14 generation vs. 45.99
understanding). Nano Banana 2 substantially closes the generation gap relative
to the base model (90.45 vs. 68.03 on T2I) while maintaining strong interleaved
performance (80.27), illustrating that architectural improvements can alleviate,
though not eliminate, these tensions.



SpecV 13

Table 3: The ranking stability of SVP and holistic scoring under intra-family and
cross-family VLM evaluators.

‘Understanding‘ T21 ‘ Editing ‘Many to One‘Interleave Gen.‘Think w. Images‘ Average

Method
| P | 7 p| T p | T p | 7 P | T p | T p
Intra family |EOLStC|0.839 0.93L {0.906 0.978(0.685 0.849[0.749 0.898 [0.842  0.936 [0.810  0.920  |0.805 0.920
YISVP  [0.971  0.994 [0.927 0.985|0.806 0.927(0.758 0.891 [0.873  0.952 |0.869  0.941  |0.867 0.948
Cross.family [FOlistic[0-941  0.988 10.902 0.969/0.758 0.888/0.807  0.914 [0.847  0.040  [0.880 0952 |0.856 0.942
OssamMYIgyp 0,961 0.992  |0.912 0.978/0.903 0.967|0.830 0.927 [0.870  0.952 [0.937  0.976  |0.902 0.965

Table 4: The correlation between automatic evaluation metrics and human evaluation.

Method‘Understanding‘ T2I ‘ Editing ‘Many to One‘Interleave Gen.‘Think w. Images‘ Average

| 7 p |t p|T o] P | P |7 P | = »

Holistic |0.358  0.388  ]0.432 0.501|0.419 0.453|0.261  0.305 |0.583 0.656 0.699 0.788 0.459 0.515
SVP 0.391  0.421 |0.557 0.628|0.471 0.519|0.496 0.548 |0.601 0.692 0.743 0.824 0.543 0.605

5.3 Stability and Reliability of SVP

We now turn to validating the stability and reliability of SVP by comparing it
against holistic scoring under systematic judge variation.
Ranking stability across judge models. We employ five judge models from
three provider families, including GPT 4.1 from OpenAI, Gemini 2.5 Flash Lite,
Gemini 2.5 Flash and Gemini 3 Flash from Google, and Qwen 3.5 Plus from
Alibaba. Each judge independently scores all model outputs under both SVP and
holistic scoring. For holistic scoring, we follow common practice by prompting
the same judge to produce a scalar quality rating on a 0 to 10 scale. Implement
details of holistic scoring can be found in the supplementary materials. Intra-
family stability is computed as the average pairwise rank correlation among
judges within the same provider family (i.e., Gemini 2.5 Flash Lite, Gemini
2.5 Flash and Gemini 3 Flash), while cross-family stability averages all pairwise
correlations across different families (i.e., GPT 4.1, Qwen 3.5 Plus, and Gemini
3 Flash). We report Kendall’s 7 and Spearman’s p. Tab. [3| shows the results.
SVP achieves consistently higher agreement than holistic scoring across both
settings and nearly all tasks. On the cross-family setting, SVP raises the average
Kendall’s 7 from 0.856 to 0.902 and Spearman’s p from 0.942 to 0.965, with the
largest gains on high-diversity tasks such as editing (7: 0.758 — 0.903) where
ambiguous instructions amplify divergent weighting preferences among judges.
Notably, intra-family agreement under holistic scoring is actually lower than
cross-family agreement, suggesting that version updates within a provider family
can introduce more evaluation drift than baseline differences across providers;
SVP narrows this gap by raising intra-family 7 to 0.867. These results confirm
that decomposing evaluation into independent, single-aspect binary checks is an
effective countermeasure against evaluation drift.
Correlation with human judgments. To assess how well automatic metrics
align with human quality perception, three trained annotators independently
evaluate a randomly sampled subset of 80 instances per task, covering 4 models
(i.e., Nano Banana, Nano Banana 2, Qwen-Image, Qwen-Image-2). More details
about human evaluation are in the supplementary materials. Tab. [f] compares
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Table 5: Ablation studies on specification ensemble and refinement (SER).

Method ‘Understanding‘ T21 ‘ Editing ‘Many to One‘Interleave Gen.‘Think w. Images‘ Average

T P T P T P T P T T P T 14

Only Claude|0.347  0.385  [0.561 0.634/0.379 0.435/0.312  0.380 |0.547 0.661 0.684 0.766 0.471 0.543
Only GPT ]0.368  0.402 |0.480 0.560|0.386 0.441]0.290 0.344 |0.516 0.620 0.637 0.733 0.446 0.517
Only Gemini|0.319  0.345  [0.556 0.620(0.453 0.492/0.228  0.260 |0.468 0.564 0.627 0.704 0.442 0.497
w/o filtering [0.318  0.352  |0.541 0.599|0.375 0.435(0.308 0.374 |0.470 0.574 0.655 0.750 0.444 0.514
SER 0.329  0.360 0.516 0.585|0.408 0.455|0.442 0.494 ]0.548  0.640 0.716 0.794 0.493 0.555

SVP and holistic scoring on their correlation with human ratings. SVP outper-
forms holistic scoring on every task, raising the average Kendall’s 7 from 0.422 to
0.493 and Spearman’s p from 0.477 to 0.555. The gain is largest on many-to-one
generation (7: 0.214 — 0.442), where reconciling multiple reference images pro-
duces outputs with many independently assessable aspects that holistic scoring
collapses into a single scalar, and smallest on understanding (7: 0.319 — 0.329),
where the evaluation space is inherently narrower. Together with the stability
analysis above, these results confirm that SVP not only yields more consistent
scores across judges but also produces ratings that are consistently closer to
human judgment.

5.4 Ablation Studies on Specification Ensemble and Refinement

We also isolate the contribution of each SER component by comparing four
alternatives against the complete pipeline in Tab. [5| The first three variants
replace SER with specifications generated by a single model (Claude Opus 4.5,
GPT 5.2, or Gemini 3 Pro, respectively), and the fourth variant applies multi-
model generation and semantic consolidation but omits the cross-model quality
filtering step. All variants are compared in terms of human correlation, using
the same protocol described above.

SER: ensemble with filtering yields the best and most balanced scores.
No single specification-generation model dominates all tasks: Claude leads on
text-to-image (7 = 0.561), Gemini on editing (7 = 0.453), and GPT on un-
derstanding (7 = 0.368), yet all three score below 7 = 0.32 on many-to-one
generation. Naively merging their specifications without quality filtering actu-
ally degrades correlation compared to the best single model (average 7: 0.444
versus 0.471 for Claude alone), because the unfiltered union inevitably introduces
vague or tangential items. Cross-model consensus filtering resolves this: the full
SER pipeline achieves the highest average correlation (7 = 0.493, p = 0.555)
while also exhibiting the most uniform per-task profile, narrowing the peak-to-
trough 7 spread from over 0.33 for individual models to a range of 0.329-0.716.
This balanced and reliable coverage across fundamentally different task types is
essential for a unified benchmark.

6 Conclusion

Unified multimodal models integrate understanding, generation, and editing, yet
their evaluation remains vulnerable to evaluation drift when holistic VLM judges
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are updated or replaced. We introduced SpecV, which reformulates open-ended
evaluation as specification verification. The Specification Verification Protocol
decomposes each instance into atomic, binary requirements, improving cross-
judge stability while maintaining human alignment. Specification Ensemble and
Refinement further ensures specification quality through multi-VLM aggrega-
tion, deduplication, and consensus filtering. Built on this framework, SpecV-
Bench provides 1,200 instances across six UMM task families with 17,604 speci-
fications. Experiments confirm that SVP yields more stable rankings than holis-
tic scoring under systematic judge variation, while exposing fine-grained failure
modes across tasks. We hope SpecV provides a robust foundation for unified
multimodal evaluation as models and judges continue to evolve.
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