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Abstract

The rapid progress of large language models
(LLMs) has increased the demand for efficient
and reliable evaluation of question answering
(QA) systems. Existing evaluation methods
either rely on rule-based matching with shal-
low semantic understanding or adopt LLM-as-
a-Judge approaches that incur high cost and la-
tency while offering limited error interpretabil-
ity. Accordingly, we propose HiEval, a curricu-
lum learning based hierarchical framework for
QA task evaluation that supports both quick
scoring and fine-grained error analysis. HiEval
contains a quick scoring model (HiEval-QS)
that predicts three-level correctness labels, and
an error analysis model (HiEval-EA) that iden-
tifies incorrect responses into five error types.
HiEval incorporates a class-balanced focal loss
to handle label imbalance, experience replay
to prevent forgetting, and contrastive unlikeli-
hood optimization to improve error discrimina-
tion. We also construct two large-scale human-
annotated evaluation datasets collected from 50
QA-related datasets, covering 8 task types and
release two challenging benchmarks. Extensive
experiments show that HiEval achieves state-of-
the-art performance on both quick scoring and
error analysis tasks, outperforming all baseline
methods, including GPT-5, while being approx-
imately 25x faster.!

1 Introduction

With the rapid development of large language mod-
els (LLMs) (Zhao et al., 2025a; Yue et al., 2026a),
their performance has improved across a wide
range of chat-based tasks (Ouyang et al., 2022;
Yue et al., 2025b), increasing the need for efficient,
reliable, and fine-grained question answering (QA)
evaluation of generated responses (Kamalloo et al.,
2023). An effective QA evaluation model that sup-
ports both accurate scoring and error analysis is
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[Quick-Score Task Example]:What is the abscissa of the highest
point of each peak?

Ground Truth Answer: 563;578;592;608

Response: <think>\nSo, let's look at the graph...The peak rises from
550, peaks around 575, then falls. So the X-axis coordinate of the
highest point is 575.\n</think>575

Relaxed-Accuracy: Wrong (7, =1.255) @
GPT-5: Partial (T,,= 10097.85s) &
Qwen3-VL-4B-Instruct: Wrong (T,,= 190.71s) @
HiEval-QS(Ours): Partial (7,,= 396.55s) &

[Error-Analysis Task Example]|: In triangle ABC, the two angle
bisectors OB and OC intersect at point O. If ZA =110°, then ZBOC

A

= ()Choices:(A) 135°(B) 140°(C) 145°(D) 150°

Ground Truth Answer: 145° A(.
Response: B B

GPT-5: Wrong; Reasoning Error (T ;= 13899.91s) @

Qwen3-VL-4B-Instruct: Wrong; Reasoning Error (T,,=757.59s) @
HiEval-EA(Ours): Wrong; Other (7,,=501.28s) &

Figure 1: Comparison of complex QA evaluation. Ty;;
is the total time required to complete all sample tests.

essential for measuring model quality and guid-
ing iterative improvement (Madaan et al., 2023).
Existing evaluation methods can be categorized
into two main types: rule-based methods (Pap-
ineni et al., 2002; Li et al., 2024b) are fast and
stable but rely mainly on surface-level features,
limiting their ability to assess complex reasoning
and open-ended generation. In contrast, LLM-as-
a-Judge approaches use LLMs to approximate hu-
man judgments, including prompt-based (Fu et al.,
2023; Zhang et al., 2025), tuning-based (Chen et al.,
2023a; Kim et al., 2024b), and post-processing
methods (Xia et al., 2024; Yang et al., 2024).
However, existing methods face several chal-
lenges in QA evaluation. First, rule-based match-
ing often underestimates model performance due to
limited semantic understanding (Wang et al., 2023).
Second, most LL.M-as-a-Judge approaches depend
on commercial APIs (e.g., GPT-40), which provide
strong accuracy but incur high cost and latency, lim-
iting large-scale use (Huang et al., 2025). While
open-source LL.Ms require substantial computa-
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tion (Zhao et al., 2025b; Yue et al., 2026b; Zhao
et al., 2026; Yang et al., 2026; Yue et al., 2026c¢),
smaller models are more efficient but prone to hallu-
cinations and misjudgments (Kalai et al., 2025). In
addition, most methods lack fine-grained error anal-
ysis, focusing mainly on binary correct/incorrect
decisions without identifying error types, which
limits developers’ ability to diagnose and improve
models. Figure 1 shows the comparison of these
methods in complex QA evaluation.

Accordingly, we propose HiEval, a curriculum
learning based hierarchical framework for scoring
and error analysis. The HiEval framework contains
HiEval-QS model for quick scoring and HiEval-
EA model for error analysis. These two models
are trained in a progressive curriculum learning
manner, enabling efficient large-scale evaluation
while supporting fine-grained error analysis. In the
first stage, to address label imbalance, we introduce
a square-root—smoothed class-balanced focal loss
to train the HiEval-QS, which predicts three-level
scores (Correct/ Partial/ Wrong) given the ques-
tion, ground-truth answer, and model response. In
the second stage, we fine-tune HiEval-QS to build
the HiEval-EA model. To preserve scoring abil-
ity while learning error discrimination, we adopt
experience replay and apply contrastive unlikeli-
hood optimization to sharpen decision boundaries
and improve robustness. The final model supports
both efficient scoring and classification of five er-
ror types: Reasoning Error, Image Misunderstand-
ing (Sun et al., 2024), Overthinking (Fan et al.,
2025), Unanswerable (Asai and Choi, 2021), and
Other. Extensive experimental results demonstrate
that HiEval-QS achieves 93.8% accuracy on the
quick scoring task, outperforming all baselines and
even the strongest GPT-5 (93%), while HiEval-
EA reaches 85.5% accuracy on error analysis, sub-
stantially exceeding the best-performing GPT-5
(57.8%). Moreover, HiEval runs about 25 x faster
than GPT-5 with zero API cost.

Our contributions are summarized as follows:
1) We propose a hierarchical scoring and analysis
framework that contains two-stage evaluation mod-
els, balancing efficient scoring with fine-grained
error analysis for comprehensive assessment. 2)
We construct a human-annotated high-quality eval-
uation dataset by sampling 50 multimodal QA
datasets across eight task types, including 25,996
quick scoring instances and 10,545 error analysis
instances, and also release two challenging bench-
marks for quick scoring and error analysis. 3) Ex-

tensive experiments show that our models achieve
state-of-the-art performance on all tasks, even sur-
passing GPT-5, while delivering high accuracy with
zero cost and fast inference.

2 Related Works

Rule-based Methods Traditional rule-based
methods mainly rely on surface-level lexical over-
lap, such as BLEU (Papineni et al., 2002) and
ROUGE (Lin, 2004), yet fail to capture the un-
derlying differences. QA tasks commonly employ
Exact Match (EM) and F1 scores. However, these
rule-based methods are too strict and struggle to
capture the semantic equivalence between com-
plex responses and standard answers. They often
underestimate the performance of the model. Al-
though researchers have proposed "relaxed" match-
ing strategies, such as BEM (Bulian et al., 2022)
and PEDANTS (Li et al., 2024b), these methods
still have poor flexibility and are difficult to handle
the diversity of response forms.

LLM-as-a-Judge Methods LILM-as-a-Judge has
become the mainstream paradigm for replacing
manual assessment. According to the review by
Li et al. (2024a), the single-LLLM evaluation meth-
ods in this paradigm can be classified into three
strategies: Prompt-based, Tuning-based and Post-
processing methods. Prompt-based methods lever-
age In-Context Learning and Chain-of-Thought for
training-free evaluation (Fu et al., 2023; Lin and
Chen, 2023; Liu et al., 2023; Zhang et al., 2025),
while recent works enhance flexibility by incorpo-
rating diverse evaluative roles and principles (Dong
et al., 2024) or employing multi-turn interac-
tions (Xu et al., 2024). Tuning-based approaches
adapt LLMs via supervised fine-tuning (Chen et al.,
2023a; Deshwal and Chawla, 2024) or preference
alignment techniques like DPO, exemplified by
Meta-Rewarding (Wu et al., 2024), JudgeLM (Zhu
et al., 2023), and the PROMETHEUS series (Kim
et al., 2024a,b). Post-processing methods refine
outputs through probability calibration (Xia et al.,
2024; Yang et al., 2024), multi-round aggrega-
tion (Sottana et al., 2023), or token-level score
transformations (Ren et al., 2023) to ensure ac-
curacy and reliability. LL.M-as-a-Judge has been
widely applied in various fields, such as general
NLP tasks (Xiong et al., 2024), medicine (Xie et al.,
2024), law (Yue et al., 2023), finance (Xie et al.,
2023), education (Chiang et al., 2024), RAG sys-
tem evaluation (Saad-Falcon et al., 2023), etc.
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However, closed-source models (such as GPT-4)
have slow evaluation speeds and high costs, while
deploying large-scale open-source models requires
more computing resources. Small-scale models are
lightweight but difficult to ensure the accuracy of
the evaluation. In addition, there are shortcomings
such as hallucinations and a lack of the ability to
explain errors (Li et al., 2024a). More details are
in the Appendix A.

3 Methodology

This study proposes a hierarchical evaluation frame-
work (HiEval) with two models for different use
cases: a quick scoring model (HiEval-QS) for rapid
assessment and an error analysis model (HiEval-
EA) for scoring with detailed error analysis. In-
spired by the human learning process of progress-
ing from shallow to deep understanding (Bengio
etal., 2009), we design a curriculum learning based
training method. It adopts a two-stage training
strategy: the first stage trains a foundational quick
scoring model, while the second stage trains the
error analysis model on this foundation. HiEval
enables efficient scoring while providing reliable
identification of major error types.

3.1 Quick Scoring Model

Quick Scoring Task Definition The model’s in-
put comprises the question, the ground truth an-
swers, the model’s response to be evaluated and the
predefined scoring instruction. The output is one
of the following: {Correct, Partial, Wrong}. Let Q)
denote the question, and A denote the set of ground
truth answers for that question. Let R denote the
set of answers within the model’s response. We
define the scoring logic as follows:

Correct, if R=A
Score = < Partial, ifRCAANR# 1)
Wrong, ifRNA°#0VR=10

Specifically, the score Partial is activated only
when the response set R is a non-empty proper
subset of the ground truth answer set A (denoted
as R C A). This indicates that all elements within
the response are correct, but the response fails to
cover the entire solution space of the problem. For
any case containing erroneous elements (R Z A),
our model classifies it as Wrong.

Optimization Objective In the quick scoring
task, training data often suffers from sample im-
balance, for example, there are an abundance of

"Correct" and "Wrong" samples while partially cor-
rect ("Partial") samples are scarce. The traditional
cross-entropy loss function tends to bias models
toward classes with larger sample sizes. To address
this issue, we propose a Class-Balanced Focal Loss
with Square Root Smoothing.

To mitigate class imbalance, we first compute
class weights based on the true label distribu-
tion in the training set. Let N denote the to-
tal number of samples, and N, denote the num-
ber of samples in class ¢ € C (where C =
{Correct, Partial, Wrong}). To prevent weight val-
ues from exploding due to extremely sparse sam-
ples in certain classes, we employ a square root
smoothing strategy to compute the inverse class
frequency: w, = Nﬂc Subsequently, we normal-
ize the weights and introduce a truncation threshold
Thmax for training stability, yielding the final cate-
gory weights a:

¢ = min (wf,c, Tmax) s
w
1 2
where w:—ij @
Il =2

This smoothing and clipping mechanism ensures
the model focuses on minority classes (“Partial”)
without causing training divergence due to exces-
sively large gradients from individual extreme sam-
ples.We incorporate the above weight a.. into the
focal loss. For each generated scoring token, our
final loss function Lgage1 is defined as:

EStagel = _ac(l - pt)V IOg(pt) 3)

where p; is the model’s predicted probability for the
target ground truth label, o is the balancing weight
for the current target category, and + is the focal
parameter. Through this design, during backprop-
agation, the loss weight for samples belonging to
the majority class with high prediction confidence
is significantly attenuated by (1 —p;)?”. Conversely,
for challenging samples from the minority class
(weighted by a.) with inaccurate predictions, their
gradient contribution is preserved or even ampli-
fied.

3.2 Error Analysis Model

After the model acquires basic scoring capabili-
ties, the second phase aims to extend its capabili-
ties from “coarse-grained classification” to “fine-
grained analysis”. Specifically, for samples classi-
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Model Input
m Ground TrUth Answer m Ground Truth Answer
Instruction [ instruction |
Given multiple question-answer pairs and the responses ...(The front prompt is the same as stage 1) Remember that if you think the
evaluate the correctness of responses. The output should be; response is correct, just give the score without any error category. Next task
only "Wrong", "Partial”, or "Corréct" Note that if the only designs for the questions with scores of Partial and Wrong. Please help to
groundtruth agns‘wer isa nll;neric value with/without the unit find the main error category from the following options, I will provide the
impose 5% error tolerance to the answer. "Partial” should be: image of each question:1.Unanswerable:...2.Overthinking:...3.Reasoning
given if multiple correct answers are partially correct, but Error:...4.Image Misunderstanding:... 5.Other:...For the second task, you only
incorrect or extra answers should be scored as "Wrong” ’ give the title of the error category without any explanation. And the error
: ’ category should follow the evaluation score, separated by a ';".
v —_ Train 3 {
X — —) | - !
Objective | ‘ K
' Target Output
1 [ T yooTommmmmmmommesmmmmmmmmmmmmmmmmes N
1 AR) E R 5[ Reasoning Error ] [ Image Misunderstanding ] ‘; |
] i A @: ! {
y T AN’ i[ Unanswerable ][ Overthinking ][ Other ] T
\ Correct —— L Zay
- ——e 2

Figure 2: Training Framework. The left is the training process for the first stage of quick scoring. In the target
output, A denotes the set of ground truth answers, and R denotes the set of answers within the model’s response.
The right is the training process for the second stage of error analysis. Details of instructions are in Appendix B.

fied as Wrong or Partial, the model must accurately
identify the specific error type.

Error Analysis Task Definition Unlike the
quick scoring task, the task in the second stage
is defined as a multimodal analysis process. For-
mally, we define the input to this task as a quintuple
X = (1,Q, A, R, Ljiag), specifically comprising:
I means "Input image", () means "Question", A
means "Ground truth answer", R means "Model
response to be evaluated"”, Z4;,, means Analysis
Instruction, used to guide the model to perform
scoring and error analysis tasks.

The model’s objective is to learn the mapping
function F : (I,Q, A, R, Zgiag) — Your- The
output sequence Y,,; comprises a scoring result
s € {Correct, Partial, Wrong} and (optionally) an
error analysis category ¢ € C. The target output
format is defined as:

S
Yout = '
P K e,

where C denotes the error classification set defined
in Section 4 (e.g. Reasoning Error), and & rep-
resents text concatenation. This definition clearly
states that the model must generate analysis results
based on the differences between A and R, guided
by Z4;qg and incorporating I and ().

if s = Correct

4
if s € {Wrong, Partial} @

Experience Replay Strategy When models tran-
sition from simple scoring tasks (Stage 1) to com-
plex analysis tasks (Stage 2), they face the risk of
catastrophic forgetting—where models may learn
to analyze errors while losing foundational scoring
accuracy. To address this, we introduce an expe-
rience replay mechanism. We construct a mixed
dataset D,,;, comprising data for task 2 (Dygsk2)
and data for task 1 (D,,sx1) sampled proportionally
at p:

&)

This ensures that the model, while learning new
knowledge, constantly reviews old knowledge,
maintaining the robustness of its scoring ability.
Contrastive Unlikelihood Training Standard su-
pervised fine-tuning (SFT) optimizes models by
minimizing the negative log-likelihood:

Dmix = DtaskZ U Sample(ptaskh P)

T,+

LmLE = —i ;bg Py |z, y%,) (6
The essence of this objective function is to teach the
model “What is right”. However, in multimodal
analysis tasks, the model is confronted with the
fine-grained classification problem. Training solely
using MLE can easily lead to the model increas-
ing the probability of the true label y* without
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sufficiently suppressing the probabilities of other
competing error categories, resulting in a blurred
decision boundary.

To address this problem, we introduce a con-
trastive unlikelihood mechanism to explicitly teach
the model “what is wrong”. For each sample = con-
taining an erroneous analysis, its true label is 3™
(which includes the error category ci). Lever-
aging label mutual exclusivity, we sample a hard
negative class ¢,eq € C \ {Ctrue} to construct the
negative sequence 4.

We define the Normalized Sequence Probability,
aiming to minimize the generation likelihood of
the negative sequence:

Y t=1

T _
- 1 < -
Phorm(y~ @) = exp (T > log Py(y; |ff?7y<t)> (M

The corresponding non-likelihood loss function is
defined as:

LyL(z,y~) = —log (1 - Pnorm(y_’l')) 3)

Joint Training Objective The final optimization
objective in Stage 2 combines universal generative
capability (for all data) with discriminative con-
straints (for error-analysis data):

Lsager = LMLE(®,y") + A - I[z € Derr] - Ly (=, yf()g)
where ) is the balancing coefficient. Ly g ensures
that the model can fluently generate scores and cor-
rect analysis, while Lyr serves as a regularization
term specifically designed to penalize hallucina-
tions produced by the model. D,, is the set of
incorrect samples in error analysis task.

4 Dataset

4.1 Data Source and Diversity

We collect data from 50 mainstream open-source
QA datasets (Details in Appendix C) spanning
eight domains: geometric problem solving, math-
ematical word problems, figure-based QA, text-
book and science QA, general VQA, document
comprehension and OCR, biomedical QA, and gen-
eral benchmarks. Responses are generated by both
open-source and closed-source MLLMs, including
GPT series (GPT-40, GPT-4v, ChatGPT) (Achiam
et al., 2023; Shen et al., 2023), Claude series (An-
thropic, 2024), Gemini series (Team et al., 2024),
Bard (Espejel et al., 2023), Qwen series (Qwen2.5-
VL, Qwen2-VL) (Bai et al., 2025; Wang et al.,

Train Val. Test Total
QS-Dataset 21,996 2,000 2,000 25,996
EA-Dataset 8,545 1,000 1,000 10,545

Table 1: Statistics of the constructed dataset for two
stages.

2024b), LLaVA series (Liu et al., 2024a), Mimo
(Mimo-VL-7B-RL) (Xiaomi et al., 2025), Kimi
series (Kimi-VL-A3B-Instruct/Thinking) (Team
et al., 2025). The details of models are shown
in Appendix D. This design captures diverse re-
sponse styles, from instruction-following to chain-
of-thought, and supports both multiple-choice and
free-form questions. The final dataset contains
36,541 examples (shown in Table 1).

4.2 Quick Scoring Dataset

The Quick Scoring Dataset (QS-Dataset) is de-
signed to train a lightweight and efficient scor-
ing model using a disagreement-based filtering
pipeline. We first collect about 50,000 samples,
each consisting of a question, ground-truth answer,
model response, and an associated image (included
to support Stage 2). 10 expert annotators label each
sample with a ground-truth score following the cri-
teria in Section 3.1. They use the data annotation
system (in Appendix E) to label the data. In paral-
lel, six representative models, covering both open-
source and closed-source architectures, generate
three-level predictions (Correct, Partial, Wrong)
for the same data. We then apply rule-based fil-
tering to remove trivial cases with very short re-
sponses, yielding about 40,000 samples. Next, an
adversarial filtering step retains samples where at
least three models disagree with the human label,
targeting challenging cases. This process results
in 25,996 high-quality samples, from which 2,000
are randomly selected for testing and the remainder
are used for training with stratification.

4.3 Error Analysis Dataset

The goal of this stage is to enable the model to
provide interpretable error analysis together with
scoring. Building on Stage 1, we refine the anno-
tation granularity by labeling error types. Based
on prior studies of multimodal QA errors, we di-
vide samples in the { Wrong, Partial} classes into
five categories: (1) Reasoning Error (Sun et al.,
2024), involving failures in logic, computation, or
constraint understanding; (2) Image Misunder-
standing (Sun et al., 2024), where image content
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€ AN ' o s
A A~ Statistic Number
6PS A »¢| MWP TQA 0= | FQA EA/- -
0GeoQA+ OM3CoT CAI2D == | oPlotQA Total samples 36541
OGeometry3K OIQTest OTQA ObVQA Domain classes 8
OUniGeo OMathVista OCoMT OFigureQA
OGEOS OMathVerse OSciBench OSciChart Sampled datasets 50
OMathVision OTabMWP OScienceQA OMapQA
OTheoremQA OParsVQA-Cap | OChartQA Models used to GR 12
m OCLEVR-Math ORefChartQA Quick-Score Dataset 25996
VQA | ©Super-CLEVR ErrorAnalvsic b 0545
OVizWiz [\ OFunctionQA rror-Analysis Dataset
©A-OKVQA MED ¢ Gen i
oSlake Avg question tokens 61.55
okvaa > OMME
©OIconQA DOC % VQALRAD OMMVet Avg answer tokens 1.43
CArtVQA ODocVQA B OPathVQA SMMStar
OVQA-AS oTextVQA OChemQA SMMBench Avg response tokens 262.17
OPOPE COCRVQA CPMC-VQA OMMMU-Pro - -
OVQA 2.0 OPaperQA ©SEEDBench “GR” = *“Generate Responses
“Avg” = “Average”

Figure 3: The datasets used for the quick scoring task and the error analysis task are composed of the QA data from

these eight domains.

is misrecognized or hallucinated; (3) Unanswer-
able (Asai and Choi, 2021), where the model incor-
rectly judges that the question can not be answered;
(4) Overthinking (Fan et al., 2025), mainly in
reasoning-based models, characterized by redun-
dant or circular reasoning that leads to truncation;
and (5) Other, covering remaining cases such as
overly short or poorly formatted responses. The
annotation team assigns fine-grained labels to neg-
ative samples selected in Stage 1. To validate the
reliability of annotations, we compute the Inter-
Annotator Agreement (IAA) (in Appendix E). For
training, we apply class-balanced sampling and ob-
tain 9,545 evenly distributed instances. The test
set contains 1,000 samples, with about 60% drawn
from challenging cases in the Stage 1 (QS-Dataset)
test set and 40% newly constructed to target spe-
cific error types, ensuring balanced coverage across
all categories.

5 Experimental Setup

Baseline: Rule-based and relaxed matching ap-
proaches include Accuracy, Relaxed Accuracy,
Bem, Pedant. Closed-source models include the
GPT series (GPT-40, GPT-5-mini, GPT-5) (Achiam
et al., 2023; Wang et al., 2025) and the Gemini-
2.0-Flash (Gemini-2.0) (Team et al., 2024). For
open-source models, we select the Kimi-VL-
A3B-Instruct (Kimi-VL-A3B) (Team et al., 2025),
Qwen3-vl-4B-Instruct (Qwen3-vI-4B), Qwen3-4B-
Instruct-2507 (Qwen3-4B) (Yang et al., 2025) and
Mimo-RL (Xiaomi et al., 2025). The details of
baseline models are shown in Appendix D.

Dataset and Evaluation: For Quick Scoring
task, we conduct in-domain experiments using the
test set from the constructed QS-Dataset and out-
of-domain zero-shot experiments using the QAS-
core (Yue et al., 2025a) test set. For the error anal-
ysis task, since no open-source benchmark is cur-
rently available, we conduct experiments on the
test set of the EA-Dataset we construct. We assess
each model’s performance on the benchmark using
the metrics Accuracy, Cost, and Running Time.

Settings: We use Qwen3-VL-4B-Instruct model
as the backbone. The Quick Scoring model is
trained with AdamW (learning rate 5 x 107°) us-
ing LoRA with rank r=64, a=64, and dropout
0.05; the truncation threshold 7=>5 and focus co-
efficient y=1. The Error Analysis model is LoORA
fine-tuned based on the Quick Scoring model with
the same optimizer and LoRA settings, using a sam-
pling ratio p=1 and balancing coefficient A=0.3.
Open-source models follow official implementa-
tions with default settings, while closed-source
models use official APIs. Experiments run on six
NVIDIA L40 (48GB) GPUs, and results are aver-
aged over five runs. Test settings are in Appendix F.

6 Results
6.1 Quick Scoring Task

In-Domain Performance Results in Table 2
show that among rule-based methods, PEDANTS
achieves the highest accuracy (61.25%), offering
fast and low-cost evaluation but limited perfor-
mance. Under the LLM-as-a-Judge paradigm, GPT-
5 reaches 93% accuracy but incurs extremely long
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RT(s) Cost Acc RT(s) Cost Acc
Rule-Based Methods Rule-Based Methods
Acc 1.31 Free 45.30 Acc 4.17 Free 47.50
Relaxed-Acc 1.25 Free 48.10 Relaxed-Acc 4.36 Free 47.60
BEM 269.27 Free 54.80 BEM 56.34 Free 63.50
PEDANTS 16.89 Free 61.25 PEDANTS 15.89 Free 70.20
Closed-Source Models Closed-Source Models
Gemini-2.0 2767.15 $0.1(Q)+$0.4(A)  71.10 Gemini-2.0 1172.85 $0.1(Q)+$0.4(A)  83.10
GPT-40 3048.24 $2.5(Q)+$10(A)  79.95 GPT-40 1524.26 $2.5(Q)+$10(A) 83.70
GPT-5-Mini 8930.65 $0.25(Q)+%$2(A)  90.00 GPT-40-mini 1886.73  $0.15(Q)+$0.6(A) 84.50
GPT-5 10097.85  $1.25(Q)+$10(A)  93.00 Open-Source Models
Open-Source Models Kimi-VL-A3B  701.58 Free 58.45
Kimi-VL-A3B 701.58 Free 58.45 Qwen3-4B 752.34 Free 70.95
Mimo-VL-7B 39290.33 Free 62.90 Mimo-VL-7B 16567.37 Free 76.40
Qwen3-4B 752.34 Free 70.95 Qwen3-VL-4B 190.71 Free 83.50
Qwen3-VL-4B 190.71 Free 76.60
Ours
Ours HiEval-QS 170.26 Free 91.70
HiEval-QS 396.55 Free 93.80

Table 2: Results of the evaluation on Quick Scor-
ing Benchmark. RT=Running Time. Acc=Accuracy.
$0.1(Q)+$0.4(A) means that input 1 million tokens cost
$0.1 and output(response) 1 million tokens cost $0.4.

inference time (over 10,000 seconds) and high API
costs. Among open-source models, Qwen3-VL-
4B-Instruct is the fastest, yet reaches only 76.6%
accuracy. In contrast, our HiEval-QS model (4B)
achieves 93.8% accuracy with fast running time
and free cost, outperforming all open-source base-
lines and even strong proprietary models (GPT-5,
Gemini-2).

Out-of-Domain Performance We evaluate the
out of domain performance of the HiEval-QS
model on the QAScore test set. Results are shown
in Table 3, our model achieves 91.7% accuracy and
outperforms all rule-based and LLM baselines. Si-
multaneously, our model maintains free cost and
efficient inference speed, demonstrating the HiEval-
QS model’s strong generalization and robustness.

6.2 Error Analysis Task

Main Performance As shown in Table 4, among
closed-source models, GPT-5 gets the highest
error analysis accuracy (57.80%) but suffers
from extremely slow inference (13899s) and high
cost. Among open-source models, Qwen3-VL-4B-
Instruct performs best with 43.8% analysis accu-
racy, which is limited by its lower scoring accuracy
(84.3%), as error analysis depends on reliable scor-
ing. In contrast, our HiEval-EA model achieves
85.5% analysis accuracy with a scoring accuracy of

Table 3: Results of the out-of-domain evaluation on
QAScore dataset. RT=Running Time. Acc=Accuracy.

RT(s) Cost A-Acc  S-Acc
Closed-Source Models
Gemini-2.0 3367  $0.1(Q)+$0.4(A) 33.50 70.40
GPT-40 3194  $2.5(Q)+$10(A) 33.00 81.30
GPT-5-Mini 16638  $0.25(Q)+$2(A) 4520 85.30
GPT-5 13899 $1.25(Q)+$10(A) 57.80 90.40
Open-Source Models
Kimi-VL-A3B 630 Free 8.00  47.90
Mimo-VL-7B 10234 Free 37.40  80.90
Qwen3-VL-4B 757 Free 43.80 84.30
Ours
HiEval-EA 501 Free 85.50 93.80

Table 4: Results of the evaluation on Error Analysis
Benchmark. RT=Running Time. S-Acc=Scoring Accu-
racy. A-Acc=Error Analysis Accuracy.

93.8%, substantially outperforming all baselines.

Breakdown analysis To examine fine-grained
discrimination across error types, we evaluate accu-
racy on five error categories in the Error Analysis
task. As shown in Table 5, the proposed model out-
performs all baselines in every category. Notably,
accuracy on Overthinking increases from 64.29%
(GPT-5) to 99.05%, Unanswerable from 74.00%
(GPT-5) to 98.00%, and Other from 29.70% (Kimi-
VL-A3B-Instruct) to 84.85%. These results con-
firm the model’s strong capability in fine-grained
error type classification.
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RE M Una. Ove. Other Overall
Kimi-VL-A3B  1.15 10.19  1.00 0.00 29.70 8.00
GPT-40 56.15 64.53  3.00 4.76 0.00 33.00
Gemini-2.0 55.77 21.89 17.00 54.29 0.61 33.50
Mimo-RL-7B  56.25 50.22 48.99 35.18 16.95 41.77
Qwen3-VL-4B 60.38 81.89 62.00 0.48 0.61 43.80
GPT-5-mini 55.00 72.83 47.00 32.38 0.61 45.20
GPT-5 73.08 67.55 7400 64.29 0.00 57.80
A (vs Best) 10.77 0 124.00 134.76 155.15 127.70
HiEval-EA 73.85 81.89 98.00 99.05 84.85 85.50

Table 5: The results of the breakdown analysis for the
error-analysis task. The metric is the analysis accuracy.
RE=Reasoning Error. IM=Image Misunderstanding.
Una.=Unanswerable. Ove.=Overthinking.

Variants Quick Scoring Error Analysis
Acc (%) S-Acc (%) A-Acc (%)

HiEval 93.8 93.8 85.5

w/o FL 92.5 - -

w/o CU - 91.0 84.0

w/o ER - 55.2 41.3

Table 6: Ablation study on the effectiveness of differ-
ent components in HiEval. “w/o” denotes removing
a specific module or replacing it with a standard base-
line. FL=Focal Loss. CU=Contrastive Unlikelihood.
ER=Experience Replay.

6.3 Case Study

We compare HiEval-QS with GPT-5, Gemini-2.0-
flash, and Qwen3-VL-4B-Instruct on the cases
shown in Figure 4. In the first case, under the
Quick Scoring task, both GPT-5 and HiEval-QS
correctly judge the response as Wrong, whereas
the other baseline models provide incorrect judg-
ments. In the subsequent fine-grained error analy-
sis, HiEval-EA categorizes the response as Other,
since it neither provides a clear reasoning process
nor descriptive information about the image, and
does not exhibit overthinking or refusal behavior.
In contrast, GPT-5 incorrectly classifies this case
as a Reasoning Error. For the second case, both
HiEval-QS and GPT-5 accurately classify the re-
sponse as Wrong. However, only HiEval-EA cor-
rectly identifies the error type as Overthinking, as
the response is clearly truncated. Other baseline
models fail to make this distinction and provide
incorrect classification.

Additionally, we compare HiEval-QS with base-
line models on cases in the Appendix G.1 and com-
pare HiEval-EA with baseline models in the Ap-
pendix G.2. These cases further demonstrate the
superior quick scoring and error analysis capability
of our models.

Question: What time is shown? Answer by
typing a time word, not a number. It is (_) to five.
Choices: (A) half (B) quarter (C) o'clock (D)
quarter to (E) quarter past

Ground Truth Answer: quarter

Response: The correct answer is (D) quarter to.

Fine-grained

Quick-Score Task Error-Analysis Task

GPT-5: Wrong 2

Gemini-2.0: Correct @
Qwen3-VL-4B-Instruct: Correct €
HiEval-QS: Wrong &

GPT-5: Wrong; Reasoning Error @
Gemini-2.0: Correct €@
Qwen3-VL-4B-Instruct: Correct €
HiEval-EA: Wrong; Other &

Question: Are we able to observe a
superposition of these two peaks?
Ground Truth Answer: yes
Response: <|think[>Okay, let's look
at this problem. ...Wait, but maybe the
user is referring to the peaks being in

Fine-grained

Quick-Score Task

Error-Analysis Task

GPT-5: Wrong &

Gemini-2.0: Partial @
Qwen3-VL-4B-Instruct: Correct €
HiEval-QS: Wrong &

Qwen3-VL-4B:
HiEval-EA: Wrong; Overthinking &

- J

Figure 4: Case study for quick scoring and error analysis
tasks.

6.4 Ablation Study

To assess the contribution of each component, we
conduct an ablation study (Table 6). For the HiEval-
QS model, replacing the square-root-smoothed
category-balanced focal loss (w/o FL) with stan-
dard cross-entropy reduces scoring accuracy by
about 1.3%, showing the benefit of the proposed
loss under sample imbalance. For HiEval-EA
model, removing the contrastive unlikelihood ob-
jective (w/o CU) reduces accuracy by 1.5%, indi-
cating its importance for distinguishing error cat-
egories. Training without experience replay (w/o
ER) causes a sharp drop in performance, with scor-
ing accuracy decreasing to 55.2% and analysis ac-
curacy to 41.3%, confirming that experience replay
is essential to mitigate catastrophic forgetting and
preserve reliable scoring and analysis.

7 Conclusion

In this work, we present HiEval, a hierarchical
framework for QA evaluation that unifies quick
scoring and fine-grained error analysis through cur-
riculum learning. Extensive experiments show that
both HiEval-QS and HiEval-EA achieve state-of-
the-art performance, surpassing strong LL.M-as-a-
Judge baselines while operating with much lower
cost and latency. In addition, we build a large-
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scale, human-annotated evaluation dataset and two
challenging benchmarks that support high-quality
training and fair comparison of QA evaluators. The
proposed HiEval provides an accurate, efficient,
and interpretable solution for large-scale QA evalu-
ation and analysis.

Limitations

The Quick Scoring model and the Error Analysis
model are only applicable for accurately scoring
and analyzing errors in QA tasks with clear an-
swers. They are not suitable for open-ended gen-
eration tasks without standard answers. Addition-
ally, the Error Analysis model can only provide
the main types of errors for questions with a score
of "wrong" or "partial". Currently, it can not give
detailed explanations or indicate the specific loca-
tions of the errors, and further research is needed
in this regard.
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A Related Work

Existing evaluation methods are mainly divided
into two categories: rule-based methods and LLM-
as-a-Judge methods.

A.1 Rule-based Methods

Traditional rule-based methods primarily rely on
surface-level lexical overlap, such as BLEU (Pa-
pineni et al., 2002) and ROUGE (Lin, 2004), but
they cannot capture deep nuances. The QA tasks
often adopt exact matching (Exact Match, EM) and
F1 score, but these rule-based methods are too strict
and difficult to capture the semantic equivalence
of complex answers and standard answers, often
underestimating the performance of the model to
be evaluated.

To address this problem, researchers propose
“relaxed” matching strategies. Bulian et al. (2022)
introduces the BEM framework, leveraging BERT
to address the asymmetry flaw in F1 scores. Li et al.
(2024b) combines expert rules from the Trivia com-
munity to develop PEDANTS, achieving efficient
and interpretable relaxed matching. Although these
methods have improved the flexibility of evaluation
to some extent, they essentially still rely on shal-
low semantic features or predefined rules, lacking
the ability to deeply understand complex semantics.
They find it difficult to cope with the diversity of
answer forms.

A.2 LLM-as-a-Judge Methods

With the exponential growth of large language
models (LLMs), leveraging LLMs as evaluators
(LLM-as-a-Judge) has emerged as the mainstream
paradigm to replace human evaluation. According
to Li et al. (2024a)’s review, this paradigm primar-
ily encompasses three architectures: Single-LLM,
Multi-LLM, and human-AI collaboration. This pa-
per focuses on single-LLM evaluation, which can
be categorized into three strategies:

Prompt-based methods primarily employ In-
Context Learning and chain-of-thought(CoT)
strategies. Works like GPTScore (Fu et al., 2023)
and LLM-EVAL (Lin and Chen, 2023) enable zero-
shot evaluation by guiding models through exam-
ples; G-EVAL (Liu et al., 2023) further employs
CoT to decompose complex tasks into granular
steps, enhancing reasoning capabilities. Addition-
ally, recent research aims to enhance evaluation
flexibility through incorporating diverse evaluative
roles and principles (Dong et al., 2024) or incorpo-

rating multi-turn interactions (Xu et al., 2024).

Tuning-based approaches aim to adapt LLMs
to specific evaluation tasks through training.
Some works, such as ASPIRE (Chen et al.,
2023a) and PHUDGE (Deshwal and Chawla,
2024), employ supervised fine-tuning with scores.
Recent research increasingly favors alignment
techniques like Direct Preference Optimization
(DPO), exemplified by Meta-Rewarding (Wu et al.,
2024), JudgeLM (Zhu et al., 2023), and the
PROMETHEUS series (Kim et al., 2024a,b) sup-
porting custom criteria.

Post-processing methods aim to refine model
outputs for enhanced accuracy and reliability. Ap-
proaches like ProbDiff (Xia et al., 2024) and
CRISPR (Yang et al., 2024) quantify differences
and calibrate biases through mathematical deriva-
tion or Bayesian statistics; Sottana et al. (2023)
employ multi-round evaluations to mitigate sub-
jectivity, while Ren et al. (2023) transform open-
ended generation tasks into token-level predictions
for quality calibration.

LLM-as-a-Judge has been widely applied across
multiple domains. In general NLP tasks, it is used
to evaluate the quality of dialogues, summaries, and
machine translations; in the multimodal domain, it
supports comprehensive judgments on images and
videos (Xiong et al., 2024); In specialized domains,
it aids in evaluating medical text consistency (Xie
et al., 2024), legal large-model performance (Yue
et al., 2023), and financial risk (Xie et al., 2023);
Furthermore, this paradigm plays a crucial role
in educational assignment grading (Chiang et al.,
2024) and RAG system evaluation (Saad-Falcon
et al., 2023).

The approach still faces significant challenges:
evaluating API-dependent commercial models
(e.g., GPT-4) is slow and costly, while deploying
large-scale open-source models demands substan-
tial computational resources. Lightweight mod-
els often struggle to ensure evaluation accuracy.
Furthermore, models’ insufficient domain-specific
knowledge and hallucination issues constrain their
application in scenarios requiring high reliability.
Additionally, these methods also lack the ability to
explain errors (Li et al., 2024a).

B Instructions

For the quick scoring task and error analysis task,
we design two versions of instructions. The first
version of the instructions (Figure 5 removes the
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Quick-Score-Instruction

Given multiple question-answer pairs and the responses, evaluate the correctness of responses. The output should be only
"Wrong", "Partial", or "Correct". Note that if the groundtruth answer is a numeric value with/without the unit, impose
5% error tolerance to the answer. "Partial" should be given if multiple correct answers are partially correct, but incorrect
or extra answers should be scored as "Wrong".

Now evaluate:

User: [Question]: {question} [Groundtruth answer]: {answer} [Answer]: {response}

Your score:

Error-Analysis-Instruction

You have two tasks. First, you are given multiple question-answer pairs and the corresponding predictions, evaluate the
correctness of predictions. The output should be only "Wrong", "Partial", or "Correct". Note that if the groundtruth
answer is a numeric value with/without the unit, impose 5% error tolerance to the answer. "Partial" should be given if
multiple correct answers are partially correct, but incorrect or extra answers should be scored as "Wrong". Remember that if
you think the prediction is correct, just give the evaluation score without any error category .You can say "Correct" and you
are forbidden to say "Correct; (the type of error)". Next task only designs for the questions with scores of “Partial” and
“Wrong”, you must answer 'Partial; the type of error' or 'Wrong; the type of error'. Second, if you find the prediction is not
correct, please help to identify the main error category from the following options, I will provide the image of each question:
1. Reasoning Error: Logical reasoning errors or irrelevant answers or calculate errors or misunderstandings of the textual

conditions of the question.

2. Image Misunderstanding: Misinterpretation or overlooking of the directly presented information in the image.

3. Unanswerable: The model thinks that there are not sufficient necessary conditions for answering the question, or the given
conditions are incorrect or incomplete, so it did not provide an answer.

4. Overthinking: The model stops answering abruptly within the limited word count or the model clearly has not completed
its reasoning or thinking process. A common situation is the absence of an ending symbol.

5. Other: Any other errors that do not fall into the above categories. For instance, the model does not engage in thinking or
reasoning; it merely provides very simple answers, thus being unable to identify the main cause of the error.

For the second task, you only give the title of the error category(Reasoning Error/Image Misunderstanding/Unanswerable/
Overthinking/Other) without any explanation. And the error category should follow the evaluation score, separated by a ';'.

Now evaluate:

User: [Question]: {question} [Groundtruth answer]: {answer} [Answer]: {response}

Your score:

Figure 5: Instructions in the quick scoring task and error analysis task.

red words) provides a detailed description of the
scoring rules, the rules for error analysis, the defini-
tions of each type of error, and specifies the format
of the outputs. The second version of the Instruc-
tion adds a fault tolerance rate to the first version
(Figure 5 maintains the red words). This allows
for a 5% tolerance rate when answering questions
where the standard answer is a numerical value.

C Data Source

GeoQA+ is a highly challenging multimodal
benchmark in the field of geometric question
answering. It is an improvement based on the
original GeoQA and aims to address the issue of
monotonous question types and low reasoning
difficulty in previous datasets (Cao and Xiao,
2022).

Geometry3K is a large-scale benchmark for geo-
metric problem-solving and symbolic reasoning,

with its questions selected from multiple-choice
questions in high school textbooks. Geometry3K
covers various geometric shapes such as basic
lines, triangles, and irregular quadrilaterals, as well
as complex solution targets (Lu et al., 2021a).
UniGeo is a large-scale multimodal benchmark
aimed at unifying geometric computation and
proof tasks. It includes both computational and
proof questions, covering five major geometric
reasoning sub-tasks such as parallelism, triangles,
congruence, similarity, and quadrilaterals (Chen
et al.).

GeoS is a dataset used for automatically solving
mathematical problems. It is a dataset of SAT
plane geometry problems, where each problem
is accompanied by an English description, along
with diagrams and multiple-choice options. The
questions and answers come from the official SAT
exams and practice tests provided by the College
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Board. We have labeled the logical forms of all the
questions in the dataset with accuracy (Seo et al.,
2015).

MathVision is a comprehensive benchmark
designed to evaluate the visual mathematical
reasoning capabilities of MLLMs comprehensively.
This dataset collates high-quality problems sourced
from real mathematics competitions, covering a
wide range of mathematical disciplines such as
analytic geometry, graph theory, topology, and
various difficulty levels. The purpose of this
dataset is to address the shortcomings of existing
benchmarks in terms of diversity and difficulty,
and through complex visual contexts, deeply assess
the visual mathematical reasoning capabilities of
MLLMs (Wang et al., 2024a).

VizWiz is a visual question answering (VQA)
dataset derived from assistive applications for
the visually impaired. It consists of real-life
scene images captured by blind users along with
corresponding spoken questions. The content of
the dataset covers visual question-answering tasks
in various daily life scenarios, mainly including
text recognition (such as reading food labels or
menus), color discrimination (such as distinguish-
ing colors of clothes), object recognition (such
as differentiating currency denominations), and
environmental description (Bigham et al., 2010).
A-OKVQA is a visual question answering dataset
that focuses on commonsense reasoning and world
knowledge. It requires models to understand the
content of the images and combine extensive exter-
nal knowledge to answer challenging real-world
scenarios. The dataset uniquely includes rationales
(reasoning basis) for each question, aiming to
assist models in learning reasoning logic and
improving interpretability (Schwenk et al., 2022).
KVQA is a dataset specifically designed for the
Knowledge-Driven Visual Question Answering
task. It requires the model to answer questions
by leveraging external world knowledge after
identifying the named entities in the images (Shah
etal., 2019).

IconQA aims to emphasize the significance of
abstract chart understanding and comprehensive
cognitive reasoning in real-world chart problems.
This dataset consists of three sub-tasks: multiple
image selection, multiple text selection, and filling
in blanks. IconQA not only requires perceptual
skills such as object recognition and text under-
standing, but also various cognitive reasoning
skills such as geometric reasoning, commonsense

reasoning, and arithmetic reasoning (Lu et al.,
2021b).

ArtVQA is divided into two types of questions:
visual and knowledge. Its purpose is to test the
model’s ability to understand the visual content
and background knowledge of artistic works.
The application fields of the dataset include art
understanding, visual recognition, and natural lan-
guage processing, aiming to solve visual question
answering problems in the art field (Garcia et al.,
2020).

VQA-AS is an abstract scene subset constructed
from clip art in the VQA v1.0 dataset, aiming to
eliminate the interference of lighting and object
recognition in real images. It focuses on deeply
evaluating the model’s ability to understand
spatial relationships and perform high-level logical
reasoning while simplifying the difficulty of visual
perception (Antol et al., 2015).

VQA 2.0 is designed to address the issue in the
early datasets where the models tended to ignore
the direct information in the images and guess the
answers randomly. It achieves this by introducing
the "complementary pairing" mechanism (where
the same question corresponds to different images,
leading to different answers), which helps to
balance the data. This design forces the model to
truly rely on the visual content for reasoning rather
than answering based solely on language statistical
patterns (Goyal et al., 2017).

POPE is a benchmark specifically designed for
quantitatively evaluating object hallucinations
in multimodal large models. It simplifies the
assessment into a binary classification question of
"Yes/No", directly exploring whether the model
claims to have seen objects that do not exist in the
image (Li et al., 2023b).

M3CoT is a multimodal Chain-of-Thought
benchmark that covers three major fields: science,
mathematics, and common sense. It is specifically
designed to evaluate the capabilities of large mod-
els in long text and multi-step logical reasoning
scenarios (Chen et al., 2024b).

MathVista is a comprehensive multimodal mathe-
matical reasoning benchmark that covers various
visual backgrounds ranging from elementary
mathematics to advanced mathematics (such
as geometric figures, function graphs, tables,
puzzles, etc.). It integrates 28 existing multimodal
datasets and adds three new sub-datasets (IQTest,
FunctionQA, and PaperQA), and is currently
one of the mainstream standards for evaluating
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the mathematical capabilities of large multimodal
models (Lu et al., 2024).

MathVerse is designed to reveal whether MLLMs
truly "understand" mathematical charts, rather than
merely relying on redundant information in the
text prompts for reasoning. It creates a visually
robust testing environment by removing the textual
clues from the questions (only retaining the visual
charts and the core questions), forcing the model
to truly understand the content of the images in
order to provide answers (Zhang et al., 2024).
TabMWP contains 38,431 open-domain level
questions that require mathematical reasoning on
text and table data. Each question in TabMWP is
aligned with the table context, which is presented
in the form of images, semi-structured text, and
structured tables. There are two types of questions:
free text and multiple choice. Each question is
annotated with the gold solution to reveal the
multi-step reasoning process (Lu et al., 2023).
TheoremQA consists of 800 high-quality
university-level mathematical and physical
questions, covering fields such as mathematics,
physics, electronic engineering and finance, and
each question is driven by a specific scientific
theorem. It is designed to assess the ability of large
models to apply professional theorems to solve
complex scientific problems, rather than simple
calculations (Chen et al., 2023b).

CLEVR-Math is a multimodal mathematical
application dataset. It not only requires the model
to identify the geometric objects in the images,
but also demands the model to infer the state of
the scene before or after the operations described
in the text. This benchmark includes addition
and subtraction, reverse counting, adversarial
problems, and multi-hop reasoning tasks, aiming
to evaluate the model’s ability to "imagine" state
changes by combining visual perception and
logical reasoning (Lindstrom and Abraham, 2022).
Super-CLEVR is a benchmark designed to assess
the robustness of visual question answering models.
It decomposes the complex domain shifts into four
independent factors that can be studied separately:
visual complexity, question redundancy, concept
distribution, and concept compositionality (Li
et al., 2023c).

DocVQA is a large-scale dataset for visual
question answering on document images. The
images in the dataset cover various document
types such as forms, tables, and handwritten texts,
aiming to promote the model’s ability to combine

text content with document layout structure to
answer natural language questions (Mathew et al.,
2021).

TextVQA is a dataset for benchmarking visual
reasoning based on the text in images. TextVQA
requires models to read and reason about the
text in the images to answer questions related to
them (Singh et al., 2019).

OCR-VQA aims to promote research on answer-
ing visual questions by reading the text in images.
Its questions cover information such as the title,
author, type, year and version of books (Mishra
et al., 2019).

AI2D is a dataset containing over 5,000 primary
school science charts, with over 150,000 detailed
annotations regarding the constituent elements of
the charts and their syntactic relationships. The
dataset also comes with over 15,000 corresponding
multiple-choice questions, specifically designed
to evaluate the model’s ability in chart syntactic
parsing and semantic reasoning (Kembhavi et al.,
2016).

TQA is a multimodal reading comprehension
dataset derived from the junior high school science
curriculum (covering life science, earth science and
physics). This dataset is designed to test the ability
of MLLMs to reason in complex contexts that
combine textual descriptions, charts and natural
images, and requires the model to answer questions
through cross-modal information integration rather
than simple text retrieval (Kembhavi et al., 2017).
CoMT is a novel multimodal CoT benchmark,
designed to evaluate the capabilities of MLLMs
in complex visual operations and concise ex-
pression. The dataset covers four categories:
visual creation, visual deletion, visual update, and
visual selection. The dataset aims to address the
issues of the absence of visual operations and
ambiguous expression in traditional multimodal
CoT benchmarks (Cheng et al., 2025).

SciBench is a novel benchmark for college-level
scientific problems consisting of 695 problems
sourced from textbooks. The benchmark is
designed to evaluate the complex reasoning
capabilities, strong domain knowledge, and
advanced calculation skills of LLMs (Wang et al.,
2024c).

ScienceQA is a multimodal dataset that covers
three major fields: natural science, social science,
and language science. The notable feature of this
dataset is that it provides relevant background
lectures and detailed explanations for most ques-
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tions, aiming to support Al models in conducting
multi-step reasoning and answering through the
Chain of Thought (Lu et al., 2022).
ParsVQA-Caps is the first benchmark specifically
designed for Persian visual question answering and
image description tasks, aiming to fill the gap of
non-English resources and address the widespread
cultural bias towards Europe and America in
existing datasets (Mobasher et al., 2022).
SLAKE is a medical visual question answering
dataset, consisting of 642 medical images and
14,028 question-answer pairs. It covers various
modalities such as CT, MRI and X-ray, as well
as multiple human body parts including the head,
neck and chest. It includes both healthy and
unhealthy samples, involving a total of 12 diseases
and 39 organs (Liu et al., 2021).

VQA-RAD is the first radiology visual question
answering dataset manually constructed by clinical
doctors, which includes 315 balanced image
samples covering the head, chest, and abdomen
from the MedPix database, as well as 3,515 pairs
of questions and answers (Lau et al., 2018).
PathVQA is a dataset specifically designed for
the visual question answering task in pathology.
Its significance lies in that it provides practical
question-and-answer cases for the automated
analysis and understanding of pathological images,
which is crucial for the development of Al-driven
medical diagnostic systems (He et al., 2020).
ChemQA is a multimodal question-answering
dataset focused on chemical reasoning, consisting
of 5 tasks: counting the number of carbon and
hydrogen atoms in organic molecules, calculating
the molecular weight of organic molecules, con-
verting from SMILES to IUPAC names, generating
molecular titles and edits, and reverse synthetic
planning.

PMC-VQA is a large-scale medical VQA dataset.
The images and question-answer pairs cover
various medical modalities, such as X-ray films,
MRI, and CT, as well as various diseases. Its
aim is to achieve medical visual understanding
through the combination of visual information and
language models (Zhang et al., 2023).

PlotQA not only covers various types of charts
such as bar charts, line graphs and scatter plots,
but also introduces a large number of complex
reasoning questions whose answers exceed the
fixed vocabulary list. This forces the model to
handle real floating-point numbers and conduct
deep visual and logical reasoning (Methani et al.,

2020).

DVQA is a synthetic dataset composed of image-
question pairs, covering three tasks: structure
understanding, data retrieval, and reasoning. It is
specifically designed to test the algorithm’s ability
to understand bar charts (Kafle et al., 2018).
FigureQA is a visual reasoning corpus consisting
of over 1 million pairs of questions and answers
based on more than 100,000 images. These images
come from five types of synthetic scientific style
graphics: line graphs, point-line graphs, vertical
and horizontal bar graphs, and pie charts (Kahou
et al., 2017).

SciChart is a multi-modal scientific chart
question-answer dataset, which mainly consists of
5 types of questions: identifying the number of
peaks, identifying the peak values, identifying the
positions of peaks, determining the shape of the
peaks, and calculating the half-width of the peaks.
MapQA is designed to test the different levels
of understanding that a model can have of maps,
ranging from simple recognition of map styles to
complex problems that require reasoning about
underlying data (Chang et al., 2022).

ChartQA is a benchmark for chart-based ques-
tioning, aiming to answer questions about charts
through visual and logical reasoning. It includes
a large number of complex reasoning problems
that involve multiple logical and arithmetic
operations, and often involve the visual features of
the charts (Masry et al., 2022).

RefChartQA is a large-scale benchmark for visual
grounding in chart-based question answering. It
extends the ChartQA and TinyChart-PoT datasets
by adding explicit bounding box annotations that
link each answer to supporting visual elements in
the chart (Vogel et al., 2025).

MME is a comprehensive evaluation benchmark
for MLLMs, covering two major categories of
tasks: perception and cognition. It includes
tasks such as commonsense reasoning, numerical
calculation, text translation, and code reasoning,
and mainly adopts the binary questioning format
of "yes-no" (Fu et al., 2024).

MM Vet is a benchmark designed to evaluate the
ability of large multi-modal models (LMMs) to
handle complex integrated tasks. It defines and
examines six core visual-language capabilities,
including recognition, OCR, knowledge, language
generation, spatial perception, and mathematics, as
well as their derived 16 integrated capabilities (Yu
et al., 2024).
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MMStar is a multimodal benchmark. Its samples
cover various tasks, such as multiple-choice, ques-
tion answering, and visual question answering, and
it supports both image and text modalities (Chen
et al., 2024a).

MMBench is a system-constructed multimodal
evaluation benchmark. Its data content covers two
major categories: Perception and Reasoning. It
is further divided into 20 fine-grained capability
dimensions (such as object localization, social
relationship reasoning, etc.), aiming to conduct
a comprehensive and hierarchical evaluation of
MLLMs (Liu et al., 2024b).

MMMU-Pro is an enhanced and selected version
of the large-scale multi-disciplinary multi-modal
understanding (MMMU) benchmark, aiming to
provide a more rigorous and challenging evalua-
tion standard by eliminating samples that can be
answered solely based on text without the need
to view the images. This dataset is specifically
designed to examine the model’s ability to conduct
in-depth reasoning by truly integrating visual
information in various interdisciplinary fields, in
order to more accurately reflect the understanding
level of MLLMs (Yue et al., 2024).

SEED-Bench is a large-scale multimodal bench-
mark test consisting of 19,000 manually verified
multiple-choice questions. It covers 12 evaluation
dimensions in image (spatial) and video (temporal)
understanding. This dataset is constructed by
combining the automatic generation of large
models with an advanced pipeline of manual
screening, aiming to objectively and compre-
hensively evaluate the generative understanding
capabilities of MLLMs (Li et al., 2023a).

D Details of the models used to generate
responses and serve as baselines

GPT-4V (Achiam et al., 2023) is a significant multi-
modal extension of the GPT-4 series, incorporating
a visual encoder to process interleaved image and
text inputs. It is widely used for tasks such as chart,
document, and scene graph understanding, visual
question answering (VQA), and visual reasoning.

GPT-40 (Achiam et al., 2023) is an end-to-end
trained omni-modal model capable of native pro-
cessing across text, audio, and vision. Designed for
low-latency real-time interaction, it maintains GPT-
4 level capabilities while offering faster speeds and
more natural voice and visual interactions. Typical
applications include real-time dialogue, image un-

derstanding, voice assistants, and multimodal agent
interactions.

ChatGPT (Shen et al., 2023) serves as a conver-
sational interface powered by the GPT series mod-
els, integrating capabilities such as web browsing,
advanced data analysis, and image generation to
function as a comprehensive Al assistant.

GPT-5 (Wang et al., 2025) is described as a sig-
nificant leap forward compared to previous GPT
series, covering capabilities in coding, mathemat-
ics, writing, and visual understanding. Officially
emphasized as a "unified system," it can adaptively
switch between "fast responses” and "longer think-
ing" processes to enhance the quality of solutions
for complex problems.

GPT-5-mini (Wang et al., 2025) is a lightweight
variant of the GPT-5 architecture, optimized for
inference cost and high throughput while retaining
a 400K token long context window for extensive
document processing tasks.

LLaVA Series (Liu et al., 2024a) introduces visual
instruction tuning techniques to connect a vision en-
coder with a large language model, demonstrating
that a simple linear projection layer can effectively
align visual features with the language space.
Claude Series (Anthropic, 2024) focuses on safety
and controllability, with the Claude 3.5 Sonnet
and Claude 4 models exhibiting exceptional per-
formance in code generation, complex instruction
following, and visual data extraction, supported by
a context window exceeding 200K tokens.
Qwen2-VL (Wang et al., 2024b) features "any res-
olution perception,” proposing mechanisms like
dynamic resolution processing and Multimodal Ro-
tary Positional Embeddings (M-RoPE) to unify im-
age/video and text position alignment. It is com-
monly used for multimodal reasoning, document
and chart understanding, and video comprehension
tasks.

Qwen2.5-VL (Bai et al., 2025) builds upon the
Qwen?2 architecture with enhanced visual encoders,
delivering improved grounding capabilities and ro-
bust performance across multi-language environ-
ments and dense text scenarios.
Qwen3-VL-4B-Instruct (Yang et al., 2025) is offi-
cially positioned as the next-generation upgrade
to the Qwen visual language series, emphasiz-
ing stronger visual perception and reasoning, as
well as longer context and enhanced agent inter-
actions. The 4B-Instruct version is a lightweight,
instruction-aligned model suitable for deployment
in resource-constrained environments for multi-
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modal evaluation and application prototyping.
Qwen3-4B-Instruct-2507 (Yang et al., 2025)
serves as a specialized text-only instruction-
following model optimized for speed and precision
in multilingual dialogue. By removing the over-
head of deep reasoning processes, it is well-suited
for high-frequency interaction scenarios.
Gemini-2.0-Flash (Team et al., 2024) is a highly
efficient multimodal model capable of processing
native audio and video inputs. With a 1-million-
token context window, it is specifically optimized
for low-latency agentic applications.

Bard was an early conversational Al service pow-
ered by the LaMDA and subsequently PaLLM archi-
tectures, laying the groundwork for the subsequent
transition to the unified Gemini model family.
Mimo-VL-7B-RL (Xiaomi et al., 2025) consists
of a "native resolution ViT encoder + MLP pro-
jection + MiMo-7B language model," emphasizing
fine-grained visual details and efficient cross-modal
alignment. The RL version (7B-RL) is described
in technical reports as performing strongly on mul-
tiple multimodal/reasoning tasks, with a specific
emphasis on GUI grounding capabilities.
Kimi-VL-A3B-Instruct (Team et al., 2025) is de-
scribed as an efficient Mixture-of-Experts (MoE)
visual language model, focusing on multimodal rea-
soning, long context, and agent capabilities. While
maintaining a small active parameter size (A3B)
on the language decoding side, the Instruct version
demonstrates strong instruction-following abilities.
Kimi-VL-A3B-Thinking (Team et al., 2025) ex-
tends the base Kimi-VL architecture by incorporat-
ing internal reasoning chain mechanisms, allowing
the model to perform "slow thinking" for complex
geometric and logical visual problems before gen-
erating a response.

E Data Annotation

A total of 10 annotators are recruited for the data
annotation task in this study. All the annotators
are native Chinese speakers from top universities
and have passed the College English Test Band 6
(CET-6). They possess excellent bilingual skills
and have extensive professional experience in NLP
and question answering (QA) fields. We have for-
mulated detailed annotation rules and operation
guidelines for each dataset. The average hourly
wage of the annotators is 130 CNY, which is far
above the local minimum wage standard. Addition-
ally, the annotators need to take a 10-minute break

Category Cohen’s x
Score Category
Wrong 0.9397
Partial 0.8665
Correct 0.9520
Overall 0.9424
Error Category
Image Misunderstanding 0.8083
Other 0.8910
Overthinking 0.9158
Reasoning Error 0.7121
Unanswerable 0.9661
Global Average 0.8352

Table 7: Inter-annotator agreement (Cohen’s Kappa) for
different scores and error categories. The results indi-
cate a high level of consistency across both evaluation
dimensions.

every 30 minutes of work.

We have designed a data annotation system (Fig-
ure 6) to facilitate the annotation process for the
annotators. In this system, the annotation progress
of the Quick Scoring task and the Error Analysis
task (displayed in the upper right corner), the ID
of the question, the domain, the question, the im-
age, the response, and the ground truth answer will
be shown. When the annotators determine that
a question is "Wrong or "Partial", the error type
annotation will be triggered.

we have computed the Cohen’s Kappa scores for
our annotations. The results are in Table 7. For the
QS-Dataset, the overall Cohen’s Kappa is 0.9424,
with all individual scores (Wrong, Partial, Correct)
exceeding 0.86. This indicates an "almost perfect
agreement" among our annotators regarding the
grading of answers. For the EA-Dataset, the global
average Kappa score is 0.8352. According to the
widely accepted interpretation criteria by Landis
and Koch (1977), a score between 0.61-0.80 repre-
sents "substantial agreement," and a score between
0.81-1.00 represents "almost perfect agreement."
These metrics objectively demonstrate that, our
expert annotators successfully achieved a highly
reliable consensus, which validates the high quality
of our ground-truth labels.

The datasets and codes of this project will be
open-sourced under the MIT license agreement.
All research data are collected from public chan-
nels, and we have ensured strict compliance with
relevant data usage policies and privacy protection
regulations. This data is intended for academic re-
search, and the use has been explained in detail in
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the instructions.

F Test Settings
F.1 Closed-Source Model

Closed-source models, including GPT series and
Gemini series, do not require local computing re-
sources. Instead, they integrate by calling remote
API interfaces through the standard ’openai’ client
library in the Python environment. In terms of
parameter configuration, the model maintains the
zero-sample prompt strategy, uses the Instructions
provided in the Appendix B, and outputs the results
under the default inference settings.

F.2 Open-Source Model

Qwen3 series Qwen3-4B-Instruct-2507 and
Qwen3-VL-4B-Instruct are deployed locally
on NVIDIA GPUs based on the Hugging Face
Transformers framework. The model weights
are loaded in bfloatl6 half-precision format;
during inference, the maximum generation length
(max_new_tokens) is set to 128 (Quick Scoring
Task), 512 (Error Analysis Task), and other
generation parameters remain at default values.
Kimi-VL-A3B-Instruct is deployed locally
on an NVIDIA GPU based on the Hugging
Face Transformers framework, enabling
trust_remote_code=True;  during the infer-
ence stage, the greedy decoding strategy (setting
do_sample=False) is adopted to eliminate the
randomness in the generation process (although
we set temperature=0.7 and top_p=0.9, it should
not have worked), and the maximum generation
length (max_new_tokens) is limited to 128 (Quick
Scoring Task), 512 (Error Analysis Task).
MiMo-VL-7B-RL is deployed on a single
NVIDIA GPU based on the Hugging Face Trans-
formers framework, with trust_remote_code=True
enabled; the model weights are loaded in the
bfloat16 half-precision format. During the
inference stage, do_sample=False is explicitly
set to adopt the greedy decoding strategy to
ensure the determinacy of the output (ignoring
the temperature parameter), and the maximum
generation length (max_new_tokens) is set to 2048
for all tests.

F.3 HiEval

Our HiEval-QS is based on the Qwen3-VL-4B-
Instruct base model. Using the peft library,
we merge and load the pre-trained weights with

the fine-tuned LoRA adapter weights, and uni-
formly adopt bfloat16 precision to adapt to the
NVIDIA GPU environment. During the inference
stage, we limit the maximum generation length
(max_new_tokens) to 8, and keep the other param-
eters at their default values. The HiEval-EA model
needs to load the corresponding weights first, set
the maximum generation length to 128, and keep
the other parameters at their default values.

G Case Study
G.1 Quick Scoring Task

We demonstrate the performance of the Quick Scor-
ing model and some baseline methods on specific
examples. In Figure 7, both of these examples are
correct because the meanings of the response and
the ground truth answer are consistent. HiEval-QS
makes an accurate judgment, but the other baseline
methods are not able to make correct judgments in
all cases. In Figure 8, this is the response provided
by the "thinking" version model and the response’s
content is only a subset of the ground truth answer,
so it is partially correct. Our HiEval-QS correctly
classifies it as "Partial”, but the baseline methods
misjudge it. In Figure 9, the response shows over-
thinking, which has led to it being truncated due
to the token limit, so it is wrong, but most baseline
methods(except for Relax-Accuracy) mistakenly
consider it correct. These examples fully demon-
strate that our HiEval-QS has excellent semantic
understanding capabilities and can provide accurate
scores.

G.2 Error Analysis Task

To more intuitively demonstrate the performance
differences between our model and baseline models
on the error-analysis task, we select five represen-
tative cases.

Specifically, in Figure 10, this response clearly
shows a misunderstanding of the image. In the
picture, there is only one peak, but it mistakenly
believes there are three peaks. Our HiEval-EA
accurately provides the score and determined the
cause of the error as "Image Misunderstanding".
However, in the baseline models, only MImo-RL
makes the correct judgment, while the other models
all fail.

In Figure 11, this response contains the error in
reasoning. It is not necessarily true that any three
randomly selected points out of the 18 points can
form a triangle, and it also fails to calculate the
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final numerical result. The HiEval-EA successfully
provides the correct score and accurately classifies
the error type. However, in the baseline model,
only MIMO-RL is able to make the correct judg-
ment, while the other models all make incorrect
judgments.

In Figure 12, the response exhibits clear text trun-
cation (abruptly ending), typically indicating the
model becomes stuck in a reasoning loop leading
to token exhaustion—a classic ‘Overthinking’ char-
acteristic. The HiEval-EA successfully classifies
this, whereas baseline models fail to detect it.

In Figure 13, the response explicitly states it can
not answer due to insufficient information, con-
stituting a standard ‘Unanswerable’ error. Our
HiEval-EA accurately captures this refusal intent;
however, in the baseline model, Mimo-RL does
not follow the task instruction of providing scores
first and then analyzing the reasons for the errors.
Gemini-2.0-Flash misjudges the scores and the rea-
sons for the errors. Other models fail to determine
the reasons for the errors correctly.

In Figure 14, the response is incorrect and ex-
tremely brief (only outputting options), lacking spe-
cific reasoning processes or image descriptions. It
also does not exhibit overthinking or unanswerable
phenomena, thus should be classified as ‘Other’.
Our HiEval-EA can accurately determine the scores
and the causes of errors, while the baseline models
have all failed to correctly find the causes.

The above qualitative analysis fully demon-
strates that, compared to the baseline model, our
model can more precisely analyze the type of error.
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= HiEval Data Annotation System
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A philanthropic organization compared the amounts of money that its members
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Aubrey donated more money to arts education than Connor. Aubrey donated $17

to arts education, while Connor donated $11. So the answer is (B).
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Figure 6: Data Annotation System.
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Figure 7: Correct Cases.
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Question: What is the central wavelength of the peak?

Ground truth answer: 490;495;510;520

Response: <think>\nSo, let's look at the graph. The X-axis is Wavelength, ranging from 400 to 700. The
peak is the main one in the graph. Let's find the center of the peak. The peak seems to be around 500 nm.
Let's check the scale. The peak's highest point is between 490-510, but the central wavelength would be
around 500. So the central wavelength is approximately 500.\n</think>500

. S IN: R |
Relaxed-Accuracy: Wrong x e e
25000 Laser Peak Position: 355nm
- Temperature: RT
Integration Time: 1s
N Laser Intensity: 2000au
Qwen3-4B-Instruct-2507: Correct x 20000~ Slit width: 100um
g 15000 :-—
Gemini-2.0-Flash: Correct x 8 |
10000 r
GPT-5: Wrong x 5000 |-
0 [ e
HiEval'QS: Partial V ulm ’ 45‘0 — 580 B sgo — 6!‘70 : séo : 700
Wavelength
N /

Figure 8: Partial Case.
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Question: Based on the image provided, can you determine the per capita GDP of Country 1, Country 4 for
the year 2017?(A)$ 60739.60, $ 25285.71(B)$ 24451.71, $ 60739.60(C)$ 60739.60, $ 24451.71(D)$
25285.71, $ 60739.60

Ground truth answer: C
Response: <think>\nGot it, let's figure out the per capita GDP for Country 1 and Country 4 in 2017...... Wait,
that's 60,739.6? No, 60.7396 million? No, per capita GDP is in dollars. Wait, no, I think

Relaxed-Accuracy: Wrong v 2017| Country 1| 39.42 6.49
2017 Country 2| 6.88 3.04
Qwen3-4B-Instruct-2507: Correct 2 3 2017| Country 4| 33.67 13.77
2019| Country 5| 5.31 21
Gemini-2.0-Flash: Correct x aoskied nisener ] Bt i
2020| Country 3| 24 42 50
2021| Country 1| 17.52 1.85
GPT-5: Correct ®x
2021| Country 2 | 27.52 441
2021| Country 5| 4.49 11.96
HiEval-QS: Wrong v 2023| Country 3| 9.44 16.72

Figure 9: Wrong Case.

Error (Image Misunderstanding)

Question: Please point out where each peak is located in this graph?

Ground truth answer: 305

Response: <think>\nSo, let's look at the graph. The X-axis is Wavelength, ranging from 260 to 400. We need to
find the peaks. First, the leftmost peak: around 275 (since the tick is at 280, so the peak is near 275). Then the
middle peak: around 310 (since it's between 300 and 320, the peak is around 310). Then the rightmost tall peak:
around 365 (since it's near 360-370, the tall one is around 365). Wait, let's check each peak. The first peak is at
approximately 275, the second around 310, the third around 365. Let's confirm. The X-axis ticks: 260, 280, 300,
320, 340, 360, 380, 400. So the first peak is before 280, so ~275. The second peak is around 310 (between 300
and 320). The third peak is at ~365 (between 360 and 370). So those are the three peaks.\n</think>275;310;365

GPT-5: Wrong; Reasoning Error % Samlaifame:Si
30000 |-  Grating: 1800I
Laser Peak Position: 266nm
Temperature: RT
P : ; 25000 Laser ntensity: 4000
Gemini-2.0-Flash: Partial; Reasoning Error % Shit width: 200um
20000
Mimo-RL: Wrong; Image Misunderstanding ¢ 5 1000
10000 (—
Qwen3-VL-4B: Wrong; Reasoning Error % so0ol-
|,
HiEval-EA: Wrong; Image Misunderstanding v

- % 0 AT 5 P8 4 I i_F
260 280 300 320 340 360 380 400
Wavelength

Figure 10: Image Misunderstanding Case.
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Error (Reasoning Error)

Question: How many triangles can be drawn with vertices in the 18 points shown in the figure?<imagel>
Ground truth answer: 711

Response: We first choose 3 vertices from the 18 points. This can be done in \\( {} 18 \\choose 3}\\) ways.
For each choice of 3 vertices, we can draw a unique triangle. Hence, there are \\( {} 18 \\choose 3}\\)
triangles.\n\n\\(\\boxed{ {} 18 \\choose 3} \\)

GPT-5: Wrong; Image Misunderstanding %
GPT-40: Wrong; Image Misunderstanding 9
Mimo-RL: Wrong; Reasoning Error ¢
Qwen3-VL-4B: Wrong; Image Misunderstanding %

HiEval-EA: Wrong; Reasoning Error ¢/

Figure 11: Reasoning Error Case.

Error (Overthinking)

Question: What is the value of each peak?

Ground truth answer: 760

Response: <|think[>Okay, let's see. The user is asking about identifying the vertical coordinates (Y-axis
values) of the peaks in the provided graph. The graph shows a spectrum with counts on the Y-axis and
wavelength on the X-axis.unts...... Let me check the X-axis at 360 nm. The main peak is centered at 365, but
there's a slight increase before that. Maybe around 363-364 nm, a small peak. But that's part of the rising
edge. Alternatively, maybe it's a separate peak. But I think that's part of the same peak's tail.\n\nSo the main
peak is at around 900 counts, then the next peak is around 750, then 650. But I need to see the exact positions.
Alternatively, maybe the graph has two peaks: the main one and one to the right. Wait, looking at the graph,

after the main peak, there's a dip and then a small peak around 370

GPT-5: Wrong; Reasoning Error % F  sample Name: N3733
900 -  Grating: 12001
r Laser Peak Position: 266nm
Temperature: RT
_ : sooF-  Laser intansity: 3000au
Gemini-2.0-Flash: Wrong; Reasoning Error % E st width: 100um
700 - W
" r '
Mimo-RL: Wrong; Reasoning Error % 2 eoof-

Qwen3-VL-4B: Wrong; Image Misunderstanding % : NL//" M"\s\.,

HiEval-EA: Wrong; Overthinking E

L L PR L PRI S N
340 345 350 355 360 365 370 375 380
Wavelength

Figure 12: Overthinking Case.
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Error (Unanswerable)

e

Question: How many miles per gallon do the average motorcycle get on the highway?

Ground truth answer: 40

Response: I do not have enough information to provide an exact integer answer for how many miles per
3 I

gallon the average motorcycle gets on the highway. 4

GPT-5: Wrong; Reasoning Error %

Gemini-2.0-Flash: Partial; Reasoning Error %

Mimo-RL: Unanswerable %

Qwen3-VL-4B: Wrong; Image Misunderstanding %

HiEval-EA: Wrong; Unanswerable v

Figure 13: Unanswerable Case.

Error (Other)

Question: s the number of tiny gray bicycles that are on the left side of the brown metal sedan greater than
the number of things that are to the left of the tiny green bicycle? Choices: (A) Yes (B) No

Ground truth answer: Yes
Response: B

GPT-5: Wrong; Image Misunderstanding %

Gemini-2.0-Flash: Wrong; Reasoning Error %

Mimo-RL: Wrong; Reasoning Error %

Qwen3-VL-4B: Wrong; Image Misunderstanding %

HiEval-EA: Wrong; Other v

Figure 14: Other Case
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