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Abstract. Multimodal Large Language Models (MLLMs) demonstrate
immense potential in medicine, yet existing ophthalmology benchmarks
face significant limitations. They often neglect text-only clinical scenar-
ios, restrict question formats, and lack structured evaluation systems that
mirror real-world diagnostic workflows. To bridge these gaps, we intro-
duce OphthFlowBench, the first comprehensive ophthalmology bench-
mark that integrates both multimodal VQA and text-only clinical QA
pairs across open-ended and closed-form formats. Our benchmark fea-
tures a pioneering workflow-aligned evaluation system that decomposes
the clinical process into four sequential stages: visual perception, clini-
cal interpretation, disease diagnosis, and clinical management, enabling
granular, stage-by-stage assessment. Furthermore, to address the scarcity
of domain-specific models, we developed Oph-RL, a specialized oph-
thalmic MLLM based on the Qwen3-VL-8B-Instruct architecture. Oph-
RL is trained using a novel two-phase strategy comprising Supervised
Fine-Tuning (SFT) and difficulty-aware Group Relative Policy Optimiza-
tion (GRPO). Extensive evaluations on OphthFlowBench and the Oph-
thalWeChat benchmark reveal that Oph-RL achieves exceptional accu-
racy and robust clinical utility. It markedly outperforms existing propri-
etary, general and medical MLLMs across multiple modalities, subspe-
cialties, and languages, thereby paving the way for reliable ophthalmic
decision-support systems. The benchmark and model are publicly avail-
able at https://github.com/HapisQJ/OphthFlowBench.
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1 Introduction

Multimodal Large Language Models (MLLMs) demonstrate immense poten-
tial across medical specialties [26,36,30]. However, their systematic evaluation
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Fig.1: Overview of OphthFlowBench. The upper section displays diverse
data sources and the extraction process for ophthalmic data. The lower section
presents the image types and examples of clinical workflows. The bottom-right
corner shows a word cloud of the dataset and the composition of clinical workflow
tasks across training and testing data.

and application in ophthalmology face notable limitations. Current benchmarks
are highly fragmented, predominantly concentrating on either isolated VQA
tasks [27,14] or text-only queries [29]. This dichotomy fails to reflect real-world
clinical practice, which demands the seamless integration of diverse informa-
tion formats. Furthermore, existing resources treat medical queries in isolation
rather than as a continuous process, lacking a structured evaluation system that
mirrors the authentic clinical diagnostic workflow. Consequently, it remains ex-
ceedingly difficult to comprehensively evaluate a model’s practical clinical utility
and pinpoint its specific capability deficits in realistic scenarios.

To bridge these gaps, we introduce OphthFlowBench, the first unified bench-
mark dedicated to comprehensive ophthalmic multimodal and textual analysis.
Unlike previous datasets, it systematically integrates both multimodal VQA and
text-only clinical questions across open-ended and closed-form formats. Cru-
cially, our benchmark features a pioneering workflow-aligned assessment system
to move beyond isolated task evaluations. We decompose the evaluation into four
sequential stages mirroring actual diagnostic workflows [24]: visual perception,
clinical interpretation, disease diagnosis, and clinical management. This struc-
tured paradigm enables a highly granular and transparent assessment, ensuring
models are rigorously tested across the clinical continuum.
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Although preliminary studies [11] explore the application of MLLMs to oph-
thalmic imaging, their performance remains unsatisfactory. Recognizing the scarcity
of domain-specific models capable of navigating complex clinical workflows, we
developed Oph-RL, a specialized ophthalmic MLLM tailored for comprehensive
imaging and clinical analysis. We assess Oph-RL on the OphthFlowBench and
OphthalWeChat [35] benchmarks. Experimental results demonstrate that Oph-
RL achieves exceptional accuracy and robust clinical utility. Specifically, Oph-
RL exhibits highly balanced and superior language capabilities. Furthermore, it
achieves the best performance across 8 distinct ophthalmic subspecialties and
markedly outperforms existing models across over 13 common imaging modal-
ities. By bridging isolated visual tasks and continuous clinical workflows, our
work paves the way for reliable ophthalmic decision-support systems.

In summary, our main contributions are as follows:

e Dataset. We present OphthFlowBench, the first comprehensive benchmark
integrating VQA and text-only scenarios for ophthalmology, comprising 34,261
open-ended and closed-form question-answer pairs and 22,216 images ex-
tracted from high-quality medical benchmarks.

e Evaluation. We evaluated 23 representative MLLMs, including 3 propri-
etary models, 13 open-source models, and 7 medical-specific models.

e Model. We introduce Oph-RL, a specialized ophthalmic MLLM that demon-
strates superior accuracy and clinical viability across multiple benchmarks.

2 Method

2.1 Data Curation

Data Source. To construct OphthFlowBench, we systematically curate data
from a diverse array of established, high-quality medical benchmarks. Our data
collection spans both multimodal and text-only formats to thoroughly eval-
uate varied clinical capabilities. Specifically, the VQA data is systematically
sourced from Asclepius [19], GMAI-MMBench [38], MedFrameQA [39], MedX-
pertQA [42], OmniMedVQA [7], and PMC-VQA [40]. For the text-only modal-
ities, closed-form questions are extracted from MedMCQA [25], MedQA [§],
MedXpertQA [42], and MMedBench [28], whereas open-ended questions are de-
rived from Huatuo-Lite [33] and PubMedQA [9]. These benchmarks encompass
not only diverse ophthalmic imaging modalities but also multiple languages and
question forms.

Retrieval and Verification. Given that these source benchmarks encompass
the entirety of the medical field, isolating a high-purity ophthalmic subset re-
quires a precise and scalable curation strategy. We implement a rigorous, two-
stage extraction and validation pipeline. In the first phase, we utilize GPT-40-
mini as an initial semantic filter to process the massive pool of general med-
ical queries. By leveraging its strong instruction-following capabilities, we effi-
ciently identify and extract questions that are highly relevant to ophthalmology.
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To guarantee domain accuracy of the filtered subset, we introduce a rigorous
human-in-the-loop verification step. A specialized panel comprising four profes-
sional ophthalmologists systematically reviews every extracted instance. They
carefully cross-verify clinical accuracy and data consistency, strictly filtering out
any residual non-ophthalmic items or clinically invalid cases.

Refinement. To bridge the semantic gap between visual perception and pre-
cise textual answering, and to mitigate the hallucinations prevalent in medical
VQA, we implement a data refinement phase. Existing medical VQA datasets fre-
quently suffer from underspecified queries and granularity inconsistencies, where
a vague question might validly prompt multiple semantically distinct answers.
Such ambiguity not only confounds evaluation but also severely destabilizes
reinforcement-based policy learning, which requires precise reward signals [20].

To address this, we employ GPT-5 to meticulously refine the extracted QA
pairs. Drawing inspiration from recent VQA counsistency auditing protocols [20],
our refinement strategy strictly adheres to three core principles: (1) Discrimi-
native sufficiency: ensuring that the question alone provides enough semantic
constraints to allow exactly one answer to be selected through valid reasoning.
(2) Task-Intent consistency: maintaining alignment between the question’s
semantic intent and the decision dimension represented by the answer and op-
tions. (3) Granularity calibration: aligning the level of semantic specificity in
the question with the discriminative granularity of the answer and options. Am-
biguous cases were corrected under these rules, unresolved cases were discarded.

Classification. To reflect real-world ophthalmic practice, we organize Oph-
thFlowBench along a continuous clinical workflow comprising four sequential
stages [24]. Stages are distinguished by the dominant cognitive operation re-
quired: visual perception identifies visible findings; clinical interpretation ex-
plains their clinical meaning; disease diagnosis determines the disease category;
and clinical management selects diagnostic, referral, follow-up, or treatment ac-
tions. Each item is assigned to the single stage that best matches its primary
reasoning objective, while text-only questions bypass visual perception. We em-
ploy GPT-5 to automatically categorize the refined dataset into these specific
stages, after which four expert ophthalmologists review and correct all labels to
ensure clinical validity and reproducibility.

2.2 Model and Training Strategy

To tailor the foundational multimodal capabilities to the stringent requirements
of ophthalmic diagnosis, we developed Oph-RL based on the Qwen3-VL-8B-
Instruct [3] architecture. A two-phase training strategy was employed to pro-
gressively enhance its multimodal understanding. The training data included
ophthalmic data extracted from 11 medical benchmarks, as well as multi-view
ophthalmic images and corresponding reports from a private hospital. The in-
house data was processed into training-ready data by leveraging GPT-5 models
and a specialized team of ophthalmologists.
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Fig. 2: Training strategy for Oph-RL

As shown in Fig. 2, in the first phase, we performed SFT on the Qwen3-
VL-8B-Instruct model. The fine-tuning process used 22,840 high-quality oph-
thalmic question-answer pairs, encompassing the full four-stage clinical workflow.
The training corpus spanned over 20 different imaging modalities and text-only
question-answer data, ensuring comprehensive coverage across a wide range of
ophthalmic applications.

In the second phase, we applied reinforcement learning within the GRPO
framework to further enhance the decision-making ability of Oph-RL. Consid-
ering that overly simple or extremely difficult samples can generate ineffective
gradient signals and hinder learning efficiency [5], we introduced a difficulty-
aware data selection mechanism [6]. Specifically, for each instance, we generated
N samples using the SFT-initialized model and evaluated them using a large
language model acting as a judge. For a given set of scores S = {57, Sa, ..., SN },
for closed-form questions, we retained those with average scores (i.e., accuracy)
in the range of [0.2,0.8). For open-ended questions, we retained those with an
average score in the range [0.2,0.8) and a score range of 0.4 or greater. In prac-
tice, we set N = 5, ultimately selecting 5,667 medium-difficulty questions from
the original set of 25,624 QA pairs. In line with standard reinforcement learn-
ing reward calculation methods, both answer reward Ranswer and format reward
Riormat Were integrated into the final reward signal. GPT-5-Nano served as the
reward evaluator, assigning scores between 0 and 1 for the answer. The overall
reward is then determined using the following formula, which combines both
answer and format contributions:

Riotal = @ - Ranswer + 8 Riormat, (1)

where a + 8 = 1. Note that for closed questions R.nswer = 1 if the candidate
answer matches the gold solution exactly, and Ranswer = 0 if it does not. For
open-ended questions, Ranswer is further decomposed as:

Ranswer = W1 - core + ws - coverage + ws - consistency, (2)

where w; + wy + w3 = 1, core measures whether the main conclusion or claim
in the candidate’s response matches the gold solution, coverage evaluates how
many key points from the gold solution are present in the candidate’s response,
and consistency ensures the response is free from contradictions and hallucinated
facts.
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3 Experiments and Results

3.1 Experimental Setup

Benchmarked MLLMs. We systematically evaluated 23 representative MLLMs
and Oph-RL on the OphthFlowBench benchmark: 3 proprietary models accessed
via API [23,34,31], 13 open-source large models [3,21,32,17,18,1,12,22,31,37], and
7 medical MLLMs [13,36,4,30,11,26]. We also assessed the performance of Oph-
RL across different dimensions on the OphthalWeChat benchmark [35].

Performance Metrics. For closed-form questions, we use accuracy. For open-
ended questions on OphthFlowBench, we report ROUGE-L as a reproducible
lexical-overlap metric. As a complementary semantic evaluation, the open-ended
subsets of OphthalWeChat are assessed using DeepSeek-V3 [16] as an LLM judge
for factual correctness.

Implementation Details. All models were evaluated using the vLLM frame-
work and on Hugging Face transformers library [10]. Our model was initialized
using Qwen3-VL-8B-Instruct, followed by SFT and GRPO. Both training stages
were conducted via LoRA using the ms-swift framework [41]. All evaluation and
training were conducted on a single server equipped with six NVIDIA A100
80GB GPUs. For the GRPO policy, eight candidate rationales were generated
per sample with a sampling temperature of 0.8.

3.2 Evaluation on OphthFlowBench

The performance of various MLLMs on OphthFlowBench is summarized in Ta-
ble 1. Overall, our model achieves the highest macro-averaged score of 0.532,
which is the average of 10 stage-specific metrics. This score outperforms GPT-5.2
(0.472) and the strongest open-source baseline, Qwen3-VL-32B-Instruct (0.483),
highlighting the effectiveness of in-domain post-training for workflow-aligned
ophthalmic reasoning. The advantage is particularly pronounced in multimodal
perception, interpretation, and diagnosis, where our model achieves accuracies of
0.740, 0.763, and 0.779, respectively. It also outperforms other models in closed-
form text QA, such as diagnosis, and open-ended QA, where the ROUGE-L
score reaches up to 0.267. However, it is important to note that our model un-
derperforms compared to proprietary MLLMs in the multimodal management
stage. We attribute this discrepancy to the differing capability requirements,
as management questions involve guideline-aware planning, including referral
urgency, follow-up, and treatment recommendations, which depend on broader
clinical knowledge and safety considerations. In contrast, our training is primar-
ily focused on image-based perception and diagnostic reasoning. Additionally, we
observe a cascading dependency across the multimodal clinical workflow. Models
such as LLaVA-1.5-7B and Chiron-01-8B show progressively lower performance
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Table 1: Results on OphthFlowBench. The best values for each assessment
task are highlighted in bold. Specifically, T'1 denotes visual perception, T2 de-
notes clinical interpretation, 73 denotes disease diagnosis, and 74 denotes clin-
ical management.

Model Multimodal Closed-form Text Open-ended Text

T1 T2 T3 Ty T2 T3 Ty T2 T3 Ty
Proprietary MLLMs
GPT-5.2 [23] 0.6755 0.7124 0.6183 0.6780 0.5395 0.6190 0.5339 0.1378 0.1063 0.0957
Grok-4 [34] 0.6040 0.6471 0.5703 0.5593 0.5330 0.6095 0.5400 0.1582 0.1225 0.1116
GLM-4.6v [31] 0.6432 0.6669 0.5905 0.5254 0.5027 0.5238 0.4805 0.2288 0.2014 0.1935
Open-Source MLLMs
Qwen3-VL-8B-Instruct [3] 0.6222 0.6566 0.6659 0.4407 0.4249 0.4762 0.4535 0.1621 0.1694 0.1850
Qwen3-VL-32B-Instruct [3] 0.6674 0.7175 0.7057 0.5932 0.5114 0.5619 0.4969 0.2176 0.1783 0.1781
Ovis2.5-9B [21] 0.6660 0.6583 0.6899 0.5763 0.3427 0.4310 0.3943 0.2274 0.1919 0.1900
InternVL3.5-4B [32] 0.6654 0.7139 0.7321 0.5593 0.3265 0.3833 0.3121 0.1297 0.1469 0.1621
InternVL3.5-8B [32] 0.6746 0.6823 0.6817 0.4915 0.3362 0.3381 0.3450 0.1268 0.1335 0.1588
LLaVA-1.5-7B [17] 0.5001 0.4923 0.3634 0.3559 0.2649 0.2786 0.3203 0.0720 0.1338 0.1346
LLaVA-V1.6-Mistral-7B [18] 0.4788 0.5591 0.4537 0.4407 0.2865 0.3143 0.3224 0.2095 0.2037 0.1914
Phi-3.5-vision-instruct [1] 0.5307 0.5517 0.4854 0.3729 0.3449 0.3952 0.3696 0.2101 0.1919 0.1874
Phi-4-multimodal-instruct [2] 0.5777 0.6119 0.4882 0.4746 0.2865 0.3690 0.3737 0.2246 0.2131 0.2111
Idefics3-8B-Llama3 [12] 0.6022 0.6273 0.5934 0.4746 0.4562 0.5452 0.5154 0.1872 0.1057 0.1407
Mistral-Small-3.1-24B [22] 0.5942  0.6178 0.5295 0.5593 0.4832 0.5214 0.4990 0.1938 0.1801 0.1956
GLM-4.1V-9B-Thinking [31] 0.3533 0.3213 0.3380 0.2373 0.3308 0.3548 0.3388 0.0313 0.0594 0.0617
R-4B [37] 0.5907 0.6038 0.5588 0.4746 0.3395 0.3643 0.3758 0.2191 0.1465 0.1509
Medical-Specific MLLMs
LLaVA-Med [13] 0.4732 0.4806 0.5378 0.3793 0.3092 0.3833 0.3368 0.1875 0.1105 0.0978
Lingshu-7B [36] 0.6870 0.6867 0.6553 0.5593 0.4259 0.4429 0.4209 0.0557 0.1248 0.1306
HuatuoGPT-Vision-7B [4] 0.6262 0.6515 0.6500 0.4746 0.3135 0.3476 0.3593 0.0476 0.0524 0.0608
Chiron-01-8B [30] 0.6709 0.6537 0.6519 0.5424 0.3968 0.4333 0.4004 0.0322 0.0622 0.0878
Med-R1-Fundus [11] 0.6053 0.5855 0.5619 0.5345 0.3059 0.2690 0.2505 0.2030 0.1234 0.1244
Med-R1-OCT [11] 0.6036 0.6471 0.5619 0.5345 0.2843 0.2714 0.2669 0.2082 0.1287 0.1306
MedVLM-R1 [26] 0.5669 0.5723 0.4636 0.5172 0.2822 0.2905 0.2485 0.2049 0.1288 0.1280
Qwen3-VL-8B-Instruct (SFT) 0.7367 0.7417 0.7465 0.4576 0.4941 0.5690 0.5175 0.2605 0.2617 0.2475
Oph-RL 0.7401 0.7630 0.7792 0.4746 0.5492 0.6476 0.5873 0.2610 0.2674 0.2501

from T1 to T4, suggesting that weaknesses in upstream perception and interpre-
tation may propagate to diagnosis and management. This stage-wise degradation
highlights the importance of evaluating MLLMs as an interconnected clinical
process rather than as isolated tasks.

3.3 Comparisons on OphthalWeChat

We evaluated our model on the OphthalWeChat benchmark, focusing specifi-
cally on its performance across language, ophthalmic subspecialties, and differ-
ent modalities. As shown in Fig. 3, experimental results on the OphthalWeChat
benchmark demonstrate that our model significantly outperforms strong models
such as HealthGPT [15] across three key dimensions. Linguistically, our model
exhibits the best balanced language capabilities, achieving top scores of 0.607 and
0.614 in English and Chinese, effectively mitigating prevalent language biases in
MLLMs. Across clinical subspecialties, the model maintains near-universal lead-
ership. It achieves the best performance in 8 domains, with particularly outstand-
ing performance in pediatric ophthalmology/strabismus and cataract/anterior
segment domains. Furthermore, the model demonstrates exceptional adaptabil-
ity, outperforming existing models across more than 13 imaging modalities. It
excels in single-modality diagnosis and complex multimodal combinations, reach-
ing unprecedented accuracy in SLO+FAF and SLO+FFA. This fully highlights
its profound capabilities in multimodal clinical analysis.
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Fig. 3: Performance comparison on OphthalWeChat.

4 Conclusion

In this paper, we introduce OphthFlowBench, the first unified ophthalmic bench-
mark that comprehensively covers multimodal VQA and text-only scenarios. To
address the limitations of existing evaluation frameworks, we propose a novel
assessment protocol aligned with clinical workflows, decomposing the evaluation
process into four sequential stages: visual perception, clinical interpretation, dis-
ease diagnosis, and clinical management. This provides a comprehensive evalua-
tion suite for digital ophthalmology. Furthermore, we employed a two-stage train-
ing strategy incorporating SFT and difficulty-aware GRPO to develop Oph-RL,
a powerful ophthalmology-specific multimodal large language model. Extensive
experimental results demonstrate that Oph-RL significantly outperforms exist-
ing general and medical multimodal large models on both OphthFlowBench and
OphthalWeChat benchmarks. Overall, our work provides a workflow-oriented
evaluation framework for ophthalmic MLLMs and offers empirical insights into
their capabilities and remaining challenges in clinically relevant scenarios.
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