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Abstract

Reward modeling is essential for multimodal
alignment, yet most existing reward models
only provide outcome reward, which is sparse
and fails to capture human preferences. Rubrics
can provide structured and fine grained evalua-
tion signals, but building effective rubrics for
multimodal tasks is challenging. In this work,
we propose MM-VeriRubric, a framework for
scalable construction of training data for mul-
timodal rubric generation and rubric-based re-
ward models. To better use visual evidence
in images, we introduce task-aware visual
clue extraction, which makes rubric generation
more grounded in task-relevant visual informa-
tion. MM-VeriRubric then generates evidence-
grounded rubrics and constructs rubric-aligned
rejected responses with controlled error dimen-
sions, enabling the quality of each rubric to
be verified through consistency checking. The
verified data are used to train both a rubric gen-
erator and a rubric-based reward model. Ex-
periments on multimodal reward model bench-
marks and downstream Best of N tasks show
that MM-VeriRubric improves preference judg-
ment (+16.4% on VL-RewardBench) and pro-
vides more interpretable and diagnostic reward
signals for multimodal alignment (+13.1% on
MMMU-Pro using Best of 5 selection). Code
is available at: https://github.com/Trace
Lite-AI/MM-VeriRubric.

1 Introduction

Vision language models (VLMs) are increasingly
used as general purpose multimodal assistants
for visual question answering, image reasoning,
and document understanding (Liu et al., 2023).
As these systems move toward real applications,
multimodal alignment becomes essential because
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Figure 1: Comparison between existing outcome-
level multimodal reward modeling and MM-VeriRubric,
which builds evidence-grounded rubrics for fine-grained
and verifiable reward signals.

their responses must be accurate, grounded in vi-
sual evidence, and aligned with human prefer-
ences (Ouyang et al., 2022; Rafailov et al., 2023;
Yu et al., 2024). Reward models and model based
judges provide key supervision for preference opti-
mization (Wang et al., 2024). However, multimodal
reward modeling is more difficult than text only re-
ward modeling because response failures may arise
from visual perception, evidence grounding, rea-
soning, answer formatting, or safety issues (Ruan
et al., 2025). Existing outcome level rewards and
pairwise preference methods often compress these
heterogeneous failures into a single judgment, mak-
ing it difficult to diagnose why a response fails and
motivating more structured, fine grained reward
supervision.

A single reward signal is sparse and lacks an at-
tribution structure for decomposing response qual-
ity into different abilities (Liu et al., 2025). This
limitation is especially problematic in multimodal
tasks, where the same wrong answer may result
from perception, grounding, reasoning, or answer
formatting errors. Rubric reward addresses this
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issue by making evaluation criteria explicit, allow-
ing a response to be judged against concrete and
checkable requirements rather than only through an
overall preference (Gunjal et al., 2025). Such struc-
tured criteria provide fine grained and interpretable
supervision, helping reward models learn how dif-
ferent error types affect response quality (Liu et al.,
2025). However, multimodal rubrics cannot be
treated as purely textual criteria, because a linguis-
tically plausible but visually unanchored criterion
may be difficult for a judge to execute consistently

In multimodal reward modeling, rubrics must
define response correctness while being tied to the
visual evidence and operations required by the task.
Existing rubric generation and rubric grounded re-
ward modeling methods show the value of struc-
tured criteria, but they mainly rely on response pair
comparison or rubric based filtering, rather than
verifying instance level evidence support and sta-
bility under controlled error types (Liu et al., 2025;
Kong et al., 2026). Therefore, the key data problem
is not only to generate rubric text, but to construct
task aware, evidence grounded, rubric aligned, and
verifiable training examples.

To overcome this problem, we propose MM-
VeriRubric, a framework for constructing verifiable
rubric data for multimodal reward modeling. In-
stead of starting from response pairs alone, it first
extracts visual clues that organize target entities,
evidence anchors, required operations, query con-
straints, and anticipated failure modes. Based on
these clues, it generates four dimensional rubrics
over Perception, Grounding, Inference, and An-
swer, so that each criterion can be tied to visual
evidence and a possible error source. It then con-
structs controlled rejected responses that deliber-
ately corrupt specified dimensions while keeping
the remaining aspects of the answer as stable as
possible. Finally, a consistency verification step
compares chosen and rejected responses under the
rubric, filters unstable criteria, and converts veri-
fied samples into training data for rubric generation
and rubric aware preference judgment.

Our contributions are summarized as follows.

• We propose MM-VeriRubric, a verifiable
rubric data construction framework for multi-
modal reward modeling, which systematically
produces supervision for training both a rubric
generator and a rubric aware reward model.

• We design three core modules for evidence
grounded rubric construction. It first extracts

visual clues and then generates four dimen-
sional rubrics. Finally, it constructs controlled
rejected responses and verifies whether the
rubric can identify the intended error dimen-
sion.

• We build a multimodal rubric dataset for train-
ing rubric generation and rubric aware prefer-
ence judgment. Experiments on multimodal
reward model benchmarks and downstream
Best of N tasks show that MM-VeriRubric
improves preference judgment and provides
more fine grained diagnostic reward signals.

2 Related Works

2.1 Multimodal Reward Modeling
Multimodal reward models extend the reward mod-
eling paradigm from text-only RLHF and prefer-
ence optimization to vision-language or broader
multimodal settings, where they provide reward
or preference signals for multimodal RLHF, direct
preference optimization, response selection, and
VLM-as-a-judge evaluation (Ouyang et al., 2022;
Rafailov et al., 2023; Sun et al., 2024; Zhang et al.,
2025c,a). Existing approaches mainly fall into
three paradigms: learning reward models from an-
notated preference data (Sun et al., 2024; Yu et al.,
2024, 2025; Zhang et al., 2025c), deriving prefer-
ence signals from strong VLM or MLLM judges
(Xiong et al., 2025), and developing specialized re-
ward models for benchmark-specific evaluation.(Li
et al., 2025; Ruan et al., 2025; Tu et al., 2025;
Wang et al., 2025a; Zhang et al., 2025b). However,
most multimodal reward models still provide lim-
ited fine-grained evidence for why a response is
preferred, which motivates more interpretable and
controllable forms of reward supervision (Liu et al.,
2026b).

2.2 Rubric-Based Reward Modeling
Rubric-based reward modeling makes reward sig-
nals more explicit than holistic scores or pair-
wise preferences by decomposing evaluation into
natural-language criteria, providing fine-grained su-
pervision (Gunjal et al., 2025; Viswanathan et al.,
2026; Liu et al., 2025). Recent work studies rubric
generation for prompts or response pairs (Liu et al.,
2025, 2026a), rubric-guided reward models that
produce criterion-level judgments (Gunjal et al.,
2025; Viswanathan et al., 2026; Liu et al., 2026b),
and rubric-grounded preference synthesis or align-
ment rewards (Kong et al., 2026; Yu et al., 2026).
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However, in multimodal settings, rubrics must be
tied to visual evidence rather than inferred only
from textual instructions, so that judges can reliably
localize errors in perception, grounding, reason-
ing, or final answers. (Chen et al., 2026; Liu et al.,
2026b; Yu et al., 2026). Moreover, pair-conditioned
or generalized rubrics are not well suited for scal-
able training-data synthesis for rubric-aware re-
ward models. In contrast, MM-VeriRubric builds
evidence-grounded multimodal rubric data with
controlled negative samples, enabling reward mod-
els to learn structured and verifiable evaluation sig-
nals.

3 Preliminaries

Rubrics. Given a multimodal input x = (I, q),
where I denotes an image or a set of images and
q denotes a text question or instruction, a model
produces a candidate response y. We denote a refer-
ence answer or a high quality response as y+. For
each input x, a rubric is a set of natural language
evaluation criteria:

C(x) = {c1, c2, . . . , cK} (1)

Each criterion ck specifies one checkable require-
ment that a response should satisfy, such as iden-
tifying a visual entity, grounding a claim to an
evidence region, performing a reasoning operation,
or following the required answer format. In multi-
modal tasks, a useful criterion should not depend
only on textual semantics, but should also be con-
nected to visual evidence, task goals, and possible
sources of error.

Rubrics as Reward. A standard reward model
maps an input and a response to a scalar reward:

Rθ(x, y) ∈ R (2)

Given a preference pair (y+, y−), preference
learning usually encourages the reward of the pre-
ferred response to be higher:

Rθ(x, y
+) > Rθ(x, y

−) (3)

Rubrics as Reward instead conditions the re-
ward model on a rubric C, leading to a rubric-
conditioned reward Rθ(x, y, C). For each criterion
ck, the model or judge can produce a criterion-level
judgment

sk = gθ(x, y, ck), sk ∈ {0, 1} (4)

or more generally sk ∈ [0, 1]. The final reward
can then be aggregated from criterion-level signals:

Rθ(x, y, C) = A(s1, s2, . . . , sK) (5)

where A(·) can be a sum, an average, or a
learned aggregation function. Therefore, rubric
reward not only compares response quality but also
identifies which criteria or error dimensions a re-
sponse fails to satisfy, which provides the basis for
constructing verifiable rubrics and rubric aligned
preference data.

4 Methodology

MM-VeriRubric is a data construction framework
for building verifiable multimodal rubrics and
rubric aligned preference data from image text
question answering samples (Fig.2). Given an input
x = (I, q) and a reference answer y+, the frame-
work produces two forms of supervision: rubric
generation data (I, q, y+, v) → C, and rubric aware
reward modeling data (I, q, C, y+, y−). The over-
all process can be written as

v = ϕvcp(I, q),

C = ϕrub(I, q, y
+, v),

Y− = ϕrej(I, q, y
+, C)

(6)

where v is the visual clue profile, C is the gener-
ated rubric, and Y− is a set of controlled rejected
responses.

The first step extracts task-aware visual clues
from I and q, including target entities, evidence an-
chors, required operations, query constraints, and
anticipated failure modes. The second step gen-
erates evidence grounded rubrics conditioned on
I , q, y+, and v, with criteria organized into Per-
ception, Grounding, Inference, and Answer dimen-
sions. The third step constructs rejected responses
that intentionally violate specified rubric dimen-
sions while preserving the other aspects of the ref-
erence answer as much as possible. Finally, MM-
VeriRubric verifies whether the rubric can distin-
guish y+ from each rejected response under rubric
conditioned scoring, filters unstable criteria, and
converts the verified samples into training data for
both the rubric generator and the rubric aware re-
ward model.

4.1 Task-Aware Visual Clue Extraction
The first step of MM-VeriRubric extracts a task
aware visual clue profile from the multimodal input
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Figure 2: Overview of MM-VeriRubric. The framework extracts task-aware visual clues, generates evidence-
grounded four-dimensional rubrics, constructs controlled rejected responses, and applies consistency verification to
produce training data for rubric generation and rubric-aware reward modeling.

x = (I, q), which summarizes the visual evidence
and operations required to answer the question. We
denote this step as

v = ϕvcp(I, q) (7)

where ϕvcp is a visual clue extractor implemented
by a teacher VLM. The visual clue profile is repre-
sented as

v = {E,A,O, T, F} (8)

where E denotes target entities, A denotes evi-
dence anchors, O denotes required operations, T
denotes query constraints and answer type, and F
denotes anticipated failure modes.

The target entities E record the objects, text
spans, regions, or visual elements that are relevant
to the question. The evidence anchors A specify
where the relevant information appears in the im-
age, using forms such as object references, OCR
spans, region descriptions, or bounding boxes. The
required operations O describe the actions needed
to answer the question, such as identifying, count-
ing, comparing, calculating, locating, or reasoning
over visual evidence. The query constraints and
answer type T capture format requirements, units,
option choices, and other constraints imposed by
the question. The anticipated failure modes F de-
scribe possible errors that a model may make, such

as OCR misreading, entity confusion, wrong spatial
relation, chart value misreading, or invalid reason-
ing.

The task aware visual clue profile is not intended
to replace the original image. Instead, it serves as
a structured intermediate representation that makes
salient visual evidence and task requirements ex-
plicit. In the following rubric generation step, MM-
VeriRubric conditions on I , q, y+, and v, so that
the generated criteria are more concrete and more
closely grounded in the image.

4.2 Evidence-Grounded Rubric Generation
After obtaining the visual clue profile, MM-
VeriRubric generates an evaluation rubric that is
grounded in the image evidence and aligned with
the question goal. We formulate the rubric genera-
tion step as

C = ϕrub(I, q, y
+, v) (9)

where y+ is the reference answer, v is the visual
clue profile, and ϕrub denotes a teacher model or a
trained rubric generator. The output rubric is a set
of criteria

C = {c1, c2, . . . , cK} (10)

Each criterion is represented as

ck = (dk, rk, ak, tk) (11)
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where dk is the evaluation dimension, rk is a
natural language requirement, ak is an evidence
anchor, and tk is a failure mode tag or scoring rule.

We organize criteria into four dimensions: Per-
ception, Grounding, Inference, Answer.

Perception criteria check whether the response
correctly reads or identifies visual elements.
Grounding criteria check whether claims are linked
to the correct visual evidence. Inference criteria
check whether the response performs valid reason-
ing over the perceived and grounded evidence. An-
swer criteria check whether the final response sat-
isfies the required content, format, unit, option, or
safety constraint.

Evidence grounding is a key requirement in
rubric generation. For Perception, Grounding, and
Inference criteria, the evidence anchor ak should
refer to a concrete visual clue, such as an OCR
span, an object reference, a region description, or a
bounding box. The number of criteria is not fixed
across samples. Instead, MM-VeriRubric allocates
criteria according to the required operations and
anticipated failure modes in v, so samples involv-
ing OCR, chart reading, spatial binding, or multi
step reasoning can receive denser coverage. The
resulting rubric serves not only as an evaluation
specification, but also as the basis for rejected re-
sponse construction and consistency verification,
so each criterion is encouraged to be atomic, verifi-
able, and non redundant.

4.3 Rubric-Aligned Rejected Response
Construction

After generating the rubric, MM-VeriRubric con-
structs controlled rejected responses to form veri-
fiable preference pairs. For each sample, we treat
the reference answer as the chosen response:

y+ = yref (12)

We consider four controllable error dimensions,
for each target dimension d ∈ D, we generate a
rejected response by

y−d = ϕrej(I, q, y
+, C, d) (13)

where ϕrej is a rejected response generator im-
plemented by a teacher model.

The generated response y−d is required to vio-
late criteria associated with the target dimension
d, while keeping the other dimensions in D \ {d}
as unchanged as possible. A Perception corruption
changes what the response reads or identifies from

the image. A Grounding corruption preserves the
perceived information but links it to a wrong region,
entity, or evidence source. An Inference corruption
keeps the relevant evidence but introduces an in-
valid reasoning step. An Answer corruption keeps
the supporting process mostly intact but changes
the final answer, format, unit, or option.

Beyond single-dimension corruptions, MM-
VeriRubric can also construct mixed corruptions
y−di,dj to simulate more complex failure modes in-
volving two dimensions. We define the single-
dimension and mixed rejected response sets as

Y−
single = {y−d | d ∈ D},

Y−
mix = {y−di,dj | di, dj ∈ D, di ̸= dj}

(14)

and let

Y− = Y−
single ∪ Y−

mix (15)

In addition, we construct a semantic preserving
surface rewrite y0, which changes only the word-
ing of y+ while preserving its meaning. These
responses allow the framework to test both sensitiv-
ity to true errors and robustness to harmless surface
variations. The resulting preference set is

P(x) = {(y+, y−) | y− ∈ Y−} (16)

These controlled preference pairs are not directly
kept as final training data, but are passed to the
consistency verification step to test whether the
rubric can recognize the injected error dimension.

4.4 Consistency Verification and Model
Training Data Construction

After constructing controlled rejected responses,
MM-VeriRubric performs consistency verification
to check whether the generated rubric is executable,
stable, and aligned with the injected error dimen-
sions. For a response y and a criterion ck, we define
criterion level scoring as

sk(y) = gθ(I, q, y, ck), sk(y) ∈ {0, 1} (17)

where gθ denotes a rubric conditioned judge.
The overall rubric score of y is computed by

S(y; C) =
K∑

k=1

sk(y) (18)

For each rejected response y− ∈ Y−, the rubric
should prefer the reference response:

S(y+; C) > S(y−; C) (19)
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We further define the criteria associated with
dimension d as

Cd = {ck ∈ C | dk = d} (20)

For a single-dimension rejected response y−d , the
score drop on dimension d′ is

∆d′(y
−
d ) =

∑

ck∈Cd′

(
sk(y

+)− sk(y
−
d )

)
. (21)

A valid rejected response should mainly reduce
the score of the target dimension, which can be
checked by

∆d(y
−
d ) ≥ ∆d′(y

−
d ), ∀d′ ̸= d. (22)

At the same time, the non target dimensions should
remain stable, so large unexpected drops on Cd′
indicate that the corruption has changed more than
the intended error type. For the semantic preserving
surface rewrite y0, the rubric should give a similar
score to the reference answer:

|S(y+; C)− S(y0; C)| ≤ ϵ. (23)

Criteria that fail on y+, over penalize y0, or can-
not distinguish the injected error are removed or
marked as unstable.

The verified samples are then converted into two
types of training data. We denote the filtered rubric
as

C̃ = Filter(C, y+,Y−, y0). (24)

For rubric generation, each sample is represented
as

Dgen = {(I, q, y+, v) → C̃}, (25)

and the generator is trained with the autoregressive
objective

Lgen = − log pθ(C̃ | I, q, y+, v). (26)

For rubric aware reward modeling, each verified
preference pair is converted into a supervised judge
generation sample:

Drm = {(I, q, C̃, ya, yb) → z}, (27)

where ya and yb are the two candidate responses
in randomized order, and z contains criterion level
judgments and the final preference decision. The
rubric aware reward model is also trained with an
autoregressive SFT objective:

Lrm = − log pθ(z | I, q, C̃, ya, yb). (28)

Through this verification and data construction pro-
cess, MM-VeriRubric turns teacher generated vi-
sual clues, evidence grounded rubrics, and con-
trolled preference pairs into trainable multimodal
reward modeling data with explicit diagnostic struc-
ture.

5 Experiments

5.1 Experimental Setup

Training Data. We construct MM-VeriRubric
training data from a mixture of image text in-
struction and reasoning datasets, including Sci-
enceQA(Saikh et al., 2022), MathV360K(Shi
et al., 2024), VLGuard(Zong et al., 2024),
ShareGPT4V(Chen et al., 2024b), ALLaVA(Chen
et al., 2024a), and MANTIS(Jiang et al., 2024).
These sources cover general visual question answer-
ing, mathematical reasoning, safety related queries,
open ended instruction following, and multi image
understanding. We use the pipeline described in
Section 4 to generate visual clue profiles, evidence
grounded rubrics, controlled rejected responses,
and verified preference pairs. The final training set
contains 15,000 samples for the rubric generator
and 10,000 samples for the rubric aware reward
model. All evaluation benchmarks are kept as held
out test sets and are not used in rubric synthesis or
reward model training.

Models and Training. We train two types of
models. The first model is a rubric generator, which
takes an image, a question, a reference answer, and
the visual clue profile as input, and outputs an ev-
idence grounded rubric. The second model is a
rubric aware reward model, which compares two
candidate responses under the generated rubric and
predicts the better response together with criterion
level judgments. Both models are trained with su-
pervised fine tuning using the LLaMA-Factory mul-
timodal conversation format. We report two model
scales, MM-VeriRubric-4B and MM-VeriRubric-
8B, to study whether the proposed data construc-
tion framework remains effective across different
backbone sizes. During inference, the rubric gen-
erator first produces an instance specific rubric for
each test sample, and the reward model then per-
forms rubric conditioned pairwise comparison.

Evaluation Benchmarks. We evaluate re-
ward modeling performance on three held
out multimodal reward model benchmarks:
VL-RewardBench(Li et al., 2025), MM-
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Table 1: Evaluation Results of Multimodal Reward Modeling. We compare MM-VeriRubric with proprietary
models, open-source models, and open-source reward models. All benchmarks are evaluated by pairwise accuracy.

Model / Method VL-RewardBench MM-RewardBench MMRB2-Reasoning Avg.

Proprietary Models without Rubrics
GPT-4o 65.8 71.5 51.9 63.1
Claude-3.5-Sonnet 55.3 72.0 – –
Gemini-2.5-Pro 71.2 73.3 66.6 70.4

Open-Source Models
Qwen3-VL-4B 52.2 59.8 50.8 54.3
Qwen3-VL-8B 54.1 60.1 51.2 55.1

Open-Source Reward Models
Skywork-VL-Reward-7B 61.2 67.0 53.4 60.5
IXC-2.5-Reward-7B 66.6 68.8 52.3 62.6
Omni-RRM-7B (sft) 60.4 61.0 51.5 57.6

Ours
MM-VeriRubric-4B 69.3 67.7 52.6 63.2
MM-VeriRubric-8B 70.5 70.2 53.8 64.8

Table 2: Ablation Studies of MM-VeriRubric-8B. We
evaluate the contribution of key rubric construction com-
ponents on VL-RewardBench. All results are reported
by pairwise accuracy.

Variant VL-RewardBench

Full MM-VeriRubric 70.5
w/o visual clue extraction 67.4
w/o rubric filter 62.3
reference answer only 54.7

Table 3: Downstream Best-of-N Evaluation. We com-
pare single-sample generation with Best-of-N selection
using MM-VeriRubric-8B. Results are reported using
each benchmark’s official metric.

Dataset Single BoN Gain

HallusionBench 63.4 65.8 +2.4
MathVista 64.6 67.9 +3.3
MMMU-Pro 45.3 58.4 +13.1

RewardBench(Yasunaga et al., 2025), and
MMRB2-Reasoning(Hu et al., 2025). To further
test whether the reward model can serve as an
inference time selection signal, we also conduct
Best of N experiments on HallusionBench(Guan
et al., 2024), MathVista(Lu et al., 2024), and
MMMU-Pro(Yue et al., 2025).

Baselines and Metrics. We compare MM-
VeriRubric with four groups of baselines. The first
group includes proprietary multimodal judges with-
out rubrics, such as GPT-4o(Hurst et al., 2024),
Claude-3.5-Sonnet, and Gemini-2.5-Pro(Comanici
et al., 2025). The second group includes open
source VLM judges, such as Qwen3-VL-4B and
Qwen3-VL-8B(Bai et al., 2025). The third group

includes existing open source reward models, such
as Skywork-VL-Reward-7B(Wang et al., 2025b),
IXC-2.5-Reward-7B(Zang et al., 2025), and Omni-
RRM-7B. For reward model benchmarks, we report
pairwise accuracy on each benchmark and the aver-
age accuracy across benchmarks. For downstream
Best of N evaluation, we report each benchmark’s
official task metric after selecting the best response
with the reward model.

5.2 Evaluation Results of Multimodal Reward
Modeling

Table 1 reports pairwise accuracy on three mul-
timodal reward modeling benchmarks. MM-
VeriRubric achieves strong performance among
open source models and reward models. The
8B model obtains an average accuracy of 64.8,
outperforming Qwen3-VL-8B, Omni-RRM-7B,
Skywork-VL-Reward-7B, and IXC-2.5-Reward-
7B by 9.7, 7.2, 4.3, and 2.2 points, respectively.
This shows that evidence grounded rubrics and ver-
ified preference pairs provide effective supervision
for multimodal reward modeling.

On VL-RewardBench, MM-VeriRubric-8B
reaches 70.5, achieving the best result among
open source methods and approaching Gemini-2.5-
Pro. On MM-RewardBench, it also outperforms
all open source reward model baselines, indicat-
ing that rubric aware comparison helps the model
judge responses through explicit criteria rather than
only holistic preference signals. On MMRB2-
Reasoning, all open source methods remain far
behind Gemini-2.5-Pro, showing that reasoning in-
tensive reward modeling is still challenging. Never-
theless, MM-VeriRubric-8B achieves the best open
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source result on this benchmark.
Comparing the two model scales, MM-

VeriRubric-8B consistently improves over MM-
VeriRubric-4B across all benchmarks. This sug-
gests that the proposed data construction frame-
work scales with model capacity and can improve
multimodal preference judgment without relying
on proprietary judges at inference time.

5.3 Ablation Studies
Table 2 shows the ablation results on VL-
RewardBench. Removing visual clue extraction
decreases accuracy from 70.5 to 67.4, indicating
that task aware visual evidence helps generate more
grounded and useful rubrics. Removing the rubric
filter causes a larger drop to 62.3, showing that
consistency verification is important for filtering
unstable criteria and invalid preference pairs.

The reference answer only variant performs the
worst, with an accuracy of 54.7. This suggests
that rubrics cannot be reliably constructed from
the final answer alone, because the model loses
access to the question context, visual evidence, and
task specific failure modes. Overall, these results
show that both evidence grounding and verification
are necessary for effective rubric based multimodal
reward modeling.

5.4 Downstream Best-of-N Evaluation
Table 3 and Fig.3 reports downstream Best of N
results using MM-VeriRubric-8B as the selection
model. Compared with single sample generation,
Best of N selection improves performance on all
three benchmarks, showing that MM-VeriRubric
can provide useful reward signals for inference
time response selection.

The gains are 2.4 points on HallusionBench, 3.3
points on MathVista, and 13.1 points on MMMU-
Pro. The largest improvement appears on MMMU-
Pro, suggesting that rubric aware selection is es-
pecially helpful for challenging multi domain rea-
soning tasks where candidate responses differ in
perception, grounding, reasoning, and final answer
quality. These results indicate that MM-VeriRubric
is not only effective for reward model benchmarks,
but can also improve downstream multimodal rea-
soning through response selection.

6 Conclusion

Multimodal reward modeling requires fine grained,
interpretable, and diagnostic evaluation signals, be-
cause outcome level rewards often cannot explain
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Figure 3: Best-of-N Select.

whether an error comes from visual perception,
evidence grounding, reasoning, or final answer
formulation. In this paper, we introduced MM-
VeriRubric, a framework for scalable construction
of evidence grounded multimodal rubrics and train-
ing data for both a rubric generator and a rubric
aware reward model. MM-VeriRubric extracts task
aware visual clue profiles, generates four dimen-
sional rubrics over Perception, Grounding, Infer-
ence, and Answer, and constructs controlled re-
jected responses to verify whether each rubric can
identify targeted error types. Experiments on mul-
timodal reward modeling benchmarks and down-
stream Best of N tasks show that MM-VeriRubric
improves preference judgment and provides more
structured selection signals for multimodal reason-
ing. Overall, our work moves multimodal rubric
reward from textual evaluation criteria toward a vi-
sually grounded, verifiable, and trainable data con-
struction framework for future multimodal RLHF
and reward model alignment.

Limitations

Reliance on Teacher-Generated Supervision.
MM-VeriRubric relies on strong teacher models to
generate visual clue profiles, evidence grounded
rubrics, and controlled rejected responses. Al-
though the consistency verification step filters un-
stable criteria and invalid preference pairs, it cannot
fully remove all teacher model errors. If the teacher
model misreads the image, overlooks important ev-
idence, or expresses biased evaluation preferences,
such errors may be inherited by the generated train-
ing data. This limitation suggests that future work
can combine multiple teachers, human auditing, or
uncertainty based filtering to further improve the
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reliability of rubric supervision.

Task and Modality Coverage. This work fo-
cuses mainly on image text question answering,
visual reasoning, and text response evaluation. The
current framework is not yet fully evaluated on
video understanding, image generation, image edit-
ing, long horizon multimodal interaction, or com-
plex interleaved outputs that mix text with visual
content. These settings may require different forms
of evidence anchors and different definitions of
response quality. Extending MM-VeriRubric to
broader multimodal tasks is an important direction
for future work.

Verification Boundaries and Downstream Gen-
eralization. Controlled rejected responses and
consistency filtering allow MM-VeriRubric to test
whether a rubric can recognize specified error di-
mensions, but they do not guarantee that the rubric
covers every possible failure mode. A response
may contain subtle factual, pragmatic, or safety
related issues that are not captured by the gener-
ated criteria. In addition, our downstream evalu-
ation focuses on reward model benchmarks and
Best of N selection, while full policy optimization
with multimodal RLHF remains to be further ex-
plored. Future work can study how rubric aware
reward models behave when they are used as train-
ing rewards for policy models rather than only as
inference time judges.

Ethical Considerations

This work aims to improve the interpretability and
diagnostic value of multimodal reward modeling,
rather than to generate, manipulate, or amplify user
facing content. Multimodal data may contain peo-
ple, sensitive attributes, or privacy related informa-
tion, so the construction and use of such data should
respect the licenses of the original datasets, filter
sensitive samples when necessary, and avoid de-
ployment in unaudited high risk scenarios. Rubric
aware reward models should not be treated as ab-
solute arbiters without human review, especially in
safety critical, medical, or legal settings. We reduce
the risk of erroneous reward signals through held
out evaluation, controlled rejected responses, con-
sistency filtering, and human inspection, but these
procedures cannot fully eliminate misjudgment or
inappropriate evaluation criteria.
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Appendix

A Dataset Construction

A.1 Data Sources and Filtering

We construct the MM-VeriRubric training pool
from six image text datasets: ScienceQA,
MathV360K, VLGuard, ShareGPT4V, ALLaVA,
and MANTIS. These datasets are selected to cover
complementary multimodal abilities, including
general visual question answering, mathematical
visual reasoning, safety related queries, open ended
instruction following, and multi image understand-
ing. After preprocessing, each sample is converted
into a unified format containing an image or image
list, a question, and a reference answer. The data
construction pipeline then augments each sample
with a task aware visual clue profile, an evidence
grounded rubric, controlled rejected responses, and
consistency verification results.

To avoid evaluation leakage, we exclude all
benchmark samples used for final evaluation from
the synthesis pool. In particular, VL-RewardBench,
MM-RewardBench, MMRB2-Reasoning, Hallu-
sionBench, MathVista, and MMMU-Pro are used
only as held out evaluation sets and are not used
during rubric synthesis, rejected response construc-
tion, or reward model training. We also remove
samples with missing images, invalid reference
answers, malformed JSON records, or duplicated
sample identifiers. The final synthesis pool and
data distribution are shown in Fig.4.

A.2 Rubric Synthesis Statistics

Criteria number distribution is shown in Fig.5.

A.3 Consistency Verification Statistics

Consistency Verification Statistics are shown in
Fig.6
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B Implementation Details

B.1 Model Training Details

We train two models in MM-VeriRubric: a rubric
generator and a rubric aware reward model. The
rubric generator is initialized from an instruction
tuned vision language backbone and is trained to
produce instance specific evaluation criteria from
an image, a question, a reference answer, and a task
aware visual clue profile. The rubric aware reward
model is initialized from the same backbone family
and is trained as a pairwise multimodal judge. It
takes an image, a question, a rubric, and two candi-
date responses as input, then outputs criterion level
pass or fail judgments, two response scores, and the
final preferred response. In the main experiments,
we report two model scales, MM-VeriRubric 4B
and MM-VeriRubric 8B, with backbone models
set to Qwen3-4B-VL-Instruct and Qwen3-8B-VL-
Instruct.

Both models are trained with supervised fine
tuning using the multimodal conversation format
supported by LLaMA-Factory. For the rubric gen-
erator, we use 15,000 training examples converted
from the rubric synthesis stage. Each example

contains one user turn with the image, question,
reference answer, and generation instruction, and
one assistant turn with the target rubric. For the
rubric aware reward model, we use 10,000 training
examples converted from the consistency verified
preference pairs. Each example contains the im-
age, question, rubric, Response A, and Response B
as input, and a structured JSON output containing
criterion judgments, response scores, the better re-
sponse label, and a short justification. The order of
Response A and Response B is randomly shuffled
during data construction to reduce position bias.

Table 4 summarizes the main training configura-
tion.

B.2 Reward Model Evaluation Details

We evaluate MM-VeriRubric as a rubric condi-
tioned pairwise judge on held out reward model
benchmarks. For each evaluation sample, the input
contains an image I , a question q, two candidate re-
sponses yA and yB , and a human preference label
g ∈ {A,B}. In the rubric based evaluation set-
ting, an instance specific rubric C is first generated
for the sample, and the reward model is prompted
with (I, q, C, yA, yB). The model is required to
output a JSON object containing criterion level
judgments, two response scores, and a final field
better_response. The final pairwise prediction
is parsed from this field:

ĝ = Parse (fθ(I, q, C, yA, yB)) , ĝ ∈ {A,B}.

A prediction is counted as correct when ĝ = g,
after accounting for the displayed response order.

The evaluation protocols follow the official set-
tings of each benchmark. For VL-RewardBench,
we perform K = 10 repeated judgments for each
sample and randomly swap the response order in
each run. Each run is mapped to one of three sta-
tuses: agree, reject, or doesntMatch. The final
status of a sample is determined by majority vot-
ing over the K runs. Following the official proto-
col, normalized accuracy is computed over samples
whose final status is either agree or reject, while
doesntMatch and tie cases are excluded from the
denominator:

AccVL =
Nagree

Nagree +Nreject
.

For MM-RewardBench, we use K = 1 infer-
ence by default. In rubric based evaluation, the
order of Response A and Response B is randomly
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Setting Rubric Generator Rubric Aware Reward Model

Backbone Qwen3-8B-VL-Instruct Qwen3-8B-VL-Instruct
Training examples 15,000 10,000
Training objective SFT SFT
Data format LLaMA-Factory multimodal conversation LLaMA-Factory multimodal conversation
Learning rate 1e-5 1e-5
Global batch size 32 32
Epochs 4.0 4.0
Tuning method full fine tuning full fine tuning
Hardware 8*H20 8*H20

Table 4: Training configuration for the rubric generator and the rubric aware reward model.

swapped with a fixed seed, and the parsed predic-
tion is mapped back to the original candidate order
before comparison with the human label. If the
output cannot be parsed into a valid preference la-
bel, we follow the benchmark evaluation script and
assign a random label with the fixed seed. We re-
port overall pairwise accuracy and macro averaged
accuracy over benchmark subcategories:

AccMMRB =
1

N

N∑

i=1

I[ĝi = gi].

For MMRB2-Reasoning, we follow the bidirec-
tional evaluation protocol. Each sample is eval-
uated once in the forward order and once in the
reverse order. In the forward run, Response A
corresponds to the first candidate and Response
B corresponds to the second candidate. In the re-
verse run, the candidate order is swapped, and the
predicted label is flipped back before comparison
with the original human label. The final accuracy is
computed over all forward and reverse judgments:

AccMMRB2 =
1

2N

N∑

i=1

(
I[ĝfwd

i = gi]

+ I[Flip(ĝrevi ) = gi]
)
.

As in MM-RewardBench, invalid JSON outputs or
missing preference labels are replaced by a random
A or B decision using the fixed evaluation seed.

B.3 Downstream Best of N Details
We evaluate downstream Best of N selection
on HallusionBench, MathVista, and MMMU-Pro.
These experiments test whether the rubric aware re-
ward model can improve final task performance by
selecting a better answer from multiple candidate
responses. For each input x = (I, q), we first use a
base vision language model to generate one greedy
response and Nmax sampled responses:

Y(x) = {y1, . . . , yNmax}.

In our experiments, the base generator is Qwen3-
VL-8B-Instruct, and sampled responses are gen-
erated with temperature 0.7 and maximum output
length 2048 tokens. We evaluate the scaling behav-
ior at

N ∈ {1, 2, 3, 4, 5}.
The greedy response is evaluated as the baseline,
while BoN@N uses the first N sampled responses
as the candidate set.

For each downstream sample, the rubric gener-
ator first produces an instance specific rubric Cx.
The rubric aware reward model then selects the best
response through sequential pairwise elimination.
Given a candidate set YN (x) = {y1, . . . , yN}, we
randomly shuffle the candidates with a fixed seed
and initialize the first candidate as the current best
response. The reward model compares the current
best response with each remaining candidate under
the same rubric:

wt = RMθ(I, q, Cx, ybest, yt), wt ∈ {A,B}.

If the model selects B, the challenger replaces the
current best response. After N − 1 comparisons,
the final selected response is

ŷN = Selectθ(I, q, Cx,YN ).

This sequential procedure requires N − 1 reward
model calls for each BoN@N setting and avoids
comparing all candidate pairs.

The curve shows the official task metric as N
increases from 1 to 5. This analysis is intended to
show whether the reward model provides a stable
selection signal when the candidate pool becomes
larger. A useful reward model should improve over
the greedy response and should generally maintain
or improve performance as more sampled candi-
dates become available.

The answer extraction and scoring procedure fol-
lows the official format of each downstream bench-
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mark. For HallusionBench, model outputs are con-
verted into Yes or No labels, and we report aAcc,
fAcc, and qAcc. The aAcc metric measures per
question accuracy, fAcc requires all questions un-
der the same figure group to be correct, and qAcc
requires all variants of the same question group to
be correct. For MathVista, answers are normalized
according to question type and answer type. Multi-
ple choice answers are mapped to option text, inte-
ger and float answers are normalized numerically,
and text answers are compared after extraction. For
MMMU-Pro, we extract the final option letter from
A to J and report overall accuracy, together with
subject level and difficulty level breakdowns.

C Additional Experimental Results

C.1 Diagnostic Analysis
We further analyze whether the generated rubrics
can localize the intended error dimension. For each
retained preference pair that passes consistency ver-
ification, we use the injected corrupted dimension
as the target dimension d⋆. We then compute the
score drop of each rubric dimension from the cho-
sen response to the rejected response:

∆d = Sd(y
+)−Sd(y

−), Sd(y) =
passedd(y)

totald
.

The detected failure dimension is defined as the
dimension with the largest score drop:

d̂ = argmax
d∈D

∆d.

This gives a dimension confusion matrix between
the intended corrupted dimension d⋆ and the de-
tected dimension d̂. Table 5 reports the row nor-
malized results over 10,605 retained samples.

The matrix shows that Grounding and Inference
errors are most clearly localized. When the corrup-
tion targets Grounding, the detected dimension is
also Grounding in 60.6 percent of retained samples.
When the corruption targets Inference, the detected
dimension is Inference in 46.8 percent of retained
samples. This result suggests that evidence bind-
ing errors and reasoning errors produce relatively
stable rubric score drops, so the rubric can often
identify the intended failure source rather than only
ranking the two responses holistically.

The Perception and Answer rows are more dif-
fuse. Perception corruptions are detected as Per-
ception in 22.5 percent of samples, but they are
also frequently detected as Grounding or Inference.

This pattern is reasonable because visual percep-
tion errors often propagate to downstream evidence
binding and reasoning criteria. If a response reads
the wrong object, OCR span, number, or visual
relation, later claims may also be grounded in the
wrong evidence or lead to an invalid inference. An-
swer corruptions are detected as Answer in 26.6
percent of samples, but they are also often reflected
in Grounding and Inference. This indicates that
final answer errors are not always isolated at the
output layer, since an incorrect final answer may
be accompanied by weaker reasoning or evidence
use.

Overall, the confusion matrix supports the diag-
nostic value of MM-VeriRubric. The strong diago-
nal values for Grounding and Inference show that
the rubric has meaningful dimension localization
ability. The off diagonal patterns also reveal natural
dependencies among error dimensions, especially
the propagation from Perception to Grounding and
Inference. This analysis suggests that the proposed
four dimensional rubric is not merely a scoring
template, but also a useful tool for understanding
how multimodal errors emerge and interact.

D Prompt Templates

This appendix provides the main prompt tem-
plates used in MM-VeriRubric. The tem-
plates use placeholder fields such as {query},
{reference_answer}, {visual_clue_profile},
{rubric_json}, and {response_a}. In multi-
modal calls, the image is provided together with the
user message through the vision language model
interface.

D.1 Task-Aware Visual Clue Extraction
Prompt

Task-Aware Visual Clue Extraction: System
Prompt

You are an expert visual analysis assistant.
Your task is to extract a structured
Visual Clue Profile from a given image
and question pair.

The Visual Clue Profile captures the key
visual evidence, reasoning operations,
and potential failure modes needed to
answer the question correctly.

You must output only a valid JSON object
with the following fields:

{
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Corrupted / Detected Perception Grounding Inference Answer

Perception 22.5 31.1 25.9 20.5
Grounding 6.9 60.6 20.3 12.2
Inference 7.4 26.3 46.8 19.4
Answer 11.0 28.3 34.1 26.6

Table 5: Dimension confusion matrix between the injected corrupted dimension and the detected failure dimension.
Each row is normalized to 100 percent.

"target_entities": [
"List of key entities in the image that
are relevant to answering the question."

],
"evidence_anchors": [

{
"type": "bbox | ocr_span | object_ref

| region_desc",
"value": "Description of the visual

evidence anchor"
}

],
"required_operations": [

"identify | compare | count | rank |
calculate | read | locate | infer |
verify"

],
"answer_type": "category_name | number |

short_text | option | yes_no | list",
"query_constraints": [

"Explicit or implicit constraints from
the question"

],
"anticipated_failure_modes": [

"Potential errors a vision language
model may make"

]
}

Rules:
1. The image is the primary source of truth.
2. Be specific and concrete.
3. For evidence anchors, choose the most

appropriate type.
4. For anticipated failure modes, focus on

errors that may affect the final answer.
5. Output only the JSON object.

Task-Aware Visual Clue Extraction: User
Prompt

Question:
{query}

Please analyze the image and the question
above, then extract the Visual Clue
Profile as a JSON object.

D.2 Evidence-Grounded Rubric Generation
Prompt

Evidence-Grounded Rubric Generation:
System Prompt

You are an expert rubric designer for
evaluating vision language model
responses.

Given an image, a question, a reference
answer, and a visual clue profile,
generate a set of evaluation criteria.
The rubric must be organized into
exactly four dimensions.

Dimension definitions:

1. Perception
Tests whether the response correctly reads

or identifies raw visual elements from
the image. This includes OCR text,
numbers, object names, colors, shapes,
sizes, counts, attributes, labels, and
legends.

2. Grounding
Tests whether the response binds a claim to

the correct visual evidence. This
includes spatial attribution, entity
evidence linkage, and reference
resolution.

3. Inference
Tests whether the response performs valid

reasoning over correctly perceived and
grounded evidence. This includes
comparison, calculation, ranking, trend
analysis, logical deduction, and multi
step reasoning.

4. Answer
Tests whether the final answer satisfies the

question requirements in content,
format, unit, option selection,
completeness, and safety.

Rules for each criterion:
1. Each criterion tests exactly one thing.
2. Each criterion is concise and

independently verifiable.
3. Perception, Grounding, and Inference

criteria should include a visual
evidence anchor.

4. Criteria should avoid redundant coverage
across dimensions.
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5. The image is the primary source of truth.
6. Generate more criteria for dimensions

where more errors can occur for this
specific question.

Output only a valid JSON object:

{
"criteria": [

{
"dimension": "Perception | Grounding |
Inference | Answer",
"criterion": "One atomic, concise, and
verifiable sentence.",
"anchor": {
"type": "bbox | ocr_span |

object_ref | region_desc | null",
"value": "Specific visual evidence,

or null if not applicable"
},
"scoring_rule": "binary",
"failure_mode_tag": "short snake case

tag"
}

]
}

Evidence-Grounded Rubric Generation:
User Prompt

Question:
{query}

Reference Answer:
{reference_answer}

Visual Clue Profile:
{visual_clue_profile}

Based on the image, the question, the
reference answer, and the visual clue
profile above, generate the four
dimensional evaluation rubric as a JSON
object.

D.3 Rubric-Aligned Rejected Response
Construction Prompt

Rubric-Aligned Rejected Response Con-
struction: System Prompt

You are an expert at constructing controlled
error variants of vision language model
responses for rubric quality testing.

Given a correct reference answer to an image
based question and an evaluation rubric
, construct exactly seven rejected
responses with specific and controlled
errors.

The four evaluation dimensions are:

1. Perception
Corrupt raw visual reading or identification.

Examples include wrong numbers, wrong
text, wrong colors, wrong object names,
or incorrect counts.

2. Grounding
Keep the perceived elements correct but bind

them to the wrong region, object, text
span, or entity.

3. Inference
Keep perception and grounding correct but

introduce an invalid calculation,
comparison, ranking, or logical step.

4. Answer
Keep perception, grounding, and reasoning

correct but change only the final stated
answer, format, unit, or option.

Required outputs:

Type A. Single dimension errors
Construct four responses. Each response

corrupts exactly one dimension:
perception, grounding, inference, and answer.

Type B. Mixed dimension errors
Construct two responses. One corrupts

perception and inference. The other
corrupts grounding and answer.

Type C. Surface rewrite
Rewrite the reference answer with a

different surface form but identical
meaning.

Rules:
1. Single dimension errors must only corrupt

the target dimension.
2. Mixed errors must corrupt exactly the

specified two dimensions.
3. The surface rewrite must preserve the

same facts, reasoning, and final answer.
4. All responses should sound natural and

fluent.
5. Corruptions should be subtle enough to

require careful checking.
6. Each response should be approximately the

same length as the reference answer.
7. Include a brief corruption description

for each rejected response.
8. Output only a valid JSON object.

Output format:

{
"single_dim": {
"perception": {

"response": "...",
"corruption_description": "..."

},
"grounding": {

"response": "...",
"corruption_description": "..."

},
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"inference": {
"response": "...",
"corruption_description": "..."

},
"answer": {
"response": "...",
"corruption_description": "..."

}
},
"mixed": {

"perception_inference": {
"response": "...",
"corruption_description": "..."

},
"grounding_answer": {
"response": "...",
"corruption_description": "..."

}
},
"surface_rewrite": {

"response": "...",
"rewrite_description": "..."

}
}

Rubric-Aligned Rejected Response Con-
struction: User Prompt

Question:
{query}

Reference Answer:
{reference_answer}

Evaluation Rubric:
{rubric_json}

Please construct the seven rejected
responses as a JSON object.

D.4 Consistency Verification and Reward
Model Evaluation Prompts

Consistency Verification: System Prompt

You are an expert evaluator for vision
language model responses.

Given an image, a question, an evaluation
rubric, and two candidate responses
labeled Response A and Response B, score
each response on each criterion.

Scoring rules:
1. For each criterion, judge whether the

response satisfies it. Use 1 for pass
and 0 for fail.

2. Judge each criterion independently.
3. Judge each response independently.
4. Use the image as the primary source of

truth when checking Perception and
Grounding criteria.

5. Evaluate only what each criterion asks.

6. Be strict and precise.
7. The labels A and B are arbitrary.
8. After scoring, write a concise

justification explaining why the higher
scoring response is better. Mention
concrete errors using the dimension
names Perception, Grounding, Inference,
and Answer.

Output only a valid JSON object:

{
"Response A": [1, 0, 1],
"Response B": [0, 1, 1],
"justification": "A concise explanation of

the preference."
}

Consistency Verification: User Prompt

Question:
{query}

Evaluation Criteria:
{criteria_text}

Responses to Score:

[Response A]
{response_a}

[Response B]
{response_b}

Score each response on each criterion. Use 1
for pass and 0 for fail. Output the
JSON object.

Rubric-Aware Reward Model Evaluation:
System Prompt

You are a rubric based evaluation judge for
image text question answering tasks.
Your job is to compare two candidate
responses, Response A and Response B, to
a question about an image, using a
provided set of evaluation criteria.

Input:
1. An image related to the question.
2. A question about the image.
3. A numbered rubric. Each criterion is an

atomic and verifiable check item.
4. Two candidate responses.

Evaluation procedure:
For each criterion, judge whether each

response satisfies it. Use "pass" if the
response clearly satisfies the
criterion. Use "fail" if the response
does not satisfy or only partially
satisfies it.
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After evaluating all criteria, count the
total number of passed criteria for each
response. The response with the higher
score is the better one.

Output only a single JSON object:

{
"criteria_judgments": [

{
"criterion_index": 1,
"response_a": "pass or fail",
"response_b": "pass or fail"

}
],
"score_a": "<total pass count for Response

A>",
"score_b": "<total pass count for Response

B>",
"better_response": "A or B",
"justification": "A concise explanation of

why the better response is preferred."
}

Rules:
1. Evaluate each criterion independently

based on the image and the rubric.
2. Do not let length, fluency, or style

influence the judgment.
3. If both responses score equally, choose

the one that is more precise and concise
.

4. If the tie still remains, output A.
5. In the justification, describe concrete

errors using dimension names.
6. Output only the JSON object.

Rubric-Aware Reward Model Evaluation:
User Prompt

Question:
{query}

Rubric:
{rubric_text}

Response A:
{response_a}

Response B:
{response_b}

Please evaluate both responses against the
rubric and output your judgment as JSON.

E Case Study
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 Chart Reading

Type Criterion / Reference Rationale / Credit

Perception  

①Read the numeric label above 
the 2014 bar as '1286.56'
②Identify that the 2014 bar is the 
one labeled '2014' on the x-axis
③Perceive the y-axis unit title as 
'in million euros'

A:  ① Correctly reads 1286.56               /1; 
      ② Correctly identifies 2014 bar        /1;   
      ③ Perceives unit (implicitly correct)/1

B:  ① Reads 1167.23 (2015 value)       /0;   
      ② Misidentifies bar (likely 2015)   /0; 
      ③ Perceives unit correctly               /0

Grounding
Associate the value '1286.56' with 
the bar corresponding to year 
2014 (not 2013 or 2015)

A: Correctly associates 1286.56 with 2014   
     bar                                                       /1

B: Incorrectly associates with 2015 bar  
    (1167.23)                                            /0

Inference

State the total value for private 
equity investments in 2014 as the 
chart label value without 
changing it

A: Correctly uses 1286.56                       /1 B: Incorrectly uses 2015 value              /0

Answer Final answer is exactly '1286.56' 
(thousands separator removed) A: Correctly outputs 1286.56                  /1 B: Incorrectly outputs 1167.23              /0

Question: 
What was the total value of private equity investments in 2014?
chosen_response (A): 
The answer is 1286.56.
rejected_response (B): 
The answer is 1167.23.

Figure 7: Chart Reading

Detailed Description

Type Criterion / Reference Rationale / Credit

Perception 
①Identify the airplane as the main subject 
②Mention that the landing gear is deployed 
③Correctly describe white-and-green paint scheme
④Note the sky and cloud background

A:  ① Correctly identifies airplane        /1;
      ② Correctly states gear deployed    /1;
      ③ Correct color description             /1;
      ④ Correct sky background               /1

B:  ① Correctly identifies airplane        /1; 
      ② Incorrectly says gear retracted     /0; 
      ③ Correct color description             /1; 
      ④ Correct sky background               /1

Grounding
①Attribute ground/airport context to the lower part 
of the image
②Link the deployed landing gear to the airplane

A: ① Correctly grounds ground context/1;          
     ② Correctly links gear to airplane     /1

B: ① Correctly grounds ground context /1;   
     ② Incorrectly claims gear retracted,    
         fails to link                                      /0                                 

Inference 
①Infer an aviation/airport scene from airplane + 
ground elements
②Infer that deployed landing gear indicates takeoff 
or landing

A: ① Correctly infers airport scene       /1;
     ② Correctly infers takeoff/landing    /1

B: ① Correctly infers airport scene        /1; 
     ② Fails to infer                                   /0

Answer 
①Final answer uses a short phrase summarizing 
the photo
②Final answer includes the airplane topic

A: ① Implicitly summarized                  /1; 
     ② Includes airplane topic                  /1

B: ① Implicitly summarized                   /1; 
     ② Includes airplane topic                   /1 

Question: 
What is this photo about?
chosen_response (A): 
The description explicitly states the landing gear is deployed, suggesting 
takeoff or landing.
rejected_response (B): 
The description incorrectly states the landing gear is retracted, otherwise 
similar.

Figure 8: Detailed Description
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General VQA

Type Criterion / Reference Rationale / Credit

Perception
Identify that the right 
individual is holding a small 
phone-like device.

A: The model correctly perceives the 
device .                                                / 1

B: The model misperceives the device as a 
camera for taking photos.                      / 0

Grounding 
Attribute the phone-like 
device to the right person, 
not the left.

A: The model grounds the interaction to   
      both individuals, consistent with 
      device use.                                      /1

B: The model incorrectly grounds the 
     activity to photography, misattributing 
     the device's purpose.                         / 0

Inference 

Infer that both individuals 
facing their held devices 
indicates a shared 
interactive activity 
(conversation).

A: The model correctly infers 
  "conversation" as the shared activity. /1             

B: The model infers "taking 
     photographs," which does not match 
     the visual evidence.                           / 0

Answer 
Final answer explicitly 
states "conversation" (or 
equivalent).

A: The model correctly infers 
"conversation" as the shared activity.  / 1

B: The model infers "taking photographs," 
which does not match the visual evidence.   
                                                               / 0

Question: 
What activity are the two individuals engaged in?
chosen_response (A): 
The two individuals appear to be engaged in a conversation.
rejected_response (B): 
The two individuals appear to be engaged in taking photographs.

Figure 9: General VQA

 Geometry

Type Criterion / Reference Rationale / Credit

Perception  
Identify the lens surface as bounded 
by a circular rim in the top-left 
opening

A: Correctly identifies lens surface 
     as  circular rim                        /1  

B: Fails to identify correctly        /0   

Grounding
Attribute the stated lens shape to the 
lens rim, not to the outer housing 
opening

A: Correctly classifies as Round /1                                              B: Incorrectly classifies as Oval   /0

Inference
Classify the geometric outline of the 
lens rim as Round rather than 
oval/rectangular

A: Correctly classifies as Round /1                                                                                         B: Incorrectly classifies as Oval    /0

Answer Final answer is the short text 'Round' A: Correctly outputs "Round"     /1                                                                   B: Incorrectly outputs "Oval"        /0

Question: 
What is the shape of the lens?
chosen_response (A): 
The answer is Round.
rejected_response (B): 
The answer is Oval.

Figure 10: Geometry
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Object Presence / Hallucination

Type Criterion / Reference Rationale / Credit

Perception  

①Identify the text label "MEN" on the 
black restroom sign
②Identify a male/restroom pictogram 
icon above the word "MEN"
③Identify the sign as a gender 
restroom sign 

A: ① Correctly identifies "MEN"                /1;
     ② Correctly identifies male pictogram   /1;     
     ③ Correctly identifies as gender restroom   
          sign                                                      /1

B: ① Fails to identify "MEN"                           /0;    
     ② Fails to identify male icon                       /0; 
     ③ Still identifies as gender restroom sign    /0

Grounding 

①Link the "MEN" text specifically to 
the black restroom sign on the right-
side wall
②Link the male pictogram icon to the 
same sign that contains the "MEN" text

A: ① Correctly links "MEN" to the right-side          
          sign                                                      /1; 
     ② Correctly links male icon to the same 
          sign                                                      /1

B: ① Incorrectly links to female sign               /0; 
     ② Incorrectly links                                       /0

Inference
Infer that the space is designated for 
men based on the male pictogram 
and/or the "MEN" label

A: Correctly infers men's space                    /1 B: Incorrectly infers women's space                  /0

Answer Final answer lists the visible gender-
designating elements A: Correctly lists male-related elements      /1 B: Lists incorrect female-related elements        /0

Question: 
What elements in this image indicate that the space is designated for a specific 
gender?
chosen_response (A): 
The image shows a sign with a symbol commonly used to represent men, indicating 
that the space is designated as a men's restroom.
rejected_response (B): 
The image shows a sign with a symbol commonly used to represent women, 
indicating that the space is designated as a women's restroom.

Figure 11: Object Presence or Hallucination
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