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Abstract

Text-guided medical image editing must sat-
isfy the requested pathology while preserving
anatomy, modality-specific appearance, and
clinical plausibility. However, existing datasets
largely supervise editors with final accepted
edits and discard the failed attempts produced
during generation. We argue that these fail-
ures provide essential supervision for qual-
ity control: they specify what should be re-
jected, why an edit is medically or visually
invalid, and how the instruction should be re-
vised. We present Med-Banana, a trajectory-
supervised framework for quality-controlled
medical image editing. We introduce Med-
Banana-80K, a large-scale resource of success-
and-failure editing trajectories with candidate
images, verification outcomes, rejection rea-
sons, and prompt refinements. Building on
it, Med-Banana jointly trains an editor, ver-
ifier, and refiner, enabling edit–verify–refine
inference from accepted and rejected attempts.
Experiments across MLLM judges, blind ex-
pert assessment, source-preservation and real–
synthetic separability probes demonstrate con-
sistent improvements over open medical image
editors. Code and data are publicly available1.

1 Introduction

Text-guided medical image editing aims to mod-
ify clinical images according to natural-language
instructions while preserving the medically rele-
vant content of the source image. This capability
supports controllable medical visual data construc-
tion, medical imaging model development, and
counterfactual medical image analysis (Wang et al.,
2025a; Kumar et al., 2025). Such edits provide
counterfactual image pairs for medical education
and synthetic training data for medical imaging
models. Unlike general image editing, however,

*Corresponding author
1https://github.com/richardChenzhihui/

Med-Banana-80K/

medical image editing is constrained by domain-
specific validity. A qualified edit should introduce
the requested pathology without disrupting patient-
specific anatomy, modality-specific appearance,
disease plausibility, or image-formation character-
istics (Chen et al., 2026). Medical image editing
is therefore not only a conditional generation task,
but also a quality-controlled editing problem.

Existing medical image editing datasets and edi-
tors are largely built on final accepted edits (Müller-
Franzes et al., 2023; Liu et al., 2025; Lai et al.,
2026; Alaya et al., 2024). This supervision for-
mat provides direct examples of successful editing
outcomes, but removes the generation process that
precedes them. In practice, many candidates fail
before an acceptable edit is obtained. They may
miss the target finding, alter non-target anatomy,
introduce clinically implausible patterns, or pro-
duce modality-inconsistent artifacts (Pérez-García
et al., 2024). These rejected attempts are typically
excluded from training data, together with the di-
agnostic feedback and prompt revisions generated
during quality control.

This omission limits what medical editing mod-
els can learn from existing datasets. Final accepted
edits mainly supervise endpoint imitation: they
show what a qualified output may look like, but
provide little information about the boundary be-
tween acceptable and invalid edits. Rejected can-
didates contain complementary supervision. They
expose failure modes, associate visual evidence
with medical or imaging constraints, and record
how an instruction should be revised after an un-
successful attempt. Such information is particularly
relevant in medical imaging, where an edit may ap-
pear visually plausible while remaining clinically
inconsistent (Sun et al., 2023).

We introduce Med-Banana, a trajectory-
supervised framework for quality-controlled medi-
cal image editing. Med-Banana pairs an image edi-
tor with two vision-language agents—a verifier that
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assesses whether each candidate satisfies medical
and imaging constraints, and a refiner that revises
the editing instruction after a rejection—forming
an edit–verify–refine loop. Its core resource, Med-
Banana-80K, records the complete trajectories of
this loop rather than retaining only final accepted
outputs. Each trajectory stores the source image,
target disease, candidate edit, the verifier’s assess-
ment and rejection reason, and the refiner’s prompt
revision for the next attempt. This formulation
changes the supervision unit from isolated final
edits to success-and-failure editing trajectories.

Med-Banana uses these trajectories to train the
editor alongside its verification and refinement
agents. Accepted trajectories provide positive su-
pervision for adapting the image editor, while re-
jected trajectories supervise candidate verification
and prompt refinement. At inference time, the sys-
tem performs edit–verify–refine from the original
source image: it generates a candidate edit, verifies
whether the result satisfies medical and visual con-
straints, and revises the prompt when verification
fails. Editing from the original image at each retry
avoids artifact accumulation while allowing verifier
feedback to guide subsequent attempts.

We evaluate Med-Banana with automatic medi-
cal judges, blind expert assessment, and objective
probes for source preservation and real–synthetic
separability. Across these protocols, Med-Banana
consistently improves open medical image editors,
demonstrating the value of modeling rejected can-
didates and refinement traces as first-class supervi-
sion for medical image editing.

The main contributions are as follows:

• We introduce Med-Banana-80K, a large-
scale medical image editing trajectory dataset
that preserves accepted edits, rejected at-
tempts, verification outcomes, rejection rea-
sons, and prompt refinement traces.

• We formulate success-and-failure trajecto-
ries as a supervision unit for medical image
editing, enabling positive learning from ac-
cepted edits and negative/corrective learning
from failed attempts.

• We instantiate Med-Banana as a quality-
controlled multi-agent edit–verify–refine sys-
tem, improving open editors by up to +1.27
under MLLM Judge and +0.83 under blind
expert assessment, and achieving the best

Resource Size Exposed Supervision

MedEdit (Alaya et al., 2024) 443 Final success pairs
MedE-Bench (Liu et al., 2025) ∼1K Final success pairs
RadEdit (Pérez-García et al., 2024) ∼6K Final success pairs
MedGEN-Bench (Yang et al., 2025) ∼6K Final success pairs
MieDB-100k (Lai et al., 2026) ∼100K Success editing triplets
Med-Banana (Ours) ∼80K Success & Failure Traj.

Table 1: Medical image editing resources. Existing
resources expose accepted edits as supervision, whereas
Med-Banana retains accepted and rejected attempts with
verification and refinement traces.

overall rank (1.50) on source-preservation and
real–synthetic separability probes.

2 Related Work

Medical Image Editing Methods, Benchmarks,
and Datasets. Medical image editing has evolved
from task-specific pathology manipulation to
broader text-guided editing resources. MedEdit
and PRISM study diffusion-based editing that mod-
ifies disease-related content while preserving non-
target structures (Alaya et al., 2024; Kumar et al.,
2025). RadEdit creates controlled chest X-ray vari-
ations for stress-testing biomedical vision models,
emphasizing the need to avoid spurious global arti-
facts (Pérez-García et al., 2024). Recent bench-
marks further expand evaluation and coverage:
MedE-Bench provides clinically curated image-
prompt pairs, ROI annotations, and diagnostic eval-
uation dimensions (Liu et al., 2025); MedGEN-
Bench situates image editing within multimodal
medical generation (Yang et al., 2025); and MieDB-
100k scales editing data across perception, modifi-
cation, and transformation tasks (Lai et al., 2026).
As summarized in Table 1, these resources improve
the scale and evaluation of medical editing, but
their learnable supervision remains centered on ac-
cepted final edits. Med-Banana targets the missing
process signal: rejected candidates, verification
outcomes, failure reasons, and refinement traces.
Quality-Controlled and Feedback-Driven Im-
age Editing. General-domain editing increasingly
treats image editing as an iterative or agentic pro-
cess. RefineEdit studies feedback-driven refine-
ment (Liang et al., 2025). CAMEO embeds evalua-
tion and revision in a multi-agent editing loop (Pu
et al., 2026), while ImageEdit-R1 formulates multi-
agent editing as sequential decision making with
reinforcement learning (Zhao et al., 2026). These
works motivate feedback-based controllability, but
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they are not designed around medical validity or
failure supervision. Med-Banana focuses on medi-
cal editing, where verification accounts for instruc-
tion compliance, pathological plausibility, anatom-
ical consistency, and imaging fidelity. Its veri-
fier and refiner are trained from trajectory-level
supervision—rejected candidates, verifier ratio-
nales, and prompt refinements—rather than relying
on prompted assessment alone.

3 Med-Banana-80K: Success and Failure
Trajectories of Medical Image Editing

We introduce Med-Banana-80K, a large-scale med-
ical image editing dataset built around success-and-
failure trajectories. Unlike final-pair datasets that
retain only accepted outputs, Med-Banana-80K pre-
serves the full edit–verify–refine process. Each
trajectory records the edited image, verification
outcome, rejection reason and instruction refine-
ment.

Source Images and Disease Coverage. We col-
lect 25,636 real clinical images from three repre-
sentative 2D medical imaging modalities: chest
X-ray, brain MRI, and fundus photography. The im-
ages are drawn from MIMIC (Johnson et al., 2016),
Brain-MRI (Nickparvar, 2021), and ODIR (Li et al.,
2020), covering 23 pathological categories across
thoracic findings, brain tumors, and retinal dis-
eases. These modalities impose distinct editing
constraints: chest X-ray edits require global ra-
diographic consistency (Pérez-García et al., 2024),
brain MRI edits require preserving anatomical
structures around tumour regions (Yeganeh et al.,
2025), and fundus edits must maintain lesion mor-
phology, vessel continuity, and local retinal tex-
ture (Go et al., 2024).

Trajectory Construction. We construct trajecto-
ries through the edit–verify–refine loop in Figure 1.
Given a source image and target disease, the edi-
tor generates a candidate image from the current
editing prompt and negative prompt. The verifier
agent evaluates the candidate using four criteria:
instruction compliance, pathological plausibility,
anatomical consistency, and imaging fidelity. Ac-
cepted candidates are stored as success trajectories.
Rejected candidates are stored with verifier rea-
sons, which are then passed to the refiner agent to
produce a revised prompt pair. Each new round
edits from the original source image rather than the
rejected candidate, avoiding artifact accumulation

while preserving the full sequence of attempts. The
construction loop uses Nano-Banana as the editor
and Gemini 3 Pro as the verifier and refiner agents.
A cross-model audit of the construction labels is
reported in Appendix B.

Trajectory Representation. Each trajectory is
represented as a round-indexed record of the inter-
action among editor, verifier, and refiner. At round
r, the record contains the source image, target dis-
ease, editing prompt, negative prompt, candidate
image, verifier decision, and verifier rationale. If
the candidate is rejected, the record additionally
stores the refined prompt and negative prompt for
round r + 1. This format specifies what was at-
tempted, why the attempt failed or succeeded, and
how the next attempt was revised.

Success and Failure Supervision. Med-Banana-
80K provides two complementary supervision sig-
nals. Success trajectories provide positive source–
instruction–edited-image triples for adapting med-
ical image editors. Failure trajectories provide re-
jected candidates with explicit medical rejection
reasons and refinement actions. These failed at-
tempts support recognizing unsatisfactory edits, ex-
plaining failure modes, and generating follow-up
instructions. Thus, Med-Banana-80K serves not
only as an editing dataset, but also as supervision
for verification and feedback-guided refinement.

Dataset Scale. Med-Banana-80K contains
25,636 original images across chest X-ray, brain
MRI, and fundus photography, spanning 23
pathological categories. It includes 50,635 success
trajectories and 37,822 failure trajectories. The
released corpus contains 114,093 image records
in total, with 88,457 success-and-failure editing
attempts forming the core trajectory supervision.

4 Med-Banana System

In this section, we propose Med-Banana, an agentic
medical image editing system in which trajectory-
trained verifier and refiner agents provide quality
control. It defines the edit-addition task, describes
trajectory-based supervision, and presents the edit–
verify–refine loop.

4.1 Quality-Controlled Editing Formulation
Given a source medical image x, a target disease
d, and an initial editing instruction p0, the system
generates a candidate edited image x̂. In the main
experiments, the initial instruction follows the same
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Verifier
     "verification": { "qualified":false,"has_disease":
true,"plausibility": false,"consistent": true, "fidelity":
false, 
    "reason": "...The image successfully depicts a
large, infiltrative mass in ... However, the overall
anatomical structure is not reasonable. The
cerebellum, located in the posterior fossa, is depicted
with an impossible morphology. ... This fundamental
anatomical error makes the image fail the 'plausibility'
and 'fidelity' criteria ..."}

Refiner
        "prompt": "In the white matter of the right
cerebral hemisphere, introduce a single, irregularly
shaped mass with soft, infiltrative edges. ... creates a
subtle mass effect, slightly compressing the adjacent
ventricle, while keeping all other brain structures,
including the cerebellum, completely unchanged.",
        "negative_prompt": "No copy-pasted patterns,
sharp borders, or signs of digital manipulation. Do not
alter any other brain region. Preserve the original
image's noise profile and background textures. .."

XX X

X

Figure 1: Overview of Med-Banana. Med-Banana builds success-and-failure editing trajectories through an
agent-coordinated edit–verify–refine loop. Accepted candidates supervise editor adaptation; rejected candidates are
stored with verifier agent rationales and prompt refinements. These trajectories turn accepted edits into positive
supervision, and rejected attempts into diagnostic and corrective supervision for verification and feedback-guided
refinement.

concise template for all samples: add {disease}
to this image. This simple prompt intentionally
provides only the target condition, to measure the
benefit of trajectory-guided refinement.

Med-Banana decomposes the editing process
into three modules. The editor maps the source
image and current prompt pair to a candidate edit.
The verifier agent compares the original and edited
images and autonomously determines whether the
candidate satisfies instruction compliance, patho-
logical plausibility, anatomical consistency, and
image-physics fidelity. The refiner agent takes the
verifier’s reason and previous failure history and
produces a revised prompt and negative prompt for
the next attempt.

4.2 Learning from Success and Failure

Image editor tuning. Successful trajectories pro-
vide positive editing supervision for the image ed-
itor. Each accepted attempt gives a source image,
an editing instruction, and an accepted edited im-
age. We use these triples to adapt open image
editors with LoRA tuning. This keeps the edi-
tor training close to conventional supervised edit-
ing, while grounding the supervision in trajectory
records whose rejected attempts are also preserved.
Verifier agent tuning. Success and failure trajecto-
ries provide supervision for candidate assessment.
We convert each edited image into an inquiry–
response pair for a vision-language verifier agent.
The inquiry asks whether the candidate satisfies
the requested pathology and remains structurally
reasonable and visually realistic. The response con-
tains a structured quality decision and a concise rea-

son, covering instruction compliance, pathological
plausibility, anatomical consistency, and imaging
fidelity. Successful attempts teach the verifier what
should pass, while failed attempts teach which vi-
sual or medical failures should be rejected. This
supervision grounds the verifier agent in medical
editing criteria derived from trajectory data, rather
than in general-purpose visual assessment.
Refiner agent tuning. Failed trajectories pro-
vide corrective supervision for prompt revision.
For each rejected attempt, the refiner observes
the failed edited image, previous instructions, the
refinement history, and the current verifier rea-
son, then learns to revise the positive and negative
prompts for the next attempt. This teaches the re-
finer a trajectory-derived revision policy: translate
concrete failure evidence into an improved editing
instruction.

4.3 Agentic Edit–Verify–Refine Loop

At inference time, Med-Banana starts from the ini-
tial instruction p0 and repeatedly applies the same
loop. At round r, the editor generates a candi-
date from the original source image and the current
prompt pair pr. The verifier agent evaluates the
current edited image and returns a pass/fail deci-
sion with a reason. If the candidate is rejected,
the refiner agent uses the previous edited image,
prompt pair, refinement history, and verifier reason
to produce the next prompt pair pr+1.

The retry always edits from the original source
image rather than from the failed candidate. This
design prevents artifacts from accumulating across
failed attempts and makes each round a controlled
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Model Instruction Compliance Pathological Plausibility Anatomical Consistency Imaging Bio-Fidelity Overall
Mean Std. Mean Std. Mean Std. Mean Std. Average Rank

MedGemma-27B Judge
GPT-Image-2 8.23 0.62 7.37 0.90 8.47 0.52 7.95 1.03 8.01 1
Nano-Banana-2 8.13 0.76 7.27 1.06 8.51 0.50 7.63 1.26 7.89 4
Nano-Banana 8.07 0.69 7.12 1.03 8.52 0.50 7.82 1.14 7.88 5
Qwen-Image-Edit-2511 7.95 0.65 7.00 1.01 8.46 0.50 7.65 1.14 7.77 6
FireRed-Image-Edit-1.1 7.91 0.70 7.06 1.02 8.36 0.48 7.44 1.04 7.69 7
Med-Banana (Qwen) 8.07 0.70 7.06 1.07 8.57 0.50 8.02 1.02 7.93 2
Med-Banana (FireRed) 8.03 0.67 7.03 1.02 8.56 0.52 8.11 0.93 7.93 2

MiMo-V2.5 Judge
GPT-Image-2 5.76 2.10 3.84 1.73 6.47 2.32 3.84 1.50 4.98 1
Nano-Banana-2 5.75 2.17 3.92 1.94 5.90 2.81 3.71 1.82 4.82 2
Nano-Banana 4.57 1.72 2.81 1.09 5.52 2.87 3.09 1.84 4.00 4
Qwen-Image-Edit-2511 3.28 1.80 1.97 1.11 4.71 3.20 2.19 1.78 3.04 6
FireRed-Image-Edit-1.1 2.97 1.85 1.78 1.18 3.72 3.19 2.34 2.40 2.70 7
Med-Banana (Qwen) 4.27 1.72 2.72 1.13 6.19 2.58 3.21 1.85 4.10 3
Med-Banana (FireRed) 4.47 1.52 2.73 1.01 5.86 2.56 2.84 1.28 3.97 5

Expert as Judge
GPT-Image-2 7.00 2.17 6.50 2.03 7.07 1.79 7.07 2.02 6.91 1
Nano-Banana-2 6.72 2.74 6.44 2.54 6.61 2.00 7.00 2.11 6.69 2
Nano-Banana 5.63 1.74 4.44 2.54 5.61 1.00 4.00 2.11 4.92 6
Qwen-Image-Edit-2511 5.33 1.94 4.89 1.76 5.22 2.10 5.11 2.45 5.14 5
FireRed-Image-Edit-1.1 5.20 1.94 4.47 1.75 4.40 1.58 4.00 1.93 4.52 7
Med-Banana (Qwen) 6.31 1.36 5.31 1.31 5.06 1.68 4.69 1.83 5.34 4
Med-Banana (FireRed) 5.84 1.69 5.26 1.55 5.26 1.48 5.05 2.06 5.35 3

Table 2: Main Experiment – Medical image editing quality via multi-judge evaluation. We report Instruction
Compliance, Pathological Plausibility, Anatomical Consistency, Imaging Bio-Fidelity, and their Overall average
under automatic and expert judges. Bold indicates the best result, and underline denotes the second-best.

counterfactual attempt. Unless otherwise stated,
the main system uses a refinement budget of R =
10. The budget is the minimum number of refine-
ment rounds: the verifier assesses every candidate,
but the loop keeps refining until R rounds are com-
pleted, and an acceptance ends the loop only after
the budget is used. Cases with no accepted can-
didate are treated as unsuccessful and their saved
attempts remain failed trajectories. This budget is
evaluated explicitly in the ablation study, where we
vary the number of refinement rounds and show
that insufficient reflection under-corrects failures,
while excessive reflection can drift from the target
pathology.

5 Experiments

In this section, we evaluate whether success-and-
failure trajectory supervision improves medical
image editing. We compare state-of-the-art text-
guided editors with Med-Banana editors on the
same medical image editing benchmark, then eval-
uate visual preservation and distributional separa-
bility with objective probes.

5.1 Experimental Setup

Evaluation set. The main experiment randomly
samples 100 editing tasks from a held-out test split
of Med-Banana-80K that is disjoint from the train-
ing data at both the patient and source levels. Each

sample contains a healthy source image, a target
disease, and the initial instruction add {disease} to
this image. The set covers brain MRI, fundus pho-
tography, and chest X-ray, with nine target disease
categories: glioma, meningioma, pituitary tumor,
cataract, AMD, diabetic retinopathy, cardiomegaly,
pneumothorax, and pneumonia.

State-of-the-Art Baselines. We benchmark Med-
Banana with state-of-the-art proprietary and open-
source image editors: GPT-Image-2 (Singh et al.,
2025), Nano-Banana 1 & 2 (Comanici et al., 2025),
Qwen-Image-Edit-2511 (Wu et al., 2025), FireRed-
Image-Edit-1.1 (Team et al., 2026).

Med-Banana configuration. The two Med-
Banana variants use LoRA-adapted Qwen-Image-
Edit-2511 and FireRed-Image-Edit-1.1 as editors.
The verifier and refiner agents are separately
finetuned Qwen3.5-9B (Bai et al., 2025) vision-
language models: the verifier scores candidate ed-
its and returns a structured decision, while the re-
finer rewrites the prompt and negative prompt after
a rejection. Med-Banana uses refinement budget
R = 10. Fine-tuning all three modules takes about
10 hours on 8 NVIDIA H100 GPUs. Detailed set-
tings are reported in Appendix C.

MLLM-as-Judge. We evaluate each edited candi-
date with two SOTA MLLMs: MiMo-V2.5 (Xiao
et al., 2026), a general-purpose model, and
MedGemma-27B (Sellergren et al., 2025), a med-
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ically optimized model. Each judge compares
the source and edited images with the task meta-
data, then assigns four 0–10 scores: target instruc-
tion compliance, biological/pathological plausibil-
ity, modality/anatomical consistency, and imaging-
physics counterfactual fidelity. Rubric and prompt
details are provided in Appendix C.4. Both judges
are separate from the models used in construction
and deployment.
Expert-as-Judge. MLLM judges may have stylis-
tic or model-specific biases (Chen et al., 2024; Pu
et al., 2025); therefore, we additionally conduct a
single-blind expert evaluation over all seven medi-
cal image editors. Experts review the source image,
edited candidate, target disease, modality, instruc-
tion, and a disease-specific imaging hint to evaluate
the quality of medical image editing. Two medical
annotation experts are trained to conduct quality
evaluation using the same standards as the MLLM
protocol. Full annotation settings and the interface
are reported in Appendix C.5.
Source Preservation. We complement judge-
based evaluation with objective image similarity
between each source image and its edited output.
Following the implementation in the objective-
metric pipeline, Table 3 reports PSNR (Dohmen
et al., 2025) and LPIPS (Zhang et al., 2018) met-
rics. PSNR measures pixel-level preservation be-
tween medical images, where higher values indi-
cate closer source-image fidelity. LPIPS measures
perceptual pixel feature distance, where lower val-
ues indicate closer perceptual similarity. These
metrics quantify whether an editor preserves non-
target image content and modality-specific texture.
See detailed settings in Appendix C.2.
Real/Synthetic separability. Medical image syn-
thesis studies commonly assess perceptual or dis-
tributional realism through real-versus-synthetic
discrimination (Müller-Franzes et al., 2023; Lopez-
Paz and Oquab, 2016). We therefore introduce a
real/synthetic classifier. For each editor, we sam-
ple 100 real pathology images exhibiting the cor-
responding diseases and the 100 outputs edited to-
ward the same target diseases. We split these sam-
ples into train and test sets with a 1:1 ratio and train
ResNet-18 and ResNet-34 classifiers for 50 epochs
to distinguish real target-disease images from tar-
geted editing outputs. This setup follows the logic
of a classifier two-sample test: if the edited images
contain obvious global artifacts or distributional
shortcuts, the classifier should be able to separate
them from real target-disease images; test accu-

racy closer to random guessing indicates stronger
real-synthetic indistinguishability. We report final-
epoch test accuracy, where lower is better.

5.2 Main Results
Tables 2 and 3 show that Med-Banana consistently
improves the two open base editors, Qwen-Image-
Edit and FireRed-Image-Edit. The key comparison
is therefore not only against proprietary systems,
but also against each base editor before trajectory
supervision and verification-refinement.

MLLM-as-Judge. Under MedGemma-27B,
both Med-Banana variants reach 7.93 aver-
age score and rank second overall. Relative
to their base editors, Med-Banana improves
Qwen-Image-Edit by 0.16 points (7.77 to 7.93)
and FireRed-Image-Edit by 0.24 points (7.69 to
7.93). The largest gain is in Imaging Bio-Fidelity:
Med-Banana (Qwen) improves from 7.65 to 8.02,
and Med-Banana (FireRed) improves from 7.44 to
8.11. This directly supports the role of trajectory
supervision in medical image editing: the model
learns to introduce the requested pathology while
preserving modality texture, surrounding anatomy,
and bio-fidelity.

The stricter MiMo-V2.5 judge shows the same
base-editor improvement with larger margins. Med-
Banana (Qwen) improves over Qwen-Image-Edit
by 1.06 points in overall average (3.04 to 4.10),
and Med-Banana (FireRed) improves over FireRed-
Image-Edit by 1.27 points (2.70 to 3.97). Thus,
the main contribution is a consistent lift over open
medical image editing backbones, rather than a
result tied to one judge or one rubric dimension.

Expert-as-Judge. The annotators’ assessment
confirms the same direction. Med-Banana (Qwen)
improves over Qwen-Image-Edit by 0.20 points
in overall judge score (5.14 to 5.34), and Med-
Banana (FireRed) improves over FireRed-Image-
Edit by 0.83 points (4.52 to 5.35). The expert
judges still rank the latest-generation proprietary
systems, GPT-Image-2 and Nano-Banana-2, high-
est, but the controlled comparison against Qwen
and FireRed shows that our method improves the
medical editing ability of both open base editors.
Both variants adapt open editors using only Med-
Banana-80K trajectories.

The judge scores also reveal where medical
image editing remains difficult. Among modali-
ties, chest X-ray obtains the highest average score
(6.36), followed by fundus photography (5.90),

26638



Model
Similarity Separability Overall

LPIPS↓ PSNR↑ ResNet-18↓ ResNet-34↓ Average
Rank↓Mean Std. Mean Std. Test Acc. (%) Test Acc. (%)

GPT-Image-2 0.229 0.117 21.64 4.01 63.00 65.00 4.00
Nano-Banana-2 0.275 0.130 18.93 4.55 73.00 65.00 5.25
Nano-Banana 0.250 0.112 18.72 6.41 55.00 70.00 4.75
Qwen-Image-Edit-2511 0.127 0.082 24.05 4.52 64.00 71.00 3.50
FireRed-Image-Edit-1.1 0.166 0.086 22.27 4.69 82.00 79.00 5.50
Med-Banana (Qwen) 0.158 0.101 22.69 5.43 62.00 65.00 2.75
Med-Banana (FireRed) 0.146 0.107 24.57 5.39 59.00 64.00 1.50

Table 3: Objective Metrics – Real/Synthetic Separability and Source Preservation. Methods are evaluated using
LPIPS, PSNR, and ResNet-18/34 test accuracy for separating authentic target-disease images from images edited
toward the same disease; accuracy near 50% means the two are indistinguishable. Average Rank summarizes overall
objective performance. Bold indicates the best result, and underline denotes the second-best.

while brain MRI is substantially lower (4.79). At
the disease level, pneumothorax, cardiomegaly, and
AMD receive the strongest scores, whereas pitu-
itary tumor is the most difficult category with an
average score of 3.93. This pattern suggests that
large structural or intensity changes in brain MRI
are more likely to break anatomical consistency and
imaging bio-fidelity, while chest X-ray and fundus
edits are judged more stable under the current edit–
verify–refine pipeline. Appendix D reports com-
parisons with rejection sampling, results on nine
unseen diseases, and a MedSigLIP disease-signal
evaluation.

5.3 Objective Metrics

Table 3 highlights the objective contribution of
Med-Banana. Compared with FireRed-Image-Edit,
Med-Banana (FireRed) improves PSNR by 2.30
dB (22.27 to 24.57), reduces LPIPS from 0.166
to 0.146, and lowers real-synthetic classifier accu-
racy by 23 and 15 percentage points for ResNet-18
and ResNet-34. Compared with Qwen-Image-Edit,
Med-Banana (Qwen) reduces classifier accuracy
by 2 and 6 percentage points, moving generated
medical editing outputs closer to the real-image dis-
tribution under both probes. These gains give the
two Med-Banana variants the best overall objective
ranks, 1.50 and 2.75, ahead of their FireRed and
Qwen base editors at 5.50 and 3.50.

These objective results are central to our claim.
The improvement is not only a judge preference
for more visible disease patterns; the generated
outputs also become harder to separate from real
medical images and, for the FireRed backbone,
better preserve source-image fidelity. This shows
that success-and-failure trajectory supervision con-
tributes directly to the editing capability required

Variant Target Plaus. Anatomy Fidelity Overall
Average

Component Tuning
w/o verifier 4.03 2.51 5.64 3.15 3.83
w/o refiner 3.38 2.33 5.94 3.48 3.78
w/o editor 4.23 2.67 5.62 2.95 3.87

Refine Budget
R = 0 3.74 2.33 4.15 2.34 3.14
R = 1 3.93 2.40 5.30 2.88 3.63
R = 5 3.78 2.38 5.96 3.29 3.85
R = 10 4.27 2.72 6.19 3.21 4.10
R = 20 3.99 2.51 5.80 3.15 3.86

Table 4: Ablation of trajectory-supervised editing.
Component ablations remove verifier tuning, refiner tun-
ing, or editor tuning, while reflection-budget ablations
vary the number of refinement rounds R.

in medical images: localized pathology insertion
without broad distributional artifacts.

6 Ablation Studies

We conduct ablation studies to isolate how success-
and-failure trajectory supervision contributes to
medical image editing quality. As shown in Ta-
ble 4, all variants are evaluated on the same 100
editing examples using MiMo-V2.5 as the MLLM-
as-Judge. The judge reports four failure-taxonomy-
derived dimensions: target instruction compli-
ance (Target), biological and pathological plausibil-
ity (Plaus.), modality and anatomical consistency
(Anatomy), and imaging-physics counterfactual fi-
delity (Fidelity). We use the overall average as
the main summary metric. Each component abla-
tion replaces the tuned module with its untuned
backbone.
Contribution of Trajectory Supervision. The
component ablations validate the role of success
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and failure supervision in the Med-Banana loop.
Removing editor tuning (w/o editor) removes the
direct supervision from successful trajectories, re-
ducing the overall average to 3.87. Removing
the verifier or refiner agent removes two forms
of failure supervision: candidate assessment from
rejected edits and feedback-guided prompt revi-
sion from refinement traces. These variants reach
only 3.83 and 3.78 overall average, respectively. In
contrast, the full system with the default reflection
budget achieves 4.10, with consistent gains across
Target, Plausibility, Anatomy, and Fidelity. This
shows that trajectory supervision does not merely
improve a single visual attribute; it improves the
balance between target disease insertion, medical
plausibility, anatomical consistency, and counter-
factual fidelity.

Test-Time Reflection Scaling. We further study
the refinement budget of the prompt-refinement
loop. Here, R denotes the minimum number of
refinement rounds conducted at test time: the sys-
tem routes the candidate back to the refiner if it
is accepted before reaching the minimum refine-
ment budget R. Without reflection (R = 0), the
system lacks feedback correction and obtains the
lowest overall score of 3.14. Increasing the budget
to R = 1 and R = 5 improves anatomical consis-
tency and fidelity, but the overall scores remain far
below the full setting. The default budget R = 10
performs best, achieving the highest overall score
of 4.10. Pushing the loop to R = 20 degrades the
result to 3.86, indicating that excessive refinement
can over-correct the prompt, drift away from the tar-
get pathology, or introduce visual artifacts. These
results suggest that Med-Banana benefits from test-
time reflection within a bounded refinement range.

Overall, trajectory supervision equips the ver-
ifier and refiner agents with a stable assessment
and revision policy, while the edit–verify–refine
loop structures their autonomous feedback at infer-
ence. Their combination is essential for the quality-
controlled editing behavior of Med-Banana.

7 Refinement Trajectory Analysis

We analyze instruction-refinement traces before
verifier acceptance to characterize the supervision
exposed by the edit–verify–refine loop. The analy-
sis covers 100 cases for each editor variant, yield-
ing 1,021 rejected candidates for Qwen and 1,012
for FireRed before the first accepted edit is reached.
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Figure 2: Failure reasons over refinement rounds. We
count rejected candidates from rounds 1–10 and catego-
rize each verifier reason into four diagnostic dimensions.
Both Qwen and FireRed are dominated by imaging bio-
fidelity failures, while instruction compliance errors are
much less frequent after the first round.

Rejections are dominated by imaging-fidelity
failures. Figure 2 shows that imaging bio-fidelity
is the dominant rejection dimension for both edi-
tors, appearing in every rejected candidate. The re-
maining dimensions are substantially less frequent:
pathological plausibility appears in 452 Qwen and
388 FireRed rejections, anatomical consistency in
192 and 206, and instruction compliance in 135 and
112. The same hierarchy persists late in the loop.
At round 10, all 100 rejected candidates from each
editor still fail imaging bio-fidelity, while Qwen
has 46 pathological-plausibility, 21 anatomical-
consistency, and 18 instruction-compliance fail-
ures; FireRed has 31, 16, and 6. These trends
indicate that refinement often corrects missing
or misplaced disease evidence before it resolves
image-formation defects, including local texture
mismatch, boundary artifacts, contrast inconsis-
tency, and modality-specific artifacts.

Acceptance concentrates after multiple rejected
attempts. Figure 3 shows that verifier acceptance
is concentrated after repeated rejection. Under
the default R = 10 setting, 86% of Qwen cases
and 90% of FireRed cases first pass at round 11,
with the remaining cases forming a small tail up
to rounds 15 and 14. Thus, medical editing quality
is rarely recovered by a single revision. The loop
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Figure 3: Rounds required before verifier acceptance.
Bars report the percentage of editing cases that first
pass the verifier agent at each round under the default
refinement budget R = 10. Most cases require multiple
feedback rounds before acceptance, while a small tail
remains difficult within the budget.

is better understood as conservative candidate se-
lection under disease-specific and image-fidelity
constraints, rather than smooth monotonic opti-
mization. Its rejected rounds define the supervision
boundary between visually plausible but invalid ed-
its and verifier-accepted medical edits. Appendix E
complements this analysis with qualitative audits
of individual rejected candidates.

8 Conclusion

In this work, we presented Med-Banana, a frame-
work for learning quality-controlled medical im-
age editing from success-and-failure trajectories.
We introduced Med-Banana-80K, a large-scale
trajectory resource that records accepted edits, re-
jected candidates, verifier rationales, and prompt
refinements, exposing the supervision that final-
edit datasets typically discard. Building on it, Med-
Banana couples an editor with trajectory-trained
verification and refinement agents in an edit–verify–
refine loop, converting accepted attempts into posi-
tive editing supervision and rejected attempts into
diagnostic and corrective supervision. Across
MLLM-based evaluation, blind expert assessment,
ablations, and objective source-preservation and
real–synthetic separability probes, Med-Banana
consistently improves open medical image editors.
This work reframes failed medical edits as reusable
training signal, offering a trajectory-level founda-
tion for more controllable and reliable medical im-
age editing.

Limitations

We discuss three main limitations of this work.
First, Med-Banana-80K currently focuses on three
representative 2D imaging modalities: chest X-ray,
brain MRI, and fundus photography. Although the
framework is not tied to specific modalities, extend-
ing it to additional settings such as CT, ultrasound,
pathology, and volumetric imaging would improve
its clinical coverage. Second, our evaluation com-
bines MLLM judges, blind expert assessment, and
objective probes, but the scale of expert evalua-
tion remains limited. Future work could include
larger multi-expert studies and broader external
validation to further assess generalization across
institutions, devices, and disease distributions. The
released subset also lacks the demographic detail
needed for subgroup analyses. Third, Med-Banana
is designed for research on medical image editing
and quality control rather than direct clinical use.
Before any clinical-facing deployment, the system
would require expert validation, provenance track-
ing, and task-specific safety review. Appendix A
states the intended use and release conditions of
Med-Banana-80K in full.
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A Med-Banana-80K Release and
Intended Use

Med-Banana-80K is released for research and ed-
ucation in medical image analysis. It supports the
study of medical image editing and quality control,
expert-supervised teaching with counterfactual im-
age pairs, robustness testing of medical vision mod-
els, and augmentation studies whose conclusions
are validated on real external data.

The dataset is derived by editing authentic clin-
ical images, and the principal risk it carries is the
misrepresentation of an edited image as genuine
patient data. Every released record therefore re-
tains its edit provenance, a non-identifying source-
dataset key, the target pathology, and its trajectory
metadata, which keeps each synthetic image trace-
able to its origin.

Med-Banana-80K is not a source of clinical evi-
dence. It is not intended for diagnosis, for treatment
decisions, or for use as patient documentation, and
any application to the training or evaluation of clini-
cal systems requires independent validation on real,
patient-disjoint external data.

B Med-Banana-80K Construction Details

Med-Banana-80K is constructed as an editing tra-
jectory resource rather than a final-pair collection.
Each source image is paired with a target disease
and an initial editing instruction. The initial instruc-
tion is intentionally simple, using the template add
{disease} to this image. The editor generates a can-
didate image, and the verifier agent compares the
source and candidate side by side. If the candidate
is accepted, the record is stored as a successful tra-
jectory. If it is rejected, the failure reason is stored
and passed to the refiner agent to produce the next
prompt.

Trajectory fields. Each trajectory stores the
source image identifier, modality, disease label,
task type, prompt, candidate edited image, out-
come, rejection reason when present, and refine-
ment trace when a retry is generated. Successful
trajectories therefore provide source–instruction–
edited-image supervision for editor adaptation,
while failed trajectories provide assessor and re-
finer supervision.

Refinement protocol. The retry image is always
generated from the original source image, not from
the previously failed candidate. This keeps each at-
tempt anchored to the same clinical image and pre-
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vents error accumulation across rounds. In the main
system, the default refinement budget is R = 10:
the budget sets the minimum number of refine-
ment rounds before an acceptance can end the loop.
The ablation study evaluates alternative budgets
R ∈ {0, 1, 5, 10, 20}.

Construction-label audit. To estimate the relia-
bility of construction-time verification, we audit
2,000 synthetic images from Med-Banana-80K,
stratified by modality and disease and balanced
between accepted and rejected cases. MedGemma-
27B reviews each source image, edited image, con-
struction verdict, and rationale, providing a second
opinion on each label. As shown in Table 5, 0.3%
of rejected labels and 14.7% of accepted labels
receive the opposite verdict, with 92.5% overall
agreement and Cohen’s κ of 0.850. These esti-
mates are cross-model proxies and do not replace
expert review.

Audit quantity Estimate Interpretation

Proxy FN 0.003 rejected labels judged qualified
Proxy FP 0.147 accepted labels judged unqualified
Overall agreement 0.925 labels receiving the same verdict
Cohen’s κ 0.850 agreement beyond chance

Table 5: Cross-model audit of construction la-
bels. Proxy FP and FN indicate disagreement with
MedGemma-27B on 2,000 modality- and disease-
stratified construction labels.

Initial Editing Prompt Template

User prompt: “add {disease} to this image”
Example: “add meningioma to this image”

C Experiment Settings

C.1 Component Fine-tuning
We fine-tune the editor, verifier, and refiner from
the same 10K subset of Med-Banana trajectories.
The editor uses successful trajectory records as pos-
itive source–instruction–edited-image triples. The
verifier and refiner use the trajectory interaction
records as VLM supervised fine-tuning examples:
the verifier learns to assess edited candidates with
structured JSON decisions, while the refiner learns
to convert a failed attempt, its previous prompt pair,
and verifier feedback into a revised prompt and
negative prompt. This shared subset keeps all three
modules tied to the same medical editing distribu-
tion while assigning each module the supervision

signal that matches its role in the edit–verify–refine
loop. Table 6 lists the complete fine-tuning config-
uration for the editor, verifier, and refiner.

C.2 Objective Metrics Details
We use objective probes to measure source-image
preservation and real–synthetic separability. These
probes are not intended to judge clinical correct-
ness; they quantify whether an editor preserves
non-target image content and avoids global syn-
thetic artifacts.

Similarity metrics. Let x, x̂ ∈ [0, 1]3×H×W

denote the RGB source image and edited output
loaded by the objective-metric pipeline. PSNR is
computed from the RGB mean squared error,

MSE(x, x̂)

=
1

3HW

3∑

c=1

H∑

h=1

W∑

w=1

(
xc,h,w − x̂c,h,w

)2

PSNR(x, x̂) = 20 log10

(
1√

MSE(x, x̂)

)

because the implementation normalizes pixel val-
ues to [0, 1]. Higher PSNR therefore indicates
stronger pixel-level source preservation. LPIPS
is computed with the official AlexNet-backbone
LPIPS model. Before evaluation, the RGB tensors
are linearly mapped to [−1, 1] as x̃ = 2x− 1 and
˜̂x = 2x̂−1. The metric compares normalized deep
features across AlexNet layers:

LPIPS(x, x̂)

=
∑

l

1

HlWl

∑

h,w

∥∥wl ⊙∆l(h,w)
∥∥2
2
,

∆l(h,w) = ϕ̂l(x̃)h,w − ϕ̂l(˜̂x)h,w.

Here, ϕ̂l denotes channel-normalized AlexNet fea-
tures and wl are the learned LPIPS layer weights.
Lower LPIPS indicates smaller perceptual feature
distance. For both metrics, we report the mean
and standard deviation over 100 paired source and
edited images for each editor.

Classifier probes. We train ResNet-18 and
ResNet-34 as binary probes for each editor inde-
pendently. The probe separates authentic images
of the target disease from synthetic images edited
toward that same disease: real clinical images al-
ready exhibiting the disease are labeled real, and
the editor’s outputs for the same disease are labeled
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synthetic. Each probe uses 100 real and 100 edited
images with a balanced 5:5 train/test split per class,
image size 224× 224, batch size 16, AdamW op-
timization, learning rate 1 × 10−4, and random
seed 82. We train the networks from scratch with-
out pretrained weights and report final-epoch test
accuracy. Lower test accuracy indicates weaker
real–synthetic separability.

C.3 Verifier and Refiner Tuning Templates

The verifier and refiner agents are tuned as separate
Qwen3.5-9B vision-language models. The verifier
uses edited-candidate assessment examples, while
the refiner uses failed-attempt context and verifier
feedback examples. The templates below summa-
rize the training interface; implementation-specific
wording is omitted.

Verifier Inquiry–Response Template

Input image. The edited candidate image.
Inquiry. Given the target disease and modality, de-
cide whether the edited image is a qualified medical
edit. Check whether the target finding is present,
whether the anatomy or structure remains reasonable,
and whether the image appears realistic.
Response schema. Return one JSON
object with qualified, has_disease,
structure_reasonable, looks_realistic,
and reason. The reason should briefly justify the
pass or failure decision.

Refiner Inquiry–Response Template

Input image. The failed edited candidate image from
the previous round.
Inquiry. Given the previous prompt pair and verifier
feedback, write a revised prompt pair for the next
editing attempt. The revised prompt should address
the concrete failure evidence, preserve the source
image outside the target edit, and avoid repeating the
same failure mode.
Response schema. Return one JSON object with
prompt and negative_prompt. The prompt de-
scribes the intended local edit, while the negative
prompt lists visual artifacts and unintended changes
to avoid.

C.4 MLLM-as-Judge Details

The automatic judges compare the original
source image and the edited candidate image.
MedGemma-27B is served through a local OpenAI-
compatible endpoint, while MiMo-V2.5 is ac-
cessed through an OpenAI-compatible API. The
MiMo script imports the MedGemma prompt
source, so both judges share the same scoring stan-
dard. The main MedGemma run uses temperature
0.5 and concurrency 32; the main MiMo run uses

temperature 0.0, concurrency 8, API retries, and
JSON response formatting.

MLLM-as-Judge User Prompt Template

Task. Score Image 2 against Image 1 for this medical
addition task.
Image roles. Image 1 is the original source image
before editing. Image 2 is the edited candidate image
to score.
Task metadata. The prompt includes task_type:
addition, modality, target_disease,
instruction, and sample_stem.
Scoring rules. The judge scores each dimension
from 0 to 10 and does not calculate an overall score.
It must judge Image 2 relative to Image 1 and the
requested disease, use the full score range, set quality
flags before scoring, and keep flags, reasons, failure
modes, and scores mutually consistent.
Dimensions. The four dimensions are Instruction
Compliance, Pathological Plausibility, Anatomical
Consistency, and Imaging Fidelity.
Output schema. The judge returns exactly one JSON
object containing role_check, quality_flags,
scores, dimension_reasons, and failure_modes.
Each reason is a short sentence and failure_modes
contains at most three short strings.

C.5 Expert-as-Judge Annotation

We build the expert-as-judge annotation tool from
the same editing evaluation package used for the
main experiments. The annotation covers all eval-
uated models, 100 edited images each. The target
diseases are glioma, meningioma, pituitary tumor,
cardiomegaly, pneumonia, pneumothorax, AMD,
cataract, and diabetic retinopathy.

Blind annotation protocol. The interface is
single-blind with respect to model identity. For
each case, the annotator sees the original source im-
age and the edited image, while the hidden record
keeps the true system name, sample stem, modality,
target disease, and instruction. Cases are shuffled
with random seed 82 before annotation.

Scoring protocol. Scores are assigned jointly
by the two annotators after a calibration session,
and disagreements are resolved through discussion,
yielding one agreed score per output. The displayed
record hides model identity, round index, and tra-
jectory history.

Annotator recruitment and compensation.
Both annotators hold medical imaging backgrounds
and participated on a voluntary basis. No monetary
compensation was provided. Annotation followed
the single-blind protocol described above.
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Displayed context. To keep the judgment fo-
cused on the requested edit, the interface displays
the original image, the edited image to be scored,
the target disease, modality, and instruction. It also
provides a short disease-specific imaging hint. For
example, chest X-ray hints describe expected radio-
graphic findings such as cardiomegaly, pneumonia,
and pneumothorax; fundus hints describe AMD,
cataract, and diabetic retinopathy appearances; and
brain MRI hints describe glioma, meningioma, and
pituitary tumor locations and morphology. The hint
is used as annotation guidance only and does not
reveal the model identity.

Scoring rubric. Annotators assign four indepen-
dent scores from 0 to 10: Instruction Compliance,
Pathological Plausibility, Anatomical Consistency,
and Imaging Fidelity. These dimensions match the
automatic MLLM-as-Judge rubric. In the annota-
tion guide, scores 8–10 indicate a clear and med-
ically plausible edit with only minor issues, 6–7
indicate an acceptable edit with moderate imperfec-
tions, 4–5 indicate a weak or borderline edit, and
0–3 indicate failure such as missing target pathol-
ogy, wrong disease, anatomical impossibility, non-
medical content, or severe artifact.

Med-Banana Edit Expert Rating Guidelines

Task Description. Rate only the edited image on the
right. The original image on the left is used only for
comparison. The edited image should add the target
disease manifestation while preserving the non-lesion
regions of the original image as much as possible.
Scoring Range. Each dimension is scored from 0 to
10.

• 8–10: Excellent. The target is clear, the lo-
cation and medical appearance are reasonable,
with only minor issues.

• 6–7: Acceptable. The target is recognizable,
but there are moderate flaws, incomplete sup-
porting signs, or insufficiently natural integra-
tion.

• 4–5: Marginally usable. The target is weak,
ambiguous, poorly localized, or of limited med-
ical significance.

• 0–3: Failure. The target is missing, the disease
is incorrect, the anatomy is wrong, the image
has been globally replaced, text or symbols are
used instead of a lesion, or clearly non-medical
content appears.

Do not default to a score of 5. If the target lesion is
clearly visible, approximately well located, and has
no obvious medical contradiction, the score should
generally fall in the 6–8 range, with deductions based
on specific defects.
Four Rating Dimensions.

1. Target Lesion / Instruction Fulfillment. As-
sess whether the edited image completes the
disease-addition task specified in the instruc-
tion. A high score means that the target disease
is clearly visible, approximately well located,
and consistent with the original task. A low
score means that the target is absent, the dis-
ease is incorrect, the target is extremely am-
biguous, or the edited content does not support
the intended disease. Slightly fake texture or
unnatural edges should not by itself push this
dimension very low, as long as the target re-
mains recognizable.

2. Biological and Pathological Plausibility. As-
sess whether the disease appearance is consis-
tent with medical knowledge and pathological
logic. A high score means that the lesion mor-
phology, extent, progression pattern, and re-
lated tissue response are basically reasonable.
A low score means that there are clear biolog-
ical contradictions, such as impossible lesion
morphology, unreasonable disease stage, or
completely mismatched associated structures.
Missing some ideal secondary signs may jus-
tify deductions, but recognizable lesions should
not be treated as failures by default.

3. Modality and Anatomical Consistency. As-
sess whether the edit preserves the correspond-
ing imaging modality and major anatomical
structures. A high score means that modality
features such as brain MRI, fundus photogra-
phy, or chest X-ray are well preserved, and
lesion location and spatial relationships are rea-
sonable. A low score means that key anatomi-
cal structures are disrupted, the lesion is placed
in an impossible location, or the modality char-
acteristics are clearly incorrect. Texture, noise,
and blending issues should mainly be penal-
ized in the fourth dimension, rather than being
severely penalized again here.

4. Imaging Realism and Counterfactual Fi-
delity. Assess whether the edited image looks
like a real medical image and whether only the
lesion region that should change has been al-
tered. A high score means that noise, texture,
edges, contrast, and scanner or device style
look natural, and non-lesion regions are basi-
cally preserved. A low score means that there
are obvious pasted artifacts, hard edges, incon-
sistent noise, local smearing, repeated textures,
irrelevant global changes, or image corruption.
If the target lesion remains clear and lies within
a medical image, mild to moderate synthetic
artifacts usually merit a score of 5–6, not auto-
matically 0–4.

Scoring Principles. The four dimensions should be
scored independently. Do not apply extreme repeated
penalties across all dimensions for the same defect.
First determine whether the target disease is recog-
nizable, then assess medical plausibility, anatomical
consistency, and imaging realism. Synthetic artifacts
should mainly affect the imaging realism and coun-
terfactual fidelity score, unless they make the target
unrecognizable or anatomically impossible.
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D Additional Evaluations

D.1 Comparison with Rejection Sampling and
Inference Cost

Med-Banana refines at test time, whereas the base-
lines in Table 2 edit in a single pass. To test whether
resampling alone matches verifier-guided refine-
ment, we compare against a rejection-sampling
baseline on the same 100 evaluation tasks. The
untuned Qwen-Image-Edit generates 20 candidates
per task with seeds 0–19, using the same editing
settings as the loop: 20 denoising steps, CFG 4.0,
native 1024× 1024 resolution, and the same nega-
tive prompt. The tuned Qwen3.5-9B verifier agent
checks the candidates in seed order under a candi-
date budget N ∈ {2, 8, 10, 20} and returns the first
accepted candidate, or the last candidate when none
is accepted. N = 10 matches the default refine-
ment budget R = 10. Scoring uses MedGemma-
27B and InternVL3.5-38B (Wang et al., 2025b)
with the main-experiment judge protocol; neither
judge is used in construction, tuning, or selection.

Table 7 reports overall scores on the 71 tasks
scored successfully by both judges; scores are
comparable only within each judge column. Med-
Banana (Qwen) outperforms rejection sampling at
every tested budget under both judges. Table 8 re-
ports the measured end-to-end inference cost of the
loop: the default refinement budget processes 11.2
candidates and takes about 27 seconds per image.

D.2 Generalization to Unseen Diseases

We further evaluate Med-Banana on diseases ab-
sent from its training trajectories. For each modal-
ity we select three such diseases (Table 10) and
sample 50 healthy source images, giving 450 addi-
tion tasks across brain MRI, fundus photography,
and chest X-ray. The system is applied unchanged,
with the default budget R = 10 and the same in-
struction template. Both Med-Banana variants and
the three proprietary editors from Table 2 edit the
same source images, and MedGemma-27B scores
the outputs with the main-experiment judge proto-
col.

As shown in Table 9, Med-Banana (Qwen) ob-
tains the highest overall score on the common sub-
set of 426 tasks scored for all five models. Both
variants also exceed the three proprietary editors
on the overall score and on imaging fidelity, where
the margin is largest. Across modalities, Med-
Banana (Qwen) leads on brain MRI, fundus pho-
tography, and chest X-ray, whereas Med-Banana

(FireRed) leads on brain MRI and fundus photogra-
phy but trails the proprietary editors on chest X-ray.
The largest margins appear on retinitis pigmen-
tosa, retinal detachment, and metastases (Table 10).
These results support disease-level generalization
within the studied modalities; generalization to new
anatomies, modalities, clinical sites, and imaging
devices remains future work.

D.3 Disease-Signal Evaluation
To test whether the edited images preserve disease
patterns consistent with real pathology, we encode
images with the frozen image encoder of Med-
SigLIP (Sellergren et al., 2025), a medical image
encoding model, and train a logistic-regression clas-
sifier on authentic disease and authentic normal im-
ages only. We apply the classifier to the 100 edited
images per Med-Banana variant from the main
evaluation and compute the AUROC against held-
out authentic normal images, with the authentic-
disease AUROC as reference. As shown in Ta-
ble 11, edited disease images reach an aggregate
AUROC of 0.800 (0.804 for Med-Banana (FireRed)
and 0.796 for Med-Banana (Qwen)), compared
with 0.943 for authentic disease images. AUROC
is highest for meningioma, AMD, and pneumonia,
and lowest for pituitary tumor and diabetic retinopa-
thy. The edited images therefore carry a disease
signal that a medical image encoder recovers well
above chance, although it remains weaker than the
signal of genuine pathology.
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Item Setting

Editor LoRA Fine-tuning
Training subset 10K Med-Banana trajectories
Training hardware 8 NVIDIA H100 GPUs; about 10 hours for editor, verifier, and refiner in total
Editor backbones Qwen-Image-Edit-2511; FireRed-Image-Edit-1.1
Supervision successful source–instruction–edited-image triples
Adaptation method LoRA fine-tuning
Frozen components Qwen-Image text encoder and VAE
Trainable editor module DiT LoRA
LoRA target modules attention: to_q, to_k, to_v, add_q_proj, add_k_proj, add_v_proj; output:

to_out.0, to_add_out; MLP/modulation: img_mlp.net.2, img_mod.1,
txt_mlp.net.2, txt_mod.1

LoRA rank 32
Learning rate 1× 10−4

Weight decay 0.01
Dataset repeat 1
Max pixels 1,048,576
Gradient accumulation 1
Gradient checkpointing enabled
Final editor checkpoint epoch-9 LoRA checkpoint
Qwen-specific conditioning zero conditional timestep enabled for Qwen only
Editor inference bf16, 20 denoising steps, CFG 4.0, seed 0, addition and removal tasks

Verifier and Refiner VLM SFT
Training subset 10K Med-Banana trajectories
Backbones Qwen3.5-9B prompt-verifier; Qwen3.5-9B prompt-refiner
Adaptation method LoRA SFT with ms-swift on system/user/assistant VLM conversations
Verifier supervision edited-candidate assessment examples; output fields qualified, has_disease,

structure_reasonable, looks_realistic, and reason

Refiner supervision failed-attempt context and verifier feedback; output fields prompt and
negative_prompt

LoRA settings rank 64, alpha 128, dropout 0.05, target modules all-linear, saved modules
embed_tokens and lm_head

Trainable VLM parts ViT and aligner unfrozen; gradient checkpointing and ViT gradient checkpointing
enabled

Optimization bf16, 1 epoch, learning rate 1× 10−4, weight decay 0.1, cosine schedule, warmup ratio
0.05

Batching and length per-device train/eval batch size 4, gradient accumulation 8, packing and padding-free
training enabled, maximum length 2048

Distributed training 2 processes, FlashAttention, DeepSpeed ZeRO-2, 16 dataset workers and 16 dataloader
workers

Checkpointing and logging save every 200 steps, keep 3 checkpoints, evaluate every 400 steps, log every 6 steps

Table 6: Component fine-tuning settings. The editor settings are shared by the Qwen and FireRed Med-Banana
editors; the verifier and refiner are separate Qwen3.5-9B VLM SFT models trained from trajectory-derived inquiry–
response examples.

Method MedGemma-27B InternVL3.5-38B

Med-Banana (Qwen), R = 10 7.898 4.831
Rejection sampling (2 candidates) 7.725 4.313
Rejection sampling (8 candidates) 7.824 4.236
Rejection sampling (10 candidates) 7.810 4.373
Rejection sampling (20 candidates) 7.778 4.525

Table 7: Med-Banana (Qwen) versus independently seeded rejection sampling on the 71-task common subset.
Scores are comparable only within each evaluator column.

26648



Refinement budget Avg. edits Success rate Time/image (s)

1 2.2 100% 2
5 6.2 99% 12

10 (default) 11.2 100% 27

Table 8: Measured end-to-end inference cost. Edit counts include all candidates generated before termination.

Model Overall Imaging fidelity Brain MRI Fundus Chest X-ray

Med-Banana (Qwen) 7.910 8.07 8.14 7.64 7.99
Med-Banana (FireRed) 7.770 7.89 8.05 7.50 7.79
Nano-Banana-2 7.682 7.43 7.89 7.25 7.93
Nano-Banana 7.661 7.56 7.72 7.29 7.97
GPT-Image-2 7.653 7.51 7.81 7.26 7.95

Table 9: Evaluation on nine diseases excluded from training. MedGemma-27B scores the outputs; overall scores
use the common subset shared by all five models. Modality columns report per-modality means.

Modality Unseen disease Med-Banana
(Qwen)

Med-Banana
(FireRed)

Nano-
Banana-2

Nano-
Banana

GPT-
Image-2

Brain MRI Metastases 8.04 7.91 7.67 7.49 7.37
Brain MRI Multiple sclerosis 8.03 7.96 7.56 7.41 7.77
Brain MRI Intraparenchymal hemorrhage 8.35 8.26 8.42 8.26 8.29
Fundus Retinal detachment 7.84 7.63 7.21 7.53 7.24
Fundus Retinitis pigmentosa 7.38 7.32 6.72 6.84 6.92
Fundus Retinal vein occlusion 7.70 7.55 7.80 7.50 7.62
Chest X-ray Miliary tuberculosis 7.67 7.50 7.47 7.59 7.33
Chest X-ray Emphysema 7.96 7.82 7.77 7.92 8.00
Chest X-ray Pneumoperitoneum 8.32 8.05 8.56 8.39 8.55

Table 10: Disease-level results on the nine unseen diseases. Bold indicates the best result per disease.

Modality Disease Med-Banana
(FireRed)

Med-Banana
(Qwen)

Edit vs. authentic normal (aggregate) 0.804 0.796
Authentic disease vs. authentic normal (aggregate) 0.943 0.943

Brain MRI Meningioma 0.977 0.968
Brain MRI Glioma 0.887 0.868
Brain MRI Pituitary tumor 0.578 0.605
Fundus AMD 0.929 0.831
Fundus Cataract 0.876 0.888
Fundus Diabetic retinopathy 0.512 0.643
Chest X-ray Pneumonia 0.895 0.827
Chest X-ray Cardiomegaly 0.797 0.742
Chest X-ray Pneumothorax 0.782 0.788

Table 11: MedSigLIP AUROC for distinguishing edited or authentic disease images from authentic normal
images. Aggregate values are macro-averaged over the nine diseases.
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E Failure Mode Analysis and Qualitative
Examples

This appendix provides qualitative audits of re-
jected candidates from the default R = 10 edit–
verify–refine setting. The purpose is not to intro-
duce another aggregate metric, but to make the
stored trajectories inspectable: each example shows
what the verifier rejects, which failure mode is
exposed, and how later attempts differ before a
verifier-accepted candidate is obtained. We use
editing traces from the same run analysed in the
main paper. The displayed rounds are illustra-
tive checkpoints selected to cover recurring failure
types, including image-formation artifacts, target
absence, prompt drift, and modality-specific preser-
vation errors.

Image-formation artifacts are distinct from tar-
get absence. Figure 4 shows that the editor can
attempt the requested disease from the first round
while still producing an invalid medical edit. The
rejected candidates are not failures because the tar-
get is entirely missing; they are failures because
the inserted evidence is not integrated into the ac-
quisition style of the source scan. Hard lesion
boundaries, halo-like transitions, repeated inter-
nal texture, and local contrast mismatch make the
abnormality appear digitally inserted rather than
image-formed. This distinction is important for
trajectory supervision: a final-pair dataset would
only retain the verifier-accepted image, whereas
the rejected candidates specify which visual cues
make an otherwise target-visible edit unacceptable
under the imaging-fidelity criterion.

Instruction compliance can fail even when im-
age realism is preserved. Figure 5 illustrates a
complementary failure mode. Some candidates re-
main plausible as chest radiographs, but they do
not encode the requested pathology. This case sep-
arates generic image realism from instruction com-
pliance: preserving the thoracic layout is insuffi-
cient if the counterfactual sign is absent, misplaced,
or confused with another opacity. The correspond-
ing trajectory is useful because it provides a neg-
ative example where the refiner should preserve
global structure while increasing disease-specific
evidence. In this sense, the failed rounds supervise
a more precise correction than simply asking the
editor to make the image “more realistic.”

Refinement traces expose prompt-level failure
modes. Figure 6 shows a failure type that is diffi-

cult to detect from final edited images alone. The
refined prompt can become overly specific and shift
from the requested disease toward a related but
different pathology. This is not merely an image-
generation error; it is a refinement error in which
feedback is converted into a new instruction that
partially changes the target concept. Storing the
rejected image together with the refined prompt
makes this failure auditable. It also identifies a con-
crete constraint for future refiners: feedback should
correct visual defects and missing signs while pre-
serving the original disease target.

Fundus failures depend on disease-specific im-
age formation. Figure 7 shows that fundus er-
rors are not simply a matter of edit strength. A
cataract edit should reduce retinal visibility through
blur, haze, or contrast loss caused by media opac-
ity. By contrast, a bright focal patch on the retina
suggests a different retinal abnormality, and exces-
sive whitening removes too much of the fundus
acquisition structure. The trajectory therefore dis-
tinguishes between a weak cataract signal, an over-
applied global degradation, and a wrong-pathology
artifact. This example illustrates why the verifier
must assess the mechanism by which the target
disease appears, rather than only whether a visible
abnormality has been added.

Failure modes vary systematically across modal-
ities. Figure 8 shows that rejected candidates dif-
fer substantially across imaging modalities. Brain
MRI edits are sensitive to lesion morphology,
boundary sharpness, and surrounding tissue tex-
ture. Chest X-ray edits require the target sign to be
radiographically meaningful without disrupting the
global thoracic structure. Fundus edits must pre-
serve vessel continuity, illumination, and local reti-
nal texture while introducing the requested abnor-
mality. These modality-dependent failure patterns
justify storing verifier rationales at the trajectory
level: the same rejection outcome can correspond
to different visual or medical constraints, and there-
fore require different corrective prompts.
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Figure 4: Failure-to-acceptance trajectory for a Qwen glioma edit. Early candidates introduce a visible lesion-
like region, but the verifier rejects them due to pasted boundaries, unnatural internal texture, halo artifacts, and
overly smooth lesion margins. Later attempts reduce some image-formation artifacts while preserving the intended
abnormality. The final verifier-accepted candidate better matches the surrounding MRI texture while retaining
glioma-like evidence.

Figure 5: Target-missing behavior in a Qwen pneumothorax trajectory. Early candidates preserve the global
chest X-ray structure but do not show a convincing pneumothorax pattern: lung markings remain visible near the
chest wall or the generated change resembles an unrelated opacity. The final verifier-accepted candidate better
expresses the intended radiographic change while keeping the overall X-ray layout stable.

Figure 6: Prompt drift in a brain MRI refinement trajectory. The target disease is meningioma, but an
intermediate refined prompt introduces glioma-like evidence. The trajectory therefore exposes two coupled errors:
visual artifacts in the generated image and pathology-level drift in the refinement instruction.
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Figure 7: Failure-to-acceptance trajectory for a Qwen fundus cataract edit. Rejected candidates expose a
modality-specific error pattern. One round over-whitens the entire fundus view, while another inserts a discrete
retinal lesion. The final verifier-accepted candidate keeps the cataract signal closer to the expected image-formation
mechanism: reduced retinal clarity without introducing a focal retinal mass.

Figure 8: Representative failure-to-acceptance examples across modalities. The panel summarizes trajectory
examples from brain MRI, chest X-ray, and fundus photography. Across modalities, the rejected candidates expose
different failure mechanisms before a verifier-accepted candidate is obtained: lesion-boundary artifacts in MRI,
insufficient or misplaced radiographic evidence in chest X-ray, and retinal texture or illumination artifacts in fundus
imaging.

26652


