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Abstract

Recent advances in “thinking with images” demonstrate that visual information can be actively leveraged
during multimodal reasoning. However, indiscriminate tool use may introduce noisy observations, propagate
misleading evidence, and increase reasoning cost, making it crucial for medical agents to decide when external
tools are actually necessary. In medical diagnosis, where errors can be fatal, merely acquiring additional
observations is therefore insufficient; a reliable agent should verify whether tool actions are appropriate, whether
the acquired evidence supports the current hypothesis, and whether weak or contradictory evidence calls for
corrective reasoning. In this paper, we introduce MIRA (Medical Image Reflection for Agentic Diagnosis), a
medical visual diagnostic framework that enables diagnosis-oriented reasoning through autonomous evidence
search and reflective verification. MIRA dynamically executes image-processing operations (e.g., zooming,
grounding, and pointing), searches the web, and verifies tool use and reasoning against visual or retrieved
evidence. To equip the model with this capability, we design a two-stage training strategy. First, Supervised
Fine-Tuning (SFT) on a carefully curated medical tool-use and reflection dataset is conducted to teach the
model tool use and reflection abilities; subsequently, Reinforcement Learning (RL) is applied to further optimize
the model’s decision-making. Specifically, we design a tool-augmented Monte Carlo Tree Search (MCTS) data
engine for SFT training, which systematically explores the reasoning space by generating diverse diagnostic
hypotheses, and performs joint verification of visual grounding accuracy and semantic reasoning consistency
at each node during tree expansion. In the RL stage, we propose an online reflective principle evolution
mechanism: failure cases are automatically distilled into reflective principles and injected into subsequent
rollouts, with effective principles selected through a trial-and-verification loop, providing global guidance for
tool use and reflection. Experiments across multiple medical visual reasoning benchmarks show that MIRA
consistently improves over its Qwen3-VL-8B backbone and achieves competitive performance among strong
open-source and medical-specific VLMs, while narrowing the gap to larger closed-source systems. Qualitative
analyses further demonstrate that MIRA learns to re-examine visual evidence, correct premature conclusions,
and adapt tool-use strategies, suggesting that evidence-grounded verification and corrective tool use can
improve the reliability of medical visual diagnostic agents. Project page: https://MIRA-VL.github.io/.
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1 Introduction

Recent years have witnessed considerable interest in enabling
medical Large Vision-Language Models (LVLMs) to reason
beyond direct image-to-answer prediction [3, 21, 30, 31, 37, 40,
46]. Existing approaches to improve medical multimodal rea-
soning generally fall into two categories. One category focuses
on language-level reasoning, where supervised fine-tuning or re-
inforcement learning is used to elicit explicit chain-of-thought
trajectories for diagnosis [18, 32, 35]. These methods improve
the structure and interpretability of textual rationales, but
the visual observation usually remains fixed after the image
is encoded once. As a result, the model may produce fluent
reasoning while missing subtle lesions, attending to irrelevant
regions, or hallucinating unsupported visual findings [10]. The
other category enables models to think with images, allowing
visual information to be dynamically incorporated into the
reasoning process through localized inspection or grounding
operations [13, 41, 42, 44, 45, 51]. In medicine, recent tool-
augmented and grounding-oriented agents further adapt this
paradigm to clinical image analysis, encouraging models to
seek additional visual evidence rather than relying solely on
a single static observation [4, 8, 15, 23, 27, 29, 39, 47]. Yet
more tool use is not necessarily better: unnecessary or poorly
targeted tool calls can introduce noisy observations, distract
the reasoning process, and increase inference cost. Thus, an
effective medical visual agent must not only know how to use
tools, but also decide when tool use is warranted and whether
the acquired evidence truly supports the current diagnostic
hypothesis. Beyond acquiring extra observations, medical di-
agnosis also requires judging whether newly acquired evidence
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Figure 1 Benchmark performance of MIRA.
The agentic medical image reflection framework
enables MIRA to achieve consistent improve-
ments over the Qwen3-VL-8B backbone across
diverse medical VQA benchmarks. By leverag-
ing active tool-use, evidence-grounded verifica-
tion, and reflection-driven self-correction, MIRA
shows clear gains on perception-intensive lesion
tasks and expert-level medical reasoning bench-
marks. The improvements across broad medical
VQA, lesion VQA, radiology, pathology, and
diagnostic reasoning tasks further validate the
effectiveness of our two-stage training approach.

is reliable, whether it supports or contradicts the current hypothesis, and whether the diagnostic path should
be revised. In this work, we use reflection in an operational sense: the model verifies tool actions and
intermediate conclusions against visual or retrieved evidence, identifies unreliable reasoning paths, and seeks

corrective evidence before finalizing or revising a diagnosis.

To address these challenges, we propose MIRA (Medical Image Reflection for Agentic Diagnosis), a medical
visual diagnostic framework that converts static medical VQA into an iterative process of evidence seeking,
tool-use verification, and self-correction. MIRA is guided by four core principles:

¢ Evidence-grounded visual interaction: MIRA uses a lightweight tool suite, including Z00OM, GROUNDING,
POINT, ROTATE, MEASURE, and SEARCH, to actively inspect regions, mark spatial evidence, quantify visual

relations, and retrieve external medical knowledge.

¢ Tool-use reliability: Instead of treating tool calls as automatically trustworthy, MIRA emphasizes whether
the tool arguments, selected regions, and returned observations are visually plausible and diagnostically

useful.

¢ Failure-aware reflection: MIRA learns to identify weak evidence, wrong tool use, and over-confident
reasoning, and to acquire corrective evidence before producing or revising a diagnosis.

¢ Continual principle evolution: MIRA further summarizes recent failed rollouts into reusable diagnostic
principles and accepts such principles only when they improve held-out validation reward.

To realize this vision, our technical roadmap comprises the following key components:

¢ Medical instruction data: We first build a diverse medical instruction corpus from the training splits of four



public medical VQA datasets, including PMC-VQA [25], SLAKE [24], VQA-RAD [19], and PathVQA [12],
together with an in-house high-quality medical image dataset collected from Internet sources. For all public
datasets that are also used in evaluation, we strictly use only their training splits for data construction,
trajectory synthesis, reflection construction, and model training, while the held-out test splits are reserved
exclusively for final evaluation and are never used for training, validation, hyperparameter selection, or
checkpoint selection.

¢ MCTS-guided tool-use trajectory construction: Since static VQA supervision does not teach a model
when to inspect, where to look, or how to verify visual evidence, we convert each medical QA instance
into an explicit evidence-seeking process using a tool-augmented Monte Carlo Tree Search (MCTS) data
engine. Given an image and question, MCTS explores diverse diagnostic hypotheses, expands possible
tool-use actions, verifies spatial actions by rendering proposed boxes or points on the image, and scores
intermediate states according to both visual plausibility and semantic usefulness. This process yields
answer-correct, tool-valid, and evidence-aware trajectories for cold-start supervised fine-tuning.

¢ Reflection data construction: Beyond successful trajectories, we further synthesize reflection supervision
from both failed and successful search branches. For failed or unreliable trajectories, a teacher model
identifies unstable observations, weak evidence, or reasoning leaps, and proposes corrective evidence-
gathering actions. For successful trajectories, we refine intention-level thoughts so that each tool call is
motivated by a clear diagnostic goal and interpreted according to the actual tool output. This data teaches
the model not only how to use tools, but also how to question and revise its own diagnostic path.

¢ On-policy RL and reflection memory optimization: Finally, we optimize MIRA with GRPO on fresh
multi-turn tool-augmented rollouts. We design a composite reward that evaluates answer correctness,
output format, and consistency between the final diagnosis and the preceding evidence. To make failures
reusable across cases, we introduce a validation-gated reflection memory that distills repeated failed rollouts
into generalizable diagnostic principles and accepts them only when they improve held-out validation
reward. This encourages selective rather than excessive tool use, preserving evidence-seeking behavior
when additional information is needed while avoiding unnecessary noisy interactions.

MIRA effectively fulfills our vision of medical image reflection by combining active evidence acquisition with
explicit verification and failure-aware self-correction. It can assess whether additional visual or external
evidence is needed, select suitable tools, inspect fine-grained regions, verify spatial claims, and revise diagnostic
hypotheses when the accumulated evidence is insufficient or contradictory. Moreover, MCTS-guided data
construction and reflection supervision provide high-quality tool-use and correction trajectories for cold-start
training, while the validation-gated reflection memory turns repeated failures into reusable diagnostic principles
during on-policy RL. Through approximately 1200 GPU hours of RL training, MIRA further strengthens its
reflection and tool-use abilities, yielding more reliable evidence-grounded diagnostic behavior. We conduct
comprehensive evaluations across multiple medical visual reasoning benchmarks covering both general medical
VQA and more challenging diagnostic settings. As summarized in Figure 1, experimental results demonstrate
that MIRA substantially improves over its base LVLM, performs competitively among strong open-source and
medical-specific models, and reduces the performance gap to larger closed-source systems. Qualitative analyses
further show transparent evidence-seeking behaviors, reliable tool-grounded reasoning, and image-grounded
correction of premature conclusions. Furthermore, the constructed trajectory data, tool environment, training
recipes, and model checkpoints have been released to facilitate future research on reliable medical visual
agents.

2 MIRA-SFT Cold Start

In this section, we introduce the tool design, data composition, data construction, and training strategies
employed for the cold start of MIRA.

2.1 Tool Design

Motivation. Our tool design is intentionally lightweight. Rather than relying on heavy external vision
modules [28, 36, 52] to solve medical perception on behalf of the model, we provide a compact set of basic



visual operations that encourages the LVLM to actively decide where to inspect, what evidence to collect,
and how to verify its own hypotheses. This design aims to stimulate the model’s intrinsic visual exploration
ability while keeping the reasoning process transparent and auditable.

Available Tools for Image Analysis. Based on this motivation, we equip MIRA with six tools that support
active medical image inspection and external evidence acquisition:

o SEARCH, a non-visual knowledge tool that retrieves and summarizes relevant medical evidence from
external sources. It is used when internal model knowledge is insufficient or when clinical definitions,
differential diagnoses, or disease-specific cues need to be verified.

¢ GROUNDING, a bounding-box-based localization tool. Given one or more model-proposed regions, it
draws boxes on the image or crops a selected region, enabling the model to explicitly verify suspected
lesions, anatomical structures, or distributed abnormalities.

o POINT, a point-rendering tool for marking fine-grained visual evidence. It can annotate landmarks,
connect ordered points into contours, and make spatial claims such as lesion boundaries or anatomical
positions visually checkable.

© ZOOM, a fine-grained inspection tool that enlarges either the whole image or a selected bounding-box
region. It adaptively expands small crops to preserve context, allowing the model to examine subtle
morphology while retaining surrounding visual cues.

o ROTATE, an orientation adjustment tool that rotates medical images when acquisition or display direction
is non-standard, making anatomical axes and visual details easier to interpret.

¢ MEASURE, a relative measurement tool that compares a target segment with a reference segment. It
returns the target length, reference length, and their ratio, supporting quantitative judgments when
absolute physical calibration is unavailable.

All tools are exposed through a unified function-calling interface. The model emits JSON-formatted tool
arguments, and the executor returns either an updated image, textual evidence, or both. Spatial tools follow
a normalized 0-999 coordinate convention, which is converted to pixel coordinates during execution. More
implementation details and tool schemas are provided in Appendix B.

2.2 Golden Tool-Use Trajectory Synthesis

Medical instruction data. Our medical instruction data is constructed from the training splits of four public
medical VQA datasets, including PMC-VQA [25], SLAKE [24], VQA-RAD [19], and PathVQA [12], together
with an in-house high-quality medical image dataset collected from Internet sources. For all public datasets
that are also used in evaluation, we strictly use only their training splits for data construction, trajectory
synthesis, reflection construction, and model training. The held-out test splits are reserved exclusively for
final evaluation and are never used for training, validation, hyperparameter selection, or checkpoint selection.

The collected datasets provide standard image-question-answer triples, but they do not contain tool-use
trajectories. Directly fine-tuning on such static VQA data cannot teach the model tool-augmented diagnostic
reasoning. Therefore, we synthesize golden tool-use trajectories that convert each static VQA instance into an
explicit evidence-seeking diagnostic process.

To bypass the cold-start exploration problem, we employ frozen, highly capable teacher LVLMs and utilize
Monte Carlo Tree Search (MCTS) [16] to systematically explore the diagnostic reasoning space. In our
implementation, each instance is searched with 20 simulations, a maximum depth of 4, a branching factor
of 3, and an exploration constant of cpye = 1.4. We use a cascaded teacher strategy: Seed 1.8 is used first,
while unresolved samples are subsequently retried with Gemini 2.5 Pro and GPT-5.2 to improve coverage and
trajectory quality. As illustrated in Figure A4, we construct reasoning trees for medical visual queries and
extract successful trajectories as golden tool-use supervision for the base model.

We formalize tool-use trajectory synthesis as a tree search process. Given an image I and a question ), each
node n represents the accumulated interaction history, including thoughts, tool calls, tool observations, and



generated images. Expanding a node asks the teacher LVLM to propose the next diagnostic step, which can
be either a tool call or a final answer. During search, MCTS selects the next node according to a UCB-style
score:

(1)

nec(p) N(n)

n* = arg max <Q(n) + Cpuct log(N(p)+1)> 7

where C(p) denotes the valid children of parent node p, Q(n) is the accumulated value of node n, and N(-)
denotes visit count. After expansion, non-terminal tool-use steps are scored by a unified verifier, while terminal
answers are scored by a judge against the ground-truth answer. The resulting reward is backpropagated to
update the values of all nodes along the selected path.

During data construction, we encounter several practical challenges. To address them, we design the following
MCTS strategies:

¢ Diverse clinical exploration. Naive rollouts often collapse into a single reasoning direction or repeatedly
inspect the same region. We therefore introduce a teacher-generated thought-spark mechanism, which
proposes multiple clinically plausible directions based on the current path, sibling attempts, and failed
branches. This encourages the search to explore different diagnostic hypotheses instead of following a
single linear trajectory.

¢ Tool-call validity verification. LVLM-generated tool calls may contain wrong regions, invalid coordinates,
or visually irrelevant actions. We address this by using a unified verifier that renders proposed boxes or
points on the image, checks whether the action is visually plausible and diagnostically useful, and prunes
impossible actions before they enter the tree.

¢ Dense intermediate supervision. Relying only on final-answer correctness produces sparse feedback,
especially for multi-step diagnostic trajectories. We therefore use the verifier score as an intermediate
reward for non-terminal nodes and combine it with the final judge score for terminal nodes. This guides
the search toward useful evidence-gathering actions even before a final answer is reached.

¢ Post-tool evidence grounding. In multi-branch search, the model may ignore long tool responses, especially
textual evidence returned by SEARCH. We explicitly carry forward tool outputs and require the teacher
LVLM to summarize the newly acquired evidence after each executed tool. This grounding step ensures
that subsequent expansions are conditioned on the actual tool observation rather than the previous
hypothesis alone.

These designs enable MCTS to synthesize golden trajectories that are answer-correct, tool-valid, evidence-aware,
and suitable for supervised cold-start training. More implementation details are provided in Appendix C.

2.3 Reflection Thinking Pattern Synthesis

Golden trajectories show how to reach the correct diagnosis with valid tools. They mainly cover successful
paths. In practice, a medical visual agent also needs to know when a path is unreliable. It should notice
weak visual evidence, wrong tool use, missing evidence, and early answers. To teach this ability, we build two
types of reflection data: failure-driven correction data and textual intention data. As shown in Figure 2, the
reflection data construction process converts unreliable or incomplete diagnostic paths into evidence-grounded
correction samples. The first type is built from wrong MCTS trajectories. We ask the teacher to reflect on
the unreliable observations or reasoning leaps in the trajectory and propose a corrective evidence-gathering
action. The second type is built from golden trajectories. We ask the teacher to check whether each thought
matches the next action and the returned evidence, and to rewrite unclear thoughts when needed.

Failure-driven correction reflection. Given an image-question pair (I,Q), a path in the MCTS tree is
written as
T:(I7Q7005t1aa15017"'atL;aanLay)? (2)

where t; is the thought at step i, a; is a tool call or final answer, o; is the tool result or text state, and y is
the predicted answer. We collect trajectories that are judged to be wrong or infeasible at terminal nodes.
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Figure 2 Reflection thinking pattern synthesis. The pipeline uses MCTS trajectories to construct both failure-driven
correction data and textual intention reflection data, enabling the model to identify unreliable diagnostic paths, acquire
corrective evidence, and ground revised reasoning in actual tool observations.

Specifically, a trajectory is treated as a wrong trajectory when its final answer fails verification, the terminal
state is marked as impossible, or the final judge rejects the answer:

Dwrong = {(Ia Qa T_a Y, :0) | JUdge(T_v 27) = WI'OIlg}, (3)

where ¢ is the reference answer. To obtain more informative correction samples, we keep wrong trajectories
that contain tool use and rank them by search scores, value estimates, neighboring-branch quality, trajectory
length, and tool-use statistics. This selection prioritizes hard negative trajectories that appear plausible during
search but eventually lead to an incorrect diagnosis.

For each selected wrong trajectory 7, we construct answer-conditioned reflection data. The reference answer
is used to determine the correction direction. A teacher LVLM (e.g., GPT-5.2 or Gemini 2.5 Pro) first receives
the image, question, reference answer, and a summarized wrong trajectory, and then generates a corrective
reflection and the next corrective action:

(rt*,a%,67) = 78 (Parare, 1, Q, 77, 9), (4)

where r is a natural-language reflection that identifies unstable observations or over-confident reasoning in the
wrong trajectory, t* is the corrected next thought, a™ is the corrective action, and 67 describes the type of
evidence expected from this action. The corrective action usually corresponds to a new evidence-acquisition
step, such as rechecking a key image region or retrieving relevant medical knowledge when needed.

We then execute the proposed corrective action to obtain a real observation:
o =T(a™;1), (5)

where 7 denotes the corresponding tool execution process. In the second stage, the teacher LVLM generates
the final training target conditioned on the actual tool result:

DCOH = ﬂ—t(i)i(PﬁnalaIaQ7T_7g7r7 t+7a+70+)‘ (6)

Each final sample contains the reflection, corrected next thought, executed corrective action, visual evidence,
optional knowledge evidence, an evidence-sufficiency flag, a tool-grounded evidence summary, and the corrected
final answer:

Dcorr = {(Ia Qv T_v T, t+7 CL+, 0+7 €visy €know; S, ?»7)} (7)

Here e, ;s describes evidence supported by the image or visual observations, exnow denotes optional external
knowledge evidence, and s indicates whether the current evidence is sufficient to support the corrected answer.
When the evidence is insufficient, the sample preserves this uncertainty rather than forcing the observation
into a definitive conclusion. This data teaches the model to recognize unreliable diagnostic paths, actively
acquire corrective evidence, and ground its revised answer in actual observations.



Textual intention reflection. = We further check thoughts in golden trajectories. A thought may not explain
why a tool is needed, may not match the tool arguments, or may draw a conclusion before the tool result is
checked. Given a golden trajectory

T+:(I,Q,Oo,tl,al,Ol,...,tL,GL,OL,Z(j), (8)

we ask a teacher LVLM (e.g., GPT-5.2 or Gemini 2.5 Pro) to inspect each thought-action pair (¢;, a;) under
the previous context 7,7, ; and the returned observation o;. The teacher checks whether t; explains the
purpose of a;, matches the tool arguments, and is supported by the available evidence. If a logic gap is found,
the teacher rewrites the thought while keeping the valid action unchanged. Otherwise, the thought is kept
unchanged. This gives an intention-level dataset:

Dint = {(IaQ7T1—~:7;717ti_aa‘ia0i7tj)}7 (9)

where t; is the original thought and t;r is the checked or corrected thought. This data teaches the model to
state a clear diagnostic goal before using a tool or giving an answer.
Based on these two datasets, the reflection SFT objective is

L:ref—sft = - ]EDCOHr log o (T7 t+7 a+7 €vis; €knows S Zj | 17 Qa T7>

10
- AintE'Dim log o (t;’_a a; | I7 Q7 Tl-":_ifl)' ( )

Together with the golden tool-use data, these reflection samples teach the model to check evidence, revise
weak paths, and act with a clear goal.

3 MIRA-RL

We further optimize MIRA-SFT with online rein-
forcement learning and carefully designed rewards.

This helps the agent learn when and how to use tools, m::wlr::ri:v
combine multiple tools, and move beyond simply e

imitating the fixed trajectories used in SF'T. MIRA- Standard GRPO-® . s

RL has three main components: on-policy GRPO 20 N )“ _ _
training [38], a composite reward for answer accuracy P @/:"\’ f;f,‘f:,:;? -
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3.1 Preliminary of GRPO Training

MIRA-RL uses GRPO [38] to update a policy that
can call visual tools during reasoning. For each image-
question pair (I,Q), the rollout policy samples a
group of multi-turn trajectories

_ (-G o (1T 11 Figure 3 On-Policy Reflection Memory Optimization.
TIt’Q {mhizy i~ Mo, C15Q,me). (1) The model solves tasks with the current diagnostic mem-

Each traiect tai del th ht t | ory. Failed rollouts are summarized into candidate mem-
ach trajectory contamns model thoughts, optiona ory edits. A validation set then tests these edits. Only

<tool_call> actions, returned <tool_response'> Te~ edits that improve the reward are kept, and rejected edits
sults, and a final answer. When the model emits a are used as feedback for later updates.

tool call, we parse its arguments, execute the visual

tool, and append the result to the context. Tool

responses are not generated by the model, so they are masked from the policy loss. The rollout stops when
the model gives an answer, reaches the tool-call limit, or repeats a previous tool call.



Let ); be the model-generated tokens in 7;, including reasoning, tool-call, and answer tokens. The policy is
updated on the whole trajectory group:

G
1 1
Or1 = arg max BuQ.mg G Z; il

Z (min (pmﬁi,clip(p,;,j, 1—¢1+ e)/L) - 5df(jL) . (12)

JEYi

where p; j = 9(Yi; | ¢ij)/mo-(yij | cij). The advantage A; is computed by normalizing the trajectory
reward r; within the same group TItQ Thus, the group gives relative feedback: a trajectory is encouraged
when its answer and tool-use process are better than other sampled trajectories for the same case. Fresh
tool-augmented trajectories are collected at each update round, and old trajectories are not replayed.

3.2 Composite Trajectory Reward

MIRA-RL evaluates both final-answer correctness and the reliability of the diagnostic trajectory. The
composite reward contains three components. The formatting reward Reoymat € {0, 1} checks whether the
model output follows the required <think>...</think> and <answer>...</answer> structure. The result
reward Ryesuit € {0, 1} evaluates final-answer correctness: multiple-choice predictions are first evaluated
through rule-based option matching, and semantically flexible answers are evaluated by a fixed LLM judge
against the reference answer.

The consistency reward Reons € [0, 1] evaluates whether a correct final answer is supported by the preceding
diagnostic process. A fixed judge pool examines the final answer, the tool-call and tool-response transcript,
and the diagnostic principles applicable to the current case. Each judge returns binary decisions on the
following criteria:

© whether the final answer is supported by the available visual or tool-derived evidence;
¢ whether the final answer is consistent with the preceding reasoning and action trajectory; and

© when an applicable memory principle is present, whether the trajectory follows rather than contradicts
that principle.

The consistency score is computed as the mean of the applicable binary criteria, with non-applicable criteria
omitted. The judge models, evaluation prompt, decoding configuration, and output-parsing rules are fixed
throughout training and are provided in Appendix G. To prevent an incorrect but internally coherent trajectory
from receiving a large consistency bonus, the consistency term is gated by the result reward:

Ty = Rresult,i (1 + /\cRcons,i) + /\fRformat,i- (13)

We use A\, = 0.5 and Ay = 0.5 as fixed reward-scaling coeflicients in all experiments. Consequently, consistency
can increase the reward only when the final answer is correct, while the formatting term provides a lightweight
learning signal even for unsuccessful trajectories. The resulting reward ranges over [0, 2], with a correct answer
contributing up to 1.5 and format compliance contributing an additional 0.5.

3.3 On-Policy Reflection Memory Optimization

Our motivation is that many medical tool-use failures are not isolated. They often reveal reusable mistakes,
such as inspecting the wrong region, trusting a weak visual cue, or making a diagnosis before checking the
tool evidence. Updating only the model weights can learn from these failures, but the signal is indirect and
may require many rollouts. A short reflection memory provides a more direct path: it turns recent failures
into explicit diagnostic principles that guide the next on-policy rollouts.

As shown in Figure 3, the optimization follows a simple propose-and-test loop. After each rollout round, we
collect trajectories that have the correct format but the wrong final answer. These failures form a buffer Bf,;;.
We start a memory update only when the buffer contains at least Ny, = 4 unique failed cases, so that the
update is driven by repeated patterns rather than a single outlier. A reflection optimizer then reads a small
batch of recent failures and summarizes what went wrong. It focuses on errors that can transfer across cases,



such as missing a key region, over-trusting a tool result, or failing to re-check the visual evidence. Based on
this summary, an editor makes a small update to the current memory m; and produces a candidate memory
my¢. The edit budget is limited by L;, which gradually decreases from 4 to 1 during training. This allows
broader fixes early and smaller changes later. We also filter out malformed edits, repeated rules, output-format
changes, and case-specific advice. Rejected edits are kept in a small rejection buffer, so the optimizer can
avoid proposing the same harmful rule again.

The candidate memory is not accepted by default. After the GRPO policy update, we freeze 6,11 and compare
the current memory m; with the candidate memory m; on the same held-out validation set D,,. For a
memory m, its validation score is the mean rollout reward under the frozen policy:

Sum) = = S B (e [P (14)

| val | 2€Dyal

We accept the candidate only if Sy(;) > S;(m,). Because both memories are tested with the same policy
and the same validation data, the comparison mainly measures the effect of the memory change. Accepted
memories are saved with the corresponding policy checkpoint. Rejected edits and their score changes are
stored as feedback for later proposal rounds. In this way, MIRA-RL alternates between updating the model
policy with fresh tool-augmented rollouts and updating the reflection memory only when it improves held-out
reward. Additional implementation details of the online reflection memory update are provided in Appendix E.

Table 1 Performance comparison on medical visual question answering benchmarks. Best results are bolded and
second-best results are underlined. Missing entries indicate that the corresponding result is not available. { indicates
that Med-R1 is trained on part of the OmniMedVQA test set.

PMC Omni  Medlesion Medlesion VQA PATH MedXpert MMMU

Model SLAKE oA MedVQA  VQA MCQ RAD VQA QA-MM Medical | VG-
Closed-Source Models
Gemini-2.5-Pro 74.88 66.30 71.99 78.70 71.37 69.84 57.76 62.95 81.07 70.54
Seed-1.8 77.03 62.80 69.07 79.69 78.84 66.08 55.66 49.85 80.53 68.84
GPT-5.2 75.36 65.40 70.12 77.01 66.21 71.40 51.33 50.20 71.47 66.50
GPT-40 70.92 60.70 70.21 76.02 73.06 64.75 53.71 39.60 66.13 63.90
Open-Source Models
Qwen3-VL-235B-A22B 78.47 60.45 81.47 71.36 61.79 75.27 46.83 34.95 71.13 64.64
InternVL3-78B 74.02 58.15 82.95 71.36 73.43 65.52 48.34 28.40 67.67 63.31
Qwen3-VL-32B-Thinking 74.69 59.05 75.50 68.69 63.43 56.10 39.04 41.90 80.40 62.09
Qwen3-VL-30B-A3B 73.78 56.30 79.32 70.66 61.45 67.18 43.52 28.65 74.53 61.71
InternVL2.5-38B 68.10 55.60 79.70 70.24 56.52 61.64 43.71 25.10 65.20 58.42
InternVL3-8B 73.02 53.95 78.49 68.83 68.17 65.19 43.00 22.55 57.73 58.99
Qwen3-VL-8B-Thinking 66.43 52.35 70.70 66.29 58.26 52.99 33.83 28.50 72.40 55.75
InternVL2.5-8B 66.48 51.25 81.46 63.61 51.12 60.09 39.26 21.65 54.40 54.37
Medical-Specific Models

Lingshu-32B 83.34 61.85 79.79 58.08 51.18 73.83 62.70 27.70 60.80 62.14
Lingshu-7B 80.38 59.10 81.10 60.34 46.28 64.52 59.21 24.20 80.93 61.78
Chiron-01-8B 76.22 58.90 80.69 66.43 68.19 64.75 46.76 22.25 57.87 60.23
HuatuoGPT-Vision-34B 70.92 56.55 76.84 69.39 69.23 64.52 44.69 22.25 57.33 59.08
HuatuoGPT-Vision-7B 66.38 54.90 75.44 67.98 66.32 65.85 43.24 21.35 51.33 56.98
Med-R1 54.63 44.70 91.34f 58.67 58.87 45.68 33.38 21.00 39.87 49.79
MedVLM-R1 54.01 46.00 77.45 54.87 42.73 47.89 36.30 22.00 39.07 46.70
Qwen3-VL-8B 69.87 54.55 78.45 60.51 58.68 61.86 43.19 24.90 63.60 57.29
MIRA-VL-8B 77.46 58.35 81.65 75.04 73.12 68.51 48.83 30.60 68.93 64.73

4 Experiments

4.1 Experimental Setting

Hyperparameters. For SFT, we perform full-parameter fine-tuning with bfloat16 precision and DeepSpeed
ZeRO-3. The vision encoder and aligner are frozen, while the language model is updated. We train for 3
epochs with a learning rate of 1 x 10~°, warmup ratio 0.05, and maximum sequence length 12,288. For RL, we
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adopt GRPO with full-parameter updates, bfloat16 precision, DeepSpeed ZeRO-3, and vLLM-based rollout
generation. We train for 750 steps, approximately one epoch, with learning rate 1 x 1076, cosine scheduling,
4 rollouts per prompt, maximum context length 32,768, maximum completion length 2,048, and maximum
tool-use turns 5. The KL coefficient is set to 0.0, and the lower and upper GRPO clipping thresholds are 0.20
and 0.28, respectively.

We use Qwen3-VL-8B as the backbone model [2]. The SFT stage is conducted on 40 A800 GPUs and requires
approximately 113 GPU hours. The reinforcement learning stage is conducted on 32 NVIDIA H20 GPUs and
requires approximately 1200 GPU hours.

4.2 Benchmarks and Baselines

Benchmarks. We evaluate MIRA on nine medical visual question answering benchmarks reported in
Table 1: SLAKE [24], PMC-VQA [25], OmniMedVQA [14], MedLesionVQA and MedLesionMCQ [48], VQA-
RAD [19], PathVQA [12], MedXpertQA-MM [53], and MMMU-Medical [49]. These benchmarks cover a
broad range of medical visual reasoning scenarios, including general medical image question answering,
radiology-oriented VQA, pathology VQA, lesion-level understanding, medical multiple-choice questions, and
expert-level multimodal medical reasoning. More evaluation details are provided in Appendix G.

Baselines. We compare MIRA with a broad set of representative multimodal baselines in Table 1. The
closed-source group includes strong general-purpose systems such as Gemini [9], GPT [33, 34], and Seed
models [11]. The open-source group covers general multimodal models from the Qwen3-VL [2] and InternVL [5]
families, as well as medical-specific VLMs including Lingshu [46], HuatuoGPT-Vision [3], and MedVLM-R1 [35].
We also report the original Qwen3-VL-8B backbone to enable a direct comparison with the final MIRA-VL-8B
model. We denote the final RL-trained 8B model as MIRA-VL-8B; in ablations, MIRA-SFT refers to the
SET checkpoint before RL.

4.3 Evaluation Results

Main results. Table 1 presents a comprehensive comparison between MIRA and leading multimodal models
across nine medical visual question answering benchmarks. Compared with the Qwen3-VL-8B backbone,
MIRA-VL-8B improves the average score from 57.29 to 64.73, demonstrating that agentic reinforcement
learning with reflection memory substantially strengthens medical visual reasoning beyond the base LVLM.
The gains are especially pronounced on MedLesionVQA and MedLesionMCQ, where MIRA-VL-8B improves by
14.5 and 14.4 points, respectively, suggesting that active evidence acquisition and verification are particularly
beneficial for fine-grained lesion understanding and diagnostic decision-making. MIRA-VL-8B also shows
consistent improvements across the remaining benchmarks, including PMC-VQA, radiology, pathology, and
expert-level reasoning settings such as MedXpertQA-MM and MMMU-Medical. Compared with larger
open-source and medical-specific models, MIRA-VL-8B achieves competitive average performance among the
open-source and medical-specific baselines in Table 1 while using only an 8B backbone, matching or surpassing
several substantially larger or specialized models. Meanwhile, strong closed-source models such as Gemini and
GPT still obtain the best overall averages on several benchmarks, highlighting that scale and proprietary
training data remain important. These results show that MIRA mainly improves evidence-grounded medical
perception and diagnostic reasoning, reducing the gap between compact open-source LVLMs and much larger
closed-source systems.

Table 2 Fine-grained comparison between MIRA-VL-8B and the Qwen3-VL-8B backbone on representative medical
benchmarks. Scores are accuracies in percentages, and the improvement row reports absolute gains in percentage
points.

MedXpertQA-MM VQA-RAD SLAKE MMMU-Medical

Model Basic  Content Und./Diag./ Basic Content Und./Diag./ Basic Content Und./Diag./ Basic Content Und./Diag./
oae Percep.  Recog. Sug. Percep.  Recog. Sug. Percep. Recog. Sug. Percep.  Recog. Sug.
Qwen3-VL-8B 17.32 24.27 25.48 55.77 72.94 47.62 70.15 82.23 42.15 69.52 68.75 61.58

MIRA-VL-8B 24.05 27.24 30.93 63.85 74.71 76.19 80.30 82.42 51.24 76.76 66.38 65.68
Improvement 1 6.73 2.97 5.45 8.08 1.76 28.57 10.15 0.20 9.09 7.24 -2.37 1.10
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® Qwen3-VL-8B + Tools

Fine-Grained Task Analysis. To better understand where . & wRaoe
MIRA-VL-8B improves over the backbone, we further break 2-

down the evaluation results by fine-grained task categories in .
Table 2. The Basic Perception category measures the model’s
ability to identify low-level visual evidence such as anatomical
regions, visual attributes, and spatial cues; Content Recogni-
tion focuses on recognizing explicit visual or textual content;
and Understanding/Diagnosis/Suggestion evaluates higher- 5 ——
level medical interpretation, diagnostic reasoning, and decision- L ‘:?mEPMCS
oriented response generation. Across the four datasets, the 8 O R Sommiteaon e e
gains mainly come from Basic Perception and Understand- “ % b oot use &
ing/Diagnosis/Suggestion, while Content Recognition changes

only marginally and even slightly decreases on one benchmark.  Figure 4 Per-dataset tool-use necessity shift
This pattern suggests that MIRA does not primarily improve from Qwen3-VL-8B + Tools to MIRA-VL-8B.
by memorizing more visual concepts or recognizing superficial ~ Each arrow points from direct tool access to
content. Instead, its benefit comes from actively acquiring =~ MIRA-VL-8B. The green shaded area indicates
and verifying clinically relevant evidence, which improves vi- ~ the desirable region with high useful tool use
sual grounding, and from using this evidence to support more ~ 22d low harmful tool use.

reliable diagnostic reasoning and medical decision-making.

Harmful tool use (%)
]

VOA-RAD
*

4.4 Ablation and Analysis

The Impact of Training Strategies on the SFT Process. This ablation studies how different SFT training
strategies affect tool use, reflection ability, and downstream medical visual reasoning. The results are shown
in Table 3. The compared settings are summarized below.

© Naive SFT: The backbone is fine-tuned only on the original medical VQA data, without tool-use trajectories
or reflection supervision. This setting brings only marginal average improvement over the backbone, indicating
that static VQA supervision alone is insufficient to induce reliable agentic reasoning.

© + MCTS Trajectories: The original VQA data is replaced with successful MCTS-generated tool-use
trajectories, which teach the model how to inspect images, call tools, and verify visual evidence step by step.
The improvement over Naive SE'T shows that structured tool-use demonstrations provide a stronger cold-start
signal than static VQA supervision.

¢ + Failure-driven Correction Reflection: Failure-driven correction reflection data is further added on top of
the MCTS trajectory data. These examples teach the model to identify unreliable evidence and correct its
reasoning path, complementing successful demonstrations with explicit failure-aware supervision.

¢ + Textual Intention Reflection: Textual intention reflection is further added to the above data, making
each tool call explicitly tied to a diagnostic goal. This achieves the best average performance, suggesting that
explicit intention supervision helps the model connect tool actions with medical reasoning objectives.

Table 3 Ablation study on SFT training strategies. All results are reported as accuracies in percentages.

PMC Omni Medlesion Medlesion VQA  PATH MedXpert MMMU

Method Tool SLAKE yoA MedVQA  VQA MCQ RAD VQA QA-MM Medical AVG:
Qwen3-VL-8B X 69.87 54.55 78.45 60.51 58.68 61.86 43.19 24.90 63.60 57.29
Qwen3-VL-8B + Tools v 63.94.59 43.05.11.5 68.39.10.1 63.89 65.40 54.99.65.9 40.20-3.0 24.30-0.6 53.20.10.4 53.04.42
Naive SFT X T77.20 54.95 77.05.1.4 70.24 64.80 58.09.3.5 43.21 21.25.3.7 50.67-12.0 57.50
Ours

+ MCTS Trajectories v 77.51 54.00.0.5 75.89.2.6 66.29 68.82 63.19 48.46 26.85 59.07.45 60.01

+ Failure-driven Correction Reflection v 76.70 53.85.0.7 76.65.1 5 76.73 62.51 60.53.1.3 49.23 27.20 61.37.02 60.53

+ Textual Intention Reflection v 77.27 55.95 74.92_3 5 74.19 64.30 66.52 48.55 29.90 67.47 62.12

Reward Design and Reflection Memory in RL. Besides outcome and format rewards, two components are
central to stable RL optimization. Table 4 compares the backbone, MIRA-SFT, MIRA-RL evaluated without
tool execution, vanilla GRPO, and the final model with on-policy reflection memory.
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o MIRA-RL w/o Tools: This setting evaluates the RL-trained MIRA model with tool execution disabled,
isolating how much performance depends on interactive evidence acquisition at inference time.

© Format + Accuracy Reward: This setting uses tool-augmented RL rollouts with only the output-format
and final-answer accuracy rewards, without the consistency reward or on-policy reflection memory.

© Consistency reward: This reward checks whether the final answer is supported by the preceding reasoning
and visual evidence, discouraging unsupported diagnostic jumps.

o On-policy reflection memory: Low-reward rollouts are distilled into reusable reflections that summarize
recurring failures, helping the model avoid repeated mistakes in later rollouts. Beyond the final benchmark
ablation in Table 4, Appendix A7 further compares validation accuracy rewards during RL training with and
without reflection memory.

Table 4 Ablation study on RL training strategies. All results are reported as accuracies in percentages.

PMC Omni Medlesion Medlesion VQA  PATH MedXpert MMMU

Method Tool SLAKE oA MedVQA  VQA MCQ RAD VQA QA-MM Medical AVG-
Qwen3-VL-8B X 69.87 54.55 78.45 60.51 58.68 61.86 43.19 24.90 63.60 57.29
MIRA-SFT v 7727 55.95 74.92.3 5 74.19 64.30 66.52 48.55 29.90 67.47 62.12
MIRA-RL w/o Tools X 74.98 53.00-1.6 79.34 72.75 71.74 62.75 46.58 25.00 66.00 61.35
Ours
Format + Accuracy Reward v 75.98 56.10 77.64.0.8 72.07 71.72 67.18 49.13 28.65 64.80 62.58
+ Consistency Reward v 76.89 53.75.0.8 82.85 74.05 73.31 64.75 47.97 26.00 64.67 62.69
+ On-policy Reflection Memory v 77.46 58.35 81.65 75.04 73.12 68.51 48.83 30.60 68.93 64.73

Tool-use Necessity Analysis. To understand whether tool calls are meaningful rather than merely frequent,
we ask a GPT-4o judge to classify each tool-used sample as needed, optional, unnecessary, or harmful. Figure 4
compares direct tool access for the Qwen3-VL-8B backbone with MIRA-VL-8B. Here, useful tool use is
defined as the sum of needed and optional tool use. Directly enabling tools for the backbone yields only 56.2%
useful tool use and 8.9% harmful tool use. In contrast, MIRA-VL-8B increases useful tool use to 73.8% and
reduces harmful tool use to 1.6%. The improvement is consistent across all nine benchmarks, indicating that
MIRA-VL-8B learns not only to call tools, but also to avoid unnecessary or misleading tool interactions.

Analysis of the RL Learning Process. Figure 5 illustrates the dynamics of several key metrics during RL,
from which we make three observations. First, the completion length rapidly decreases from over 1,000 tokens
to around 500 tokens in the early stage and further converges to about 400 tokens, while the average number of
tool-use turns drops from roughly 2.2 to 1.3. This suggests that RL suppresses unnecessary verbose reasoning
and redundant tool calls, encouraging the model to use tools only when additional evidence is needed. Second,
the total reward steadily increases throughout training, driven by improvements in both accuracy reward and
consistency reward. The accuracy reward rises from about 0.4 to around 0.65-0.7, indicating that on-policy
optimization effectively improves final-answer correctness. Third, the consistency reward also increases from
roughly 0.35 to above 0.5, showing that the model becomes better at aligning its final answers with the
preceding evidence and reasoning. Together with the format reward quickly approaching 1.0, these trends
indicate that RL not only improves answer accuracy, but also makes the model’s tool-use trajectories shorter,
better formatted, and more evidence-consistent.

5 Conclusion and Limitations

We introduce MIRA, a medical visual reasoning agent that enhances LVLMs with active evidence acquisition,
tool-grounded verification, and reflection-driven self-correction. Our approach follows a two-stage training
strategy. In the SFT stage, we use MCTS-generated tool-use trajectories together with failure-driven correction
reflection and textual intention reflection to provide a strong cold-start policy. In the RL stage, we further
optimize the model with on-policy tool-augmented rollouts, consistency-aware reward design, and reflection
memory updates. Extensive evaluations across diverse medical VQA benchmarks show that MIRA-VL-8B
consistently improves over the Qwen3-VL-8B backbone, with especially strong gains on fine-grained lesion
understanding and decision-oriented medical reasoning tasks. Fine-grained analysis further indicates that the
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Figure 5 Training curves of the RL stage. The curves illustrate the learning dynamics of the reward signals during
on-policy optimization.

improvements mainly come from stronger basic perception and understanding/diagnosis/suggestion abilities,
rather than simple content recognition.

Despite these promising results, several limitations remain and point to future directions:

© Base model capability. MIRA is still constrained by the perception, language understanding, and medical
knowledge of its backbone model. When the base LVLM fails to recognize subtle visual findings or lacks
necessary clinical knowledge, tool use and reflection can reduce but not fully eliminate the error. Stronger
medical foundation models may further improve reliability.

¢ Reflection memory generalization. The reflection memory is updated from on-policy failures and can help
the model avoid repeated mistakes. However, the learned memories may not fully generalize to rare diseases,
unseen imaging styles, or substantially different clinical contexts. Future work can explore more systematic
memory validation, retrieval, and editing mechanisms to improve cross-domain robustness.
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Appendix Contents

This appendix provides supplementary material for MIRA, including related work, implementation details
of the diagnostic tool interface and MCTS data engine, additional training-data analysis, details of the
online reflection memory update mechanism, qualitative attention visualizations, evaluation prompts, and
case studies. These materials are intended to clarify how MIRA collects visual evidence, verifies diagnostic
reasoning, and improves evidence-grounded behavior through SFT and RL.

A Related Work
B Tool Usage Details
G i MCTS Details
D SET Training Data Analysis
B Online Reflection Memory Update Details
e Attention Analysis
G Evaluation Details
H Case Studies

Al



A Related Work

General Visual Reasoning Models. Early LVLMs [1, 7, 22, 26] relied on single-pass visual encoding,
conditioning all subsequent reasoning on a fixed visual representation. Recent reasoning-oriented models
improve textual chain-of-thought but still cannot actively revisit ambiguous image regions. To address this
limitation, an emerging line of research treats images as dynamic reasoning workspaces. V* [45] enables
iterative visual localization, cropping, and zooming. OpenThinkIMG [41], Pixel Reasoner [42], DeepEyes [51],
DeepEyesV2 [13], and VTool-R1 [44] train models to interleave textual reasoning with visual-tool operations,
while Mini-o3 [17] scales such interaction to long-horizon visual search. Thyme [50] further supports executable
image-processing and computational operations. Complementary approaches explore intrinsic visual reasoning;:
Thinking with Generated Images [6] uses self-generated images as intermediate thoughts, whereas Latent
Visual Reasoning [20] performs reasoning through latent visual tokens or visual embedding states.

Medical Visual Reasoning Models. Medical LVLMs [3, 21, 30, 31, 37, 40, 46] have advanced multimodal
diagnosis across radiology, pathology, and ophthalmology. Recent work also explores anatomy-grounded
rationales for more traceable radiology reasoning [43]. However, benchmarks reveal that fluent explanations
may still accompany visual hallucinations and incorrect grounding [10]. RL-based methods such as MedVLM-
R1 [35], Med-R1 [18], and MediX-R1 [32] improve language-level reasoning but keep visual observations fixed
throughout, failing to learn when additional visual evidence is needed. More recently, medical visual agents—
Ophiuchus [15], MedReasoner [47], MedMO [8], MedXiaohe [39], Meissa [4], MedScope [23], MedVistaGym [29],
and MedSAM-Agent [27]—introduce localized inspection, grounding, and interactive segmentation. Most
existing methods primarily emphasize forward evidence acquisition through tool use, while placing less explicit
emphasis on verifying tool correctness, assessing evidence sufficiency, and correcting diagnostic hypotheses
when new observations contradict earlier reasoning. MIRA attempts to address this gap through evidence-
grounded reflection: the model is trained to search for evidence, verify tool usage and reasoning consistency,
and revise premature conclusions when the accumulated evidence is weak or contradictory.

B Tool Usage Details

We provide additional implementation details of the tool interface used by MIRA. The tool system is designed
to expose both visual manipulation tools and external knowledge access through a unified function-calling
interface. Each tool is declared with a structured schema that specifies its name, natural-language description,
required arguments, and argument types. During reasoning, the model emits a tool call with JSON-formatted
arguments; the executor then applies the requested operation to the corresponding image in the interaction
history and returns either a rendered image, textual evidence, or both. This design allows MIRA to interleave
diagnostic reasoning with explicit visual evidence acquisition, rather than relying only on a single static image
observation.

Coordinate convention All spatial tools use a normalized coordinate system in which image coordinates
are expressed on a 0-999 grid. The origin [0, 0] is the top-left corner, the z-axis points rightward, and
the y-axis points downward; the bottom-right corner is [999, 999]. Before execution, normalized points or
bounding boxes are converted into pixel coordinates according to the actual image width and height. Points
are written as [x, y], and bounding boxes or line segments are written as [x, y, x, y]. For a bounding
box, the first coordinate pair denotes the top-left corner and the second pair denotes the bottom-right corner;
for a line segment, the two pairs denote its endpoints. The implementation also tolerates legacy tag-style
coordinates for compatibility, but all schemas and prompts below use the bracketed list format. This preserves
a single internal execution convention while making the expected output format explicit.

Visual editing and history = For image-processing tools, the executor first converts the input image to RGB
to avoid transparency-related artifacts, applies the requested operation, and returns the resulting image
as a base64-encoded image. The returned image is appended to the visual history, so later tool calls can
operate on either the original image or a previously generated tool result via the imgidx argument. This is
particularly important for multi-step reasoning trajectories, such as first zooming into a suspicious region and
then marking contour points on the zoomed view.

Figures A1-A3 present the structured schemas exposed to the model. Each schema follows the same
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function-calling format: a tool name, a natural-language description, a typed argument list, and required

fields.
{ {
"name": "SEARCH", "name": "ROTATE",
"description": "Performs a web search and returns the "description": "Rotate an image.",
results as a string. Use when internal knowledge is "parameters": {
insufficient or external medical evidence is helpful.", "type": "object",
"parameters": { "properties": {
"type": "object", "imgidx": {
"properties": { "type": "integer",
"search_query": { "description": "Index of the image to process."
"type": "string", },
"description": "The query to search for." "degree": {
b "type": "integer",
}, "description": "Clockwise rotation angle from 1 to
"required": ["search_query"] 359 degrees."
} }
} 1,
"required": ["imgidx", "degree"]
(a) SEARCH schema. N }
(b) ROTATE schema.
Figure A1 Function schemas for external search and image rotation.
{ {
"name": "GROUNDING", "name": "POINT",
"description": "Draw bounding boxes on the image or crop "description": "Renders the specified points on an image
the image to one bounding box.", and returns the result.",
"parameters": { "parameters": {
"type": "object", "type": "object",
"properties": { "properties": {
"label": { "imgidx": {
"type": "string", "type": "integer",
"description": "Name of the object or area in the "description": "Index of the image to process."
box. " },
1, "points": {
"imgidx": { "type": "string",
"type": "integer", "description": "Points as [x, y] on the 0--999 grid.
"description": "Index of the image to process." Multiple points may be concatenated; separate
3, multiple lines by newline."
"bbox_str": { 3,
"type": "string", "draw_line": {
"description": "Bounding boxes as [x, y, x, y] on "type": "boolean",
the 0--999 grid; multiple boxes may be "default": false,
concatenated." "description": "Whether to connect points with
}, lines."
"crop": { }
"type": "boolean", },
"default": false, "required": ["imgidx", "points"]
"description": "If true, crop exactly one bounding }
box." }
Y
IS (b) POINT schema.
"required": ["imgidx", "bbox_str", "label"]
}
}
(a) GROUNDING schema.
Figure A2 Function schemas for region grounding and point rendering.
SEARCH  SEARCH is a non-visual knowledge tool. It is invoked with a natural-language search_query

and calls an external search service to retrieve relevant medical documents. Because raw search results may
contain long metadata fields and noisy snippets, the implementation includes a summarization step that
extracts the most relevant medical facts, such as symptoms, diagnostic features, pathology, or treatment
considerations. Since SEARCH does not manipulate image coordinates, it bypasses visual verification in the
MCTS data engine and is treated as a logical evidence-gathering step.

POINT POINT supports explicit marking of visual evidence. The model provides one or more normalized
points through points; multiple points may be written consecutively, and different point groups can be
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{ {
"name": "ZOOM", "name": "MEASURE",
"description": "Zoom an image or a selected image "description": "Measure the distance of targets in the
region.", image using a reference line segment for comparison.",
"parameters": { "parameters": {
"type": "object", "type": "object",
"properties": { "properties": {
"imgidx": { "imgidx": {
"type": "integer", "type": "integer",
"description": "Index of the image to process." "description": "Index of the image to process."
}, 1,
"label": { "target_points": {
"type": "string", "type": "string",
"description": "Name of the object or area in the "description": "Two target points: [x, y, x, yl."
box." },
}, "reference_points": {
"bbox_str": { "type": "string",
"type": "string", "description": "Two reference points: [x, y, x, yl."
"default": "", }
"description": "Region to zoom as [x, y, x, y] on },
the 0--999 grid. Empty means the whole image." "required": ["imgidx", "target_points",
3, "reference_points"]
"scale": { }
"type": "number", ¥
"default": 0.0,
"description": "Zoom ratio from 0.0 to 2.0; 0.0 with (b) MEASURE schema.

a box auto-scales the region to full image size."
}
},
"required": ["imgidx", "label"]
}
}

(a) Z0OM schema.

Figure A3 Function schemas for zooming and relative measurement.

separated by newlines. The executor draws blue markers on the corresponding pixel locations. When draw_-
line=true, it connects points in order, allowing the model to trace contours or indicate ordered structures.
This is useful for tasks such as rib counting, identifying anatomical landmarks, or describing irregular shapes.

GROUNDING  GROUNDING provides bounding-box-based localization. The argument bbox_str can contain
one or more boxes, each converted from normalized coordinates to image pixels. In drawing mode, the
executor overlays red boxes around all specified regions; in cropping mode, it requires exactly one bounding
box and returns the cropped region. This tool is suitable for grounding suspected lesions, highlighting multiple
distributed abnormalities, or isolating a region before further visual reasoning.

ROTATE ROTATE changes image orientation by applying a clockwise rotation specified by degree. The
implementation expands the canvas when needed so that rotated content is not clipped. This tool is useful for
images acquired or displayed in non-standard orientations, where reorientation can make anatomical axes or
textual cues easier to interpret.

ZOOM  Z0OM supports fine-grained inspection. When a bounding box is provided, the executor first converts
it to pixel coordinates, sorts the corner coordinates to handle reversed boxes, and expands the crop with an
adaptive margin. Small regions receive a larger relative margin, while very large regions receive a smaller one;
extremely small crops are further expanded to cover at least a minimum fraction of the image. The cropped
region is then resized according to scale, or automatically enlarged to the full image size when regional
zooming is requested with near-zero scale. This behavior lets the model inspect details while retaining enough
context for medical interpretation.

MEASURE MEASURE adds quantitative visual reasoning. It requires two points for target_points and two
points for reference_points. The executor computes Euclidean pixel distances for both segments, overlays
the reference segment in cyan and the target segment in magenta, and reports the target length, reference
length, and their ratio. The returned ratio enables relative size judgments when absolute physical calibration
is unavailable, for example comparing a skin lesion with a fingernail segment or another nearby anatomical
reference.
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Overall, the tool suite operationalizes medical image reflection by converting implicit visual impressions
into explicit intermediate evidence: ZOOM and ROTATE improve visibility, POINT and GROUNDING make spatial
claims verifiable, MEASURE supports relative quantification, and SEARCH supplies external medical knowledge
for diagnosis and differential reasoning.

C MCTS Details

We provide the implementation details of the tool-augmented Monte Carlo Tree Search (MCTS) data engine
used for SFT data construction. Figure A4 illustrates the overall search procedure.
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Figure A4 Overview of the tool-augmented MCTS procedure. The search iteratively expands candidate diagnostic
actions, verifies tool-use validity and reasoning consistency, and backpropagates node rewards to guide subsequent
exploration.

Search Configuration. The MCTS is configured with the following hyper-parameters: number of simulations
N = 20, maximum tree depth D = 4, branching factor K = 3 (each expansion generates 3 child nodes), and
the exploration constant cpyuct = 1.4 for the UCB formula.

Teacher Models. The MCTS data engine is highly API-intensive: each simulation involves multiple LLM
calls for thought spark generation, node expansion, verification, and judging, with a total of N x K expansion
calls per sample alone. To ensure data quality and maximize coverage, we employ a cascaded multi-model
strategy across 3 rounds of search. In the first round, Seed 1.8 is used as the teacher model; samples that
fail to yield a correct answer are then retried with Gemini 2.5 Pro [9]; remaining failures are further retried
with GPT-5.2 [34]. Finally, for any samples that still fail after all three rounds, GPT-5.2 is used to generate
a reflection and tool-use trajectory as a last-resort demonstration. We select these models as teachers due
to their exceptional visual reasoning and thinking capabilities, which are critical for producing high-quality
medical diagnostic reasoning traces.

Algorithm Overview. Algorithm 1 summarizes the overall MCTS procedure.

Selection. We use the UCBI formula for node selection during the search:

In(N, + 1)

UCB(C) = V(C) + Cpuct * N

(15)

where V(c) is the current value estimate of child ¢, N, is the parent’s visit count, and NN, is the child’s
visit count. Nodes with verification_passed = False or tot_status = "impossible" are excluded from
selection. Unvisited children are prioritized over visited ones.

Expansion via Thought Sparks. At each expandable leaf node, a Thought Spark Generator produces
exactly K = 3 diverse reasoning directions. The generator is conditioned on: (1) the original question, (2) the
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Algorithm 1 Tool-Augmented MCTS for Medical Diagnostic Reasoning

Require: Question ¢, Image I, Ground-truth answers 4, Simulations N, Depth D, Branches K
Ensure: Best prediction a
1: ng < Root(q,I); V(ng) + 0.5
2: fort=1,...,N do
3: P < Select(ng) > UCBI traversal to leaf ng

4:  if depth(ng) > D then

5 Backprop(P, 0); continue

6: end if

7. {sp}, « SparkGen(ny,q) > Generate K thought sparks
8 fork=1,...,K do

9: o, < Generate(nyg, si) > Tool call or answer
10: if oy, is tool call then

11: ExecuteTool(o,); PostReflect()

12: end if

13: vk, pr < Verify(ng, og, A, q) > vy visual pass, py: score € [0,1]
14: if v, = false then

15: Mark(cy, impossible); py < 0.1

16: end if

17: if oy, yields answer aj then

18: Jr < Judge(q, A, ax) € {0,1}

19: if jr = 1 then

20: return ay > Farly stop
21: end if

22: re < 0.3 pr +0.7- 9%

23: else

24: Tk < Dk

25: end if

26: end for

27:  Backprop(P, maxy ry) > Incremental mean update
28: end for

29: 4 £ Garg max,:terminal V(1)
30: return a

path history from root to the current node, (3) sibling exploration results (whether other tried directions
were promising or dead ends), and (4) adaptive guidance based on the current node’s score—if the score is
below 0.5, the generator is instructed to break away from the current pattern; if above 0.8, it is encouraged to
consider synthesizing clues into a conclusion. Each thought spark is then injected into the generator model
via a temporal system prompt, and the model independently decides its next action (tool call or conclusion),
ensuring diversity while respecting the suggested direction.

Joint Verification. FEach newly expanded node undergoes joint verification of visual grounding accuracy
and semantic reasoning consistency:

Visual grounding verification. For tool calls that produce spatial outputs (POINT, GROUNDING, ZOOM,
MEASURE), the proposed bounding boxes or points are rendered onto the original image as visual overlays
(red for target regions, cyan for reference points). An external verifier model then evaluates whether the
marked region is spatially consistent with the tool’s stated intent. Nodes that fail visual verification are
rejected: they are marked as impossible with a score of 0.1, and the rejection reason is fed back as error
context to prevent repeated mistakes.

Semantic reasoning verification. The verifier also scores each node on a 0-1 scale representing the probability
that the current step efficiently leads to the correct answer. This score is determined with access to the ground-
truth answer, enabling the data engine to prune unproductive branches early. The combined verification
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score serves as the node’s initial heuristic value (tot_score). Nodes are classified as "sure" (score > 0.8) or
"likely" (score < 0.8).

Terminal Node Scoring. When a node produces a final answer (detected via <answer>...</answer> tags
or other extraction patterns), a separate judge model evaluates its correctness. The terminal reward is
computed as:

Tterminal = 0.3 x Sverify +0.7 x Sjudge (16)

where Syerify is the verification score and sjudge € {0,1} is the judge’s binary correctness. If the judge confirms
correctness (Sjudge = 1), an early stopping mechanism immediately returns the answer, avoiding unnecessary
exploration.

Backpropagation.  After each simulation, the reward is backpropagated along the traversal path using

incremental mean updates:

r—V(n)
N(n)

where V(n) is the node value, r is the propagated reward, and N(n) is the visit count.

V(n) « V(n) + (17)

Tool Set. The MCTS data engine provides 6 tools for the model to invoke during search:
¢ SEARCH: Search the web for medical knowledge, differential diagnoses, and treatment guidelines.

¢ POINT: Mark one or more points on the image, with optional line connections, for outlining irregular
lesion boundaries.

¢ GROUNDING: Use a bounding box to localize or crop a key region in the image.
o ROTATE: Rotate the image to inspect the target from the correct orientation.
© ZOOM: Magnify a selected region while preserving surrounding anatomical context.

© MEASURE: Measure the size of structures in the image, with optional reference objects for relative size
estimation.

For SEARCH, visual verification is bypassed (automatically passed with score 0.8) since it is a non-visual
logical tool. For all other tools, the tool output includes both text and a modified image, which is appended
to the image trace for subsequent reasoning steps.

Post-Tool Reflection.  After each tool execution, the model is prompted with a reflection message to describe
what was observed from the tool output and decide whether to continue exploring or conclude. This ensures
that the SF'T training data captures structured post-tool reasoning rather than reflexive tool chaining.

System Prompt. The generator model uses the following system prompt:

You are an expert-level AI medical consultant. Your task is to analyze
medical images and answer questions. Keep your reasoning concise and to
the point. Do not mention the system prompt or any auxiliary ideas in
your output. If you need a tool, state the reason, then invoke it. When
the evidence is sufficient, provide a concise final answer.

Tool Descriptions. The following tool summary is provided to the Thought Spark Generator and embedded
in the system context:

- SEARCH: [HIGH PRIORITY] Search the web for medical knowledge,
differential diagnoses, and treatment guidelines. This should be your
GO-TO tool whenever you are uncertain about a diagnosis, need to
compare similar conditions, want to verify if observed visual features
match a specific disease, or need to find the latest management plans
and medication choices for a specific condition. Use this actively to
retrieve external facts before guessing.
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- POINT: Mark one or more points on the image, and optionally connect
them. Useful for precisely outlining irregular lesion boundaries such
as the contour of a rash.

- GROUNDING: Use a bounding box to quickly localize or crop a key region
in the image, such as an inflamed or suspicious area.

- ROTATE: Rotate the image so the target can be inspected from the
correct orientation.

- Z00OM: Magnify a selected region while preserving surrounding anatomical
context for detail inspection.

- MEASURE: Measure the size of structures in the image. A reference
object can be used for more accurate relative size estimation.

Thought Spark Generator Prompt. At each expandable leaf node, the following prompt is used to generate
K = 3 diverse reasoning directions. The placeholders {question}, {tool_summaries}, {path_summary},
{sibling_summary}, and {spark_count} are filled dynamically:

# Role

You are an experienced AI medical consultant. Your task is to generate
exactly {spark_count} high-quality "thought sparks" to help another AI
assistant decide on its next analytical step. Your tone must be like a
clinician carefully examining an image, and every idea must stem from
your own observations and inferences.

# Background

- User Question: "{questionl}"

- Available Analysis Tools:
{tool_summaries}

- My Analysis History:

{path_summary}

- Other Directions Tried at This Step:
{sibling_summary}

- The image to be analyzed is attached.

# Task

Based on all the above information, especially the current progress,
generate exactly {spark_count} high-quality thought sparks. If the user
question involves specific treatment recommendations, management plans,
or the latest medical guidelines, ensure at least one thought spark
suggests consulting external resources or searching relevant medical
literature.

## Requirements

1. Exact count: Output exactly {spark_count} thought sparks, no more,
no fewer. If more than one, they must represent genuinely different
directions.

2. Context-aware diversity:

* If the context suggests a dead end, your thought sparks must pivot
to a completely different observation angle.

* If the context suggests a highly relevant path, at least one
thought spark should lead directly toward forming a concise
conclusion.

3. Natural language: Use fluent statements or questions, like a
clinician's genuine inner monologue.
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4. Strict prohibitions:
* Do not use imperative or directive phrasing.
* Do not output tags like ['<{'}'> or <spark>.
* Do not mention scores, evaluations, or external feedback.

# Output Format
Output a JSON list of {spark_count} strings. Each string must be a
thought spark in natural language.

Additionally, adaptive guidance is injected based on the current node’s score. If the score is below 0.5 (dead
end):

# Direction to avoid (dead end)

One of my previous ideas was: "{failed_thoughtl}", and I followed it by
trying ~{failed_action} . It now looks like that path did not produce
useful evidence. I should break away from that pattern and come up with
a genuinely different observation angle.

If the score is above 0.8 (highly relevant):

# Value of the current direction (highly relevant)

My previous idea was: "{confident_thought}", and I carried it out with
“{confident_action} . That step feels highly relevant and gave me a much
clearer understanding of the target area. The evidence may already be
sufficient, so I should seriously consider whether I can synthesize the
clues into a concise conclusion.

Verification Prompt. Each newly expanded node is verified by an external model using the following
prompt. The placeholders {question}, {true_answers}, {thought}, {tool_name}, {tool_args}, and
{visual_instruction} are filled dynamically:

# Role

You are an expert-level strategy evaluator with access to the ground-
truth answer. Your task is to predict whether the AI assistant's current
action is likely to efficiently lead to the correct final answer.

# Background

- User Question: "{questionl}"

- Ground-truth Answer: {true_answers}

- Current AI Reasoning: "{thoughtl}"

- Planned AI Action: Call tool ~{tool_namel} , targeting
"{tool_args.label}".

{visual_instruction}

# Evaluation Task
Return a strict JSON object with the following fields:

1. “"visual_pass"" (boolean)
* Be spatially lenient unless the marked region is clearly wrong.
* If false, briefly explain the mismatch in “reason".

2. “"answer_probability_score" (float from 0.0 to 1.0)
* This is the most important field.
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* Use the ground-truth answer to judge whether this step is an
efficient and important path toward the correct answer.

* High score (>0.8): Critical step toward the correct answer.
* Medium score (0.5-0.7): Relevant but not core.
* Low score (<0.5): Wrong direction.

3. “'"reason" (string)

* Briefly explain the score. You may explicitly reference the
ground-truth answer.

# Output Format

{
"visual_pass": <true_or_false>,
"answer_probability_score": <float_from_O0_to_1>,
"reason": "Your explanation."

}

For tool calls that produce spatial outputs, visual overlays are rendered on the image (red for target regions,
cyan for reference points), and the following visual instruction is appended:

[Visual Check] I have marked the AI-proposed target region on the image
in red (point, line, or box).

For non-visual steps:

[No Visual Cues] This is a purely logical step or a step without
coordinates.

For the SEARCH tool, verification is bypassed entirely (automatically passed with a score of 0.8).

Post-Tool Reflection Prompt. After each tool execution, the model is prompted to reflect on the tool
output using the following system message:

You have just received the result of the previous action. Briefly
describe what you observe from the new information, and based on this,
decide whether to continue investigating or if you can already reach a
conclusion.

This ensures that the SFT training data captures structured post-tool reasoning rather than reflexive tool
chaining.

A10



D SFT Training Data Analysis

We analyze the supervised fine-tuning (SFT) instruction data used for training. The corpus contains 24,126
instances from six source groups, as summarized in Table Al. Figure A5 analyzes reflection-to-tool transitions,
and Figure A6 visualizes the interaction structure of these instances.

Table A1 Source composition of the SFT cor- yncertain |t
. . . Insuff. evidence =0
pus used in the trajectory-complexity analy-
SiS, Need knowledge
Closer look 40
g Re-check 4%
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Figure A5 Fine-grained reflection-to-tool transition heatmap on the
full SFT corpus. Rows denote rule-based textual reflection patterns
extracted from the assistant message immediately before a tool call,
and columns denote next-action types derived from the following tool
name and arguments. Each cell shows the row-normalized percentage,
and black boxes highlight the strongest transitions.
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Figure A6 Trajectory-complexity distribution of the SF'T medical instruction corpus. Each point denotes one training
instance. The horizontal axis shows interaction turns, the vertical axis shows trajectory length, color indicates the
number of tool calls, and marker size indicates the number of visual observations. The lower-right panel shows the
failure-driven reflection data.

Across the full corpus, 91.7% of instances contain at least one tool call and 18.7% contain more than one
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tool call, indicating that the SFT corpus is dominated by explicit evidence-acquisition trajectories rather
than static answer-only supervision. The distribution is still mostly short-horizon: most instances contain a
single tool call, while longer trajectories provide supervision for multi-step inspection and evidence refinement.
Failure Reflection has the highest multi-tool rate, reflecting its role in teaching the model to revisit unstable
evidence and correct unreliable diagnostic paths.

To further examine the textual reflection supervision, we categorize the assistant reflection preceding each
tool action into fine-grained, non-exclusive micro-patterns spanning evidence appraisal, visual re-checking,
corrective reasoning, and diagnostic reasoning. For each assistant-to-tool transition, we take the assistant
message immediately before the tool_call as the reflection text and apply keyword-based multi-label
matching. The row labels in Figure A5 are abbreviated as follows: Uncertain captures ambiguity or low
confidence; Insuff. evidence captures explicit evidence insufficiency; Need knowledge captures requests for
external medical knowledge; Closer look, Re-check, Localize, and Count/measure capture visual inspection,
repeated checking, spatial grounding, and quantitative inspection; Self-correct, Misread, and Tool weak
capture corrective reasoning and recognition of weak previous tool results; and Dx reason, Compare opts., and
Answer calib. capture diagnosis-oriented comparison, option elimination, and answer calibration. Because one
reflection can express multiple intents, the pattern assignment is multi-label rather than mutually exclusive.

The next-action type is derived from the following tool call. We first read the tool name, then refine it
using the tool arguments: SEARCH is split into knowledge retrieval (Search-K) and differential-diagnosis
search (Search-Dx); ZOOM is split into lesion/detail inspection (Zoom-D) and broader anatomical-region
inspection (Zoom-R); GROUNDING is split into local single-region grounding (Ground-L) and full-field or multi-
box grounding (Ground-M); POINT is split into contour/marking (Point-M) and counting-style point sequences
(Point-C); MEASURE and ROTATE are kept as Measure and Rotate. Cell values are row-normalized percentages,
so each row shows how often a given reflection pattern leads to each next-action type. Figure A5 summarizes
28,576 tool transitions from the full 24,126-instance SFT corpus, with 99.9% of transitions matching at least
one micro-pattern. The resulting transition structure indicates that the reflection data is not merely generic
self-correction text; it teaches a closed-loop behavior in which uncertainty, re-inspection, correction, and
differential reasoning are followed by concrete tool choices for acquiring or refining evidence.
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E Online Reflection Memory Update Details

This section provides additional implementation details of the online reflection memory update used in MIRA-
RL. The mechanism maintains a cross-instance textual reflection memory, denoted as m;, and injects it into the
system prompt of subsequent rollouts. Unlike instance-level reflection, this memory is not transient feedback
for a single example. Instead, it is a global set of diagnostic principles that evolves during reinforcement
learning and guides later tool use, evidence checking, and diagnostic reasoning.

Runtime reflection memory injection. At the beginning of training, we initialize a default medical VQA
reflection memory containing core diagnostic principles, failure-avoidance rules, and the output contract. The
initial memory is shown below.

Medical VQA Reflection Memory

Core Memory
o First identify the question target type, imaging/domain context, anatomical region, and visible evidence before
choosing.
¢ For multiple-choice VQA, compare every option against the visible image and eliminate category-mismatched or
unsupported choices.
¢ Calibrate certainty from visible evidence: distinguish clear evidence, ambiguous evidence, and insufficient evidence
before selecting normal, abnormal, or uncertain options.
Failure Avoidance
¢ Do not answer from generic medical knowledge or prior reflection when the current image and options provide
direct constraints.
¢ Do not invent subtle findings that are not clearly visible; prefer the best-supported listed option under uncertainty.
o If the image and options seem mismatched, re-check the requested target once, then choose the best-supported

listed option rather than rejecting the task.

Output Contract

o Keep reasoning inside <think>...</think> and the final answer inside <answer>...</answer>.

During rollout generation, the runtime reads the current memory state and inserts it into the system prompt
together with the available tool schemas. Each sampled trajectory is therefore generated under both the
current policy and the current reflection memory:

T~ 7, (- | T, my). (18)

If a candidate memory is being evaluated, the runtime enters trial mode and injects the candidate memory
my instead of the current accepted memory m;. Otherwise, all rollouts use the current accepted reflection
memory.

Failure buffer construction. After each rollout batch, MIRA-RL records a trajectory into the failure buffer
only when two conditions are satisfied. First, the final reward is below a predefined threshold, indicating an
incorrect answer or a low-quality diagnostic trajectory. Second, the output format is valid, so the failure is
more likely to reflect diagnostic reasoning, evidence use, or tool-use errors rather than a simple formatting
collapse. Each failure record stores the case identifier, prompt, model completion, reference answer, reward
values, active memory identifier, and trial status. This yields an on-policy failure stream:

By = {(@i, 7,75, my) 2 75 < 6, format(r;) = 1}. (19)

In our implementation, the default reward threshold is § = 0.3, and format-validity filtering is enabled. This
prevents pure formatting errors from being treated as transferable medical reasoning failures.

Adaptive failure evidence sampling. A reflection memory update is triggered only when the failure buffer
contains enough unique failed cases. We first sample recent failures produced under the current memory m;.

A13



If the number of unique cases is insufficient, we supplement them with failures from previous or unscoped
memory states, but these supplemental examples are treated as lower-confidence evidence. To prevent a single
case from dominating the update, we cap the number of selected failures per case.

Let U; denote the number of unique cases among the selected failures. We compute an update-support

coefficient ) N

Chp(Ut - Umim 0, Umax - Umin)
Umax - Umin ’

where Upin and Upax are the unique-case thresholds for starting an update and reaching full support,
respectively. This coefficient is used to record the strength of the update evidence. If the number of unique
cases is below the minimum threshold, the memory update is skipped. This ensures that memory edits are
driven by repeated failure patterns rather than by a single outlier.

(20)

ap =

Minibatch reflection.  Selected failures are split into reflection minibatches. For each minibatch, the reflection
optimizer reads the current reflection memory and the failed rollouts, then produces textual gradients rather
than directly rewriting the entire memory. Each minibatch reflection contains reusable failure patterns,
evidence counts, root causes, revision suggestions, rules to preserve, and risk notes. The optimizer is explicitly
instructed not to introduce gold answer labels, case identifiers, dataset artifacts, case-specific medical facts, or
any instruction that changes the required output format. This minibatch design reduces anecdotal updates
from individual failures and encourages diagnostic principles supported by multiple cases or multiple failed
trajectories.

Memory edit aggregation. The minibatch reflections are then merged into a concrete memory-edit proposal.
The editor outputs a structured patch over the current memory m;:

er. € {append, insert__ after, replace, delete}. (21)

For insertion, replacement, and deletion, the target span must be an exact substring of the current memory.
Each edit is constrained to be a concise principle-like rule. Duplicate, overlapping, case-specific, or format-risky
suggestions are discarded during aggregation. This patch-based design avoids unconstrained full-memory
rewriting and allows the reflection memory to evolve through localized, controllable, and auditable updates.

Bounded edit-budget scheduling. To control the magnitude of each memory update, MIRA-RL uses a
bounded edit budget L;. If the aggregated edit pool contains more than L; edits, a ranker selects the edits
with the highest expected utility. By default, we use a cosine schedule:

1 t
L; = max (Lmin, round {Lmin + E(Lmax — Luin) (1 4+ cos 7;)]) , (22)

where Lyax =4, Limin = 1, and T is the scheduling horizon. This allows larger memory corrections early in
training and gradually shifts toward smaller, more stable consolidation updates.

Static quality gate. Before a candidate memory is evaluated, it
must pass a static quality gate. The gate checks whether required
sections are present, whether the output contract still contains
the required <think>...</think> and <answer>...</answer>
tags, whether rules are duplicated, and whether the candidate
contains forbidden instructions that remove reasoning or alter
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0.68 1

Val. score

the answer format. The gate also rejects candidate memories 0641

containing explicit case identifiers, dataset-specific strings, or —e— wio Reflection Memory
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output protocol.

] Figure A7 Validation accuracy reward dur-
Validation-gated trial. A candidate memory that passes the ing RL training with and without on-policy

static quality gate is written as a pending memory and evaluated reflection memory. The comparison shows

in trial mode. During trial mode, rollouts use the candidate the training-time validation signal used to
evaluate whether reflection memory improves
held-out reward.
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memory m;, while the current accepted memory m; is kept
unchanged. After evaluation, the trainer reports the validation reward as the selection score. The candidate

is accepted only if
St(ﬁlt) > St(mt). (23)

Both scores are measured on the same validation set under the same frozen policy checkpoint, so the comparison
mainly isolates the effect of the memory change rather than changes in policy parameters or validation data.
If accepted, the candidate memory replaces the current memory and is saved with the corresponding policy
checkpoint. Otherwise, the pending memory is discarded and the system rolls back to the current memory.

Concrete memory update example. Figure A8 shows one accepted online memory update in a git-style
diff. The candidate memory was generated from recent failed rollouts, passed the static quality gate, and was
accepted by the validation gate because its selection score improved from 1.3813 to 1.3844 under the same
evaluation protocol. The update adds a coarse image-modality check, tightens the required answer granularity,
refines the rule against hallucinating subtle findings, and adds a final check that the answer matches the
requested output form.

Reflection Memory Update Diff
Core Memory

First identify the question target type, imaging/domain context, anatomical region, and visible evidence before
choosing.

+ First classify the image at a coarse level (for example radiology vs histology vs endoscopy/clinical photo, and

broad body region/depth) and use that to eliminate globally incompatible interpretations before finer reasoning.

For multiple-choice VQA, compare every option against the visible image and eliminate category-mismatched or
unsupported choices.

Calibrate certainty from visible evidence: distinguish clear evidence, ambiguous evidence, and insufficient evidence
before selecting normal/abnormal /uncertain options.

+ Match the answer to the requested target and granularity exactly: give a single letter for MCQ, a yes/no
judgment for binary questions, or the shortest body part/region/attribute phrase requested, without extra diagnostic

explanation.

Failure Avoidance
Do not answer from generic medical knowledge or prior reflection when the current image/options provide direct
constraints.

- Do not invent subtle findings that are not clearly visible; prefer the best-supported listed option under uncertainty.
+ Do not invent subtle findings that are not clearly visible; name only directly visible features and prefer the

least-committal image-grounded description or best-supported listed option when key discriminating signs are
unclear.

If the image and options seem mismatched, re-check the requested target once, then choose the best-supported
listed option rather than rejecting the task.

Output Contract
Keep reasoning inside <think>...</think> and the final answer inside <answer>...</answer>.

+ Before finalizing, re-check that the answer directly responds to the question’s verb and requested output form

(identify, locate, judge, prevent, name, presence/absence) rather than drifting into free-form image interpretation.

Figure A8 An accepted online reflection memory update shown as a git-style diff. Gray rows indicate unchanged
memory rules, red rows indicate removed rules, and green rows indicate added rules.

Rejected-edit feedback. Rejected candidate memories are not discarded silently. The system stores their

selected edits, validation score changes, and rejection reasons in a rejected-edit buffer. Later aggregation
prompts include this buffer and instruct the editor not to propose similar or overlapping edits again. This
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negative feedback prevents repeated harmful updates and stabilizes online reflection memory evolution.

Audit trail. For reproducibility, the implementation records the complete memory-update trajectory,
including failure-buffer entries, minibatch reflections, aggregated edits, selected edits, patch-application reports,
candidate memory snapshots, trial decisions, rejected edits, and memory snapshots saved at checkpoints. This
makes the online reflection memory optimization process inspectable at the level of individual edits.

Online update procedure. Algorithm 2 summarizes the online reflection memory update at training step ¢

in a compact mathematical form.

Algorithm 2 Online Reflection Memory Update

Require: mg,, my, 'Dgr, Dyal, Bfail, B,ej
Ensure: 7y, ,, Mt41
: T'~ o, (- | D)
: 0,01 + GRPO(0,, TY)
¢ Bait < Bran U{T € T : r(7) < §, fmt(r) = 1}
: Ft < Sample(Br,ii; recent, unique, cap)
: Uy < |case(Fy)|
if U < Upin then
Mi41 < My;
return T, ,, Mi41
: end if
: {./\/lb}bB:1 + Split(F;)
: g < Reflect(my, My), b=1,....B
: & + Aggregate({gy 12, Brej)
: & < Topy, (&) A
: g < Apply(me, &)
. if —StaticGate(m;) then
My < My,

© 0 N D U W N e

e = T e T S S =N
S = S O =

return T, ,, M1

: end if

t Scur < St (mt; TO 415 Dval)

: Scand St (mﬁ TO 415 Dval)

: if Scand > Scur then

My < 1My

: else A

Mi41 < My Brej <~ Brej U {Sty Scand — Scur}
: end if

: return Ty, |, Mi41

NN N NN NN =
S AR LN RO O ®

> On-policy rollouts

> Policy update

> Collect valid failures
> Diverse evidence

> Insufficient support

> Minibatch gradients
> Merge edits

> Bounded update

> Candidate memory

> Format or safety fail

> Frozen-policy gate
> Accept

> Rollback
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F Attention Analysis

To further inspect how reinforcement learning changes visual evidence use during diagnosis, we compare the
decoder attention maps of MIRA-RL with its Qwen3-VL-8B backbone on the same dermatology VQA example.
We first let each model generate its diagnostic response, identify the generated token span corresponding to
the lesion mention, and then visualize the attention from that lesion-related token span to the image tokens
at every decoder layer. Figure A9 shows the resulting layer-wise attention maps. Each panel corresponds
to one decoder layer; warmer colors indicate higher attention mass over image tokens when generating the
lesion-related word.

(a) MIRA-RL.

) Qwen3-VL-8B backbone.

Figure A9 Layer-wise visual attention when generating lesion-related tokens on the same medical VQA example. The
first row in each subfigure contains layers 0-17 and the second row contains layers 18-35; red boxes highlight layers
8-16 for easier comparison. Compared with the backbone, MIRA-RL shows stronger mid-layer attention over the hand
and lesion-bearing skin region, while the backbone more prominently attends to top-edge or background visual tokens.
In later layers, both models converge to a similar sparse attention pattern, suggesting that the most interpretable
grounding difference appears in the middle decoder layers rather than in the final layers alone.

Analysis. Both models exhibit a common coarse-to-sparse pattern: early and middle layers distribute
attention across multiple image regions, whereas later layers increasingly concentrate attention on a small
number of high-response visual tokens near the upper image boundary. However, the middle layers reveal a
qualitative difference. In MIRA-RL, layers around 9-16 place more visible attention mass on the hand and
skin surface where the lesion evidence is located. In contrast, the Qwen3-VL-8B backbone produces stronger
responses on the upper background and image-edge regions in the same layer range. This suggests that the
RL-trained model is more likely to consult the lesion-bearing visual region while verbalizing lesion-related
findings.

We emphasize that these maps are decoder attention weights from generated lesion tokens to image tokens, not
supervised segmentation masks. Therefore, they should be interpreted as evidence-use diagnostics rather than
exact lesion localizations. The comparison nevertheless provides a useful qualitative probe: improvements
induced by RL are most apparent in intermediate layers, while averaging all layers or inspecting only the final
layers may obscure grounding differences because both models show similar late-layer attention collapse.
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G Evaluation Details

All benchmarks are evaluated 0-shot using the MedEvalKit testing suite [46].

Tool-use necessity details.

Table A2 reports the full per-dataset distribution of tool-use necessity judgments

used in Figure 4. The four categories are computed over tool-used samples only.

Table A2 Per-dataset tool-use necessity results.

Dataset Needed Optional Unnecessary Harmful
SLAKE 30.964.5 ( ) 19.3-17.5 (-1.8)  36.6—14.2 (-22.4)  13.253.8 (-9.4)
PMC-VQA 40.1—59.8 ( ) 13.0—10.0 (-3.0) 32.6—27.1 (-5.5) 14.1—3.0 (-11.1)
OmniMedVQA 39.150.6 ( ) 145188 (+13) 39.8-29.7 (-10.1)  6.5—0.8 (-5.7)
MedLesionVQA 32.252.6 ( ) 19.1-331.6 ( ) 322158 (-16.4) 16.4—0.0 (-16.4)
MedLesionMCQ 55.4—60.5 (+5.1)  12.3-324.6 ( ) 20.9-13.9 (-7.0)  11.2—0.9 (-10.3)
VQA-RAD ATASB7.0 (4£0.6)  11.0—-20.9 (+9.9)  19.9—15.1 (-4.8)  21.7—7.0 (-14.7)
PathVQA 43.8—74.5 ( ) 5.0—5.1 ( ) 33.6—16.8 (-16.8) 17.3—3.5 (-13.8)
MedXpertQA-MM  52.3—72.0 ( ) 44577 (+33) 3325176 (-15.6)  9.852.7 (-7.1)
MMMU-Medical 34.3—57.9 ( ) 6.1—18.9 ( ) 44.0—20.4 (-23.6) 15.6—2.8 (-12.8)
Overall 42.6—57.8 ( ) 13.6—16.0 (+2.1) 34.8-24.6 (-10.2)  8.9—1.6 (-7.3)

Answer Judging. We adopt a cascaded judging strategy: we first apply rule-based matching to extract and
verify answers; if the rule-based judge fails to extract a valid answer (e.g., the model produces verbose reasoning
without a clear option letter), we fall back to an LLM judge using Seed 1.5-VL [11]. The rule-based judge
handles multiple extraction patterns in priority order: (1) \boxed{. ..} extraction; (2) <answer>...</answer>
tag extraction; (3) pattern-based extraction (e.g., “answer is”, “final answer”); and (4) option letter inference
by stripping punctuation and identifying unique option letters. For yes/no questions, we detect the presence of
“yes” or “no” as standalone words in the response. For closed-ended VQA, we apply exact string matching after
lowercasing and stripping whitespace and punctuation. For open-ended VQA, we compute BLEU-1/2/3/4,
ROUGE-1/2/L, precision/recall/F1, and exact match (EM). Accuracy for open-ended questions is determined
by EM.

Training-Time Reward Judges.  The accuracy and consistency rewards used during RL are computed with
fixed external judge configurations. We use Seed-series model APIs as judge models. Judge calls are issued as
a single user message with deterministic decoding: temperature 0.0 and a maximum output length of 1024

tokens. The prompts, decoding parameters, and parsing rules are kept unchanged during training.

Accuracy reward. For multiple-choice samples, the accuracy reward first applies deterministic option matching.
If rule-based matching cannot determine correctness, an LLM judge extracts the option letter from the model
response using the following prompt. The placeholders {choices} and {response} are filled with the answer
choices and the model response, respectively:

You are an AI assistant that helps match responses to multiple-choice
options. You will be provided with: options, and the response. Your task
is to extract the option(s) from the response, which may contain a single
option or multiple options.

## Output Format

1. Only output the option letter(s), nothing else.
If all options are significantly different from the response, output
the + symbol.

3. You should output one or more uppercase option letters, e.g.,
ABCDEFGHIJ or +.

Options: {choices}
Response: {response}
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Output:

The extracted option string is uppercased and compared deterministically with the ground-truth option set.
The symbol + is treated as incorrect.

For open-ended samples, and as a fallback for multiple-choice samples whose option cannot be extracted, the
accuracy reward uses the following semantic judge prompt. The placeholders {question}, {answer}, and
{response} are filled with the question, reference answer, and extracted model answer, respectively:

You are a medical image QA judge. Evaluate the prediction based on
semantic consistency rather than response style.

Rules:

1. First extract the core conclusion from the model response, and judge
only the final answer.

2. Ignore verbose reasoning, explanations, suggestions, <think> content,
and extra modifiers in parentheses, as long as they do not contradict
the core conclusion.

3. Do not rely on the ground-truth answer too strictly or mechanically.
If the prediction is close to the ground truth in meaning, or is a
visually and medically reasonable approximation, it should be judged
as correct.

4. Especially for attributes such as size, length, color, area, and
extent, approximate but reasonable descriptions should be accepted,
and exact matching is not required.

The question is: {question}
The standard answer: {answer}
The user's answer: {response}

Please strictly follow the following format for output (0 represents
correct, 1 represents incorrect):

<think>{your concise think step}</think>

<judge>{0/1}</judge>

For this prompt, <judge>0</judge> is parsed as correct and <judge>1</judge> is parsed as incorrect. If no
judge response is returned or the tag cannot be parsed, the accuracy reward is set to 0.

Consistency reward. The consistency judge uses the following prompt. The placeholders {question},
{skill}, and {completion} are filled with the user question, the current online reflection memory injected
into the rollout, and the model trajectory with its final answer, respectively:

You are a strict medical VQA trajectory consistency judge.

Evaluate whether the model's final action/observation reasoning and
final output are logically consistent, and whether the model's action
logic follows the logic of the injected skill instruction.

Focus on two dimensions:

1. Final trajectory consistency: the last action, last observation,
reasoning process, and final answer should not contradict each other.
The final answer should be supported by the final
observation/reasoning rather than ignoring it.
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2. Skill-instruction/action-logic consistency: treat the injected skill
as a system-prompt instruction that describes how the model should
think, choose tools/actions, inspect evidence, eliminate options, and
decide the answer. Judge whether the model's actual action logic and
reasoning path are consistent with that skill logic. Do not require
the model to explicitly mention the skill. Penalize cases where the
model's action logic violates, skips, or contradicts the skill's
instructed reasoning procedure when the skill is applicable.

Do not judge answer correctness against ground truth. Only judge
internal logical consistency and whether the action logic follows the
injected skill instruction logic.

Question:
{question}

Injected skill:
{skill or '[empty]'}

Model trajectory and answer:
{completion}

Return only this XML format:
<think>brief reason</think>
<judge>0 or 1</judge>

Use <judge>0</judge> for consistent/aligned, and <judge>1</judge> for
inconsistent/misaligned.

The consistency judge output is parsed with a single XML-style tag rule: we extract the first match of
<judge>0</judge> or <judge>1</judge>. If no judge response is returned or the tag cannot be parsed,
the consistency reward is set to 0. A parsed <judge>0</judge> is mapped to R.ons = 1, and a parsed
<judge>1</judge> is mapped to R¢ons = 0. As described in the composite trajectory reward, this consistency
score is further gated by the result reward, so an internally coherent but incorrect answer cannot receive the
consistency bonus.

LLM Judge Prompts. When the rule-based judge fails, we use an LLM judge with the following prompts.
For open-ended VQA:

You are a medical image QA judge. Evaluate the prediction based on
semantic consistency rather than response style.

Rules:

1. First extract the core conclusion from the model response, and judge
only the final answer.

2. Ignore verbose reasoning, explanations, suggestions, <think> content,
and extra modifiers in parentheses, as long as they do not contradict
the core conclusion.

3. Do not rely on the ground-truth answer too strictly or mechanically.
If the prediction is close to the ground truth in meaning, or is a
visually and medically reasonable approximation, it should be judged
as correct.

4. Especially for attributes such as size, length, color, area, and
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extent, approximate but reasonable descriptions should be accepted,
and exact matching is not required.

The question is: {question}
The standard answer: {answer}
The user's answer: {response}

Please strictly follow the following format for output (0 represents
correct, 1 represents incorrect):

<think>{your concise think step}</think>

<judge>{0/1}</judge>

For multiple-choice questions where the option letter cannot be extracted by rule-based matching;:

You are an AI assistant that helps match responses to multiple-choice
options. You will be provided with: options, and the response. Your task

is to extract the option(s) from the response, which may contain a single
option or multiple options.

## Output Format
1. Only output the option letter(s), nothing else.

If all options are significantly different from the response, output
the + symbol.

. You should output one or more uppercase option letters, e.g.,
ABCDEFGHIJ or +.

Options: {options}
Response: {response}

Output:

Evaluation Prompts. In each template below, {question} is filled with the actual sample’s question,

{options} is replaced with sample’s multiple-choice answer options, and <image> is filled with the input
image. Below, we omit the [SOI] and [EOI] tokens wrapped around each image.

SLAKE. SLAKE contains both open-ended and closed-ended questions. For closed-ended questions:
<image>
{question}

Answer the question using a single word or phrase.

For open-ended questions:

<image>
{question}
Please answer the question concisely.

PMC-VQA. PMC-VQA is a multiple-choice dataset. We use the following prompt:

<image>

Question: {question}

Options:

{options}

Answer with the option's letter from the given choices directly.
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]

[
OmniMedVQA. OmniMedVQA is a multiple-choice dataset. We use the same prompt format as PMC-VQA.:

<image>
Question: {question}

Options:

{options}

Answer with the option's letter from the given choices directly.

VQA-RAD. VQA-RAD contains both yes/no and open-ended questions. For yes/no questions:

<image>
{question}
Please output 'yes' or 'no' (no extra output).

For open-ended questions:

<image>
{question}
Please answer the question concisely.

PathVQA. PathVQA contains both yes/no and open-ended questions. We use the same prompt format as

VQA-RAD. For yes/no questions:

<image>
{question}
Please output 'yes' or 'no' (no extra output).

For open-ended questions:

<image>
{question}
Please answer the question concisely.

MedXpertQA-MM. MedXpertQA-MM is a multiple-choice dataset. The question itself contains the options,

so we do not include a separate options block:

<image>
Question: {question}
Answer with the option's letter from the given choices directly.

MMMU-Medical. MMMU-Medical contains both multiple-choice and open-ended questions. For multiple-

choice questions:

<image>
{question}

{options}

Answer with the option's letter from the given choices directly.

For open-ended questions:
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<image>
{question}

Answer the question using a single word or phrase.

MedicallmageRUBenchmark-MCQ. MedicallmageRUBenchmark-MCQ is a multiple-choice dataset:

<image>

Answer the following multiple-choice question.
{question}

Options:

{options}
Directly answer with the option letter, do not provide any other information.

MedicallmageRUBenchmark-QA. MedicallmageRUBenchmark-QA is an open-ended VQA dataset. We
directly use the raw question without additional instructions:

<image>
{question}
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H Case Studies
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ZOOM bbox [405,485,498,805]1
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@ Web Evidence Verification

Localized erythema and swelling of the fingerjoints -
common disease manifestations

Sources: [1] Medical website A [2] Medical website B

Q: Which disease presentation is consistent with redness and swelling of the skin around
the finger joint in the image?

Model Responses: <think> The user needs to analyze redness and swelling around
the finger joint. I should zoom into the erythematous and swollen region using target
region [405, 485, 498, 805], imgidx 0, label “erythematous finger joint region”, and scale
2.0. </think>

<tool_call> {"name": "ZOOM", "arguments": {"imgidx": O, "label": "erythematous
finger joint region", "bbox_str": "[405, 485, 498, 805]", "scale": 2.0}} </tool_-
call>

<tool_response> {"status": "success", "images": ["<image>"]} </tool_response>

<think> The zoomed view shows erythema and swelling at an interphalangeal joint. I should
search for common diseases associated with localized skin erythema and swelling around a
finger joint. </think>

<tool_call> {"name": "SEARCH", "arguments": {"search_query": "localized skin
redness and swelling around finger joint common disease presentation"}} </tool_call>
<tool_response> {"status": "success", "images": [], "text": "Finger-joint redness
and swelling may be caused by trauma, infection, rheumatoid arthritis, gout, or
osteoarthritis. Infection may cause warmth, pain, fever, or pus; gout may cause
sudden severe pain; rheumatoid arthritis more often causes symmetric multi-joint
swelling."} </tool_response>

<think> This appears to be localized swelling and erythema around a single proximal
interphalangeal joint, without obvious ulceration or symmetric multi-joint involvement.
The image alone is not specific, so I should provide likely differentials and note that clinical
history and tests are needed. </think>

<answer> This localized redness and swelling at a single finger joint is not specific to one
disease. Compatible diagnoses include traumatic soft-tissue injury, acute gouty arthritis,
local bacterial infection, and insect-bite dermatitis. Rheumatoid arthritis is less consistent
because it usually presents with symmetric multi-joint involvement. Clinical history, serum

uric acid, inflammatory markers, and imaging are recommended for confirmation. </answer>

Figure A10 ZOOM & SEARCH. A case study demonstrating MIRA’s multi-step diagnostic reasoning on a skin
lesion image. The agent autonomously combines Z0OM to examine fine-grained visual details and SEARCH to retrieve
differential diagnoses, integrating both visual evidence and external medical knowledge to produce a well-reasoned,

structured diagnostic response.
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Q: How many ribs are present in vertical order on this chest radiograph?

Model Responses: <think> The user needs to count the number of ribs in vertical
order on this chest radiograph. First, I should start counting from the right posterior ribs,
since they are more clearly visible. I will mark the first rib, then proceed sequentially.
Looking at the right upper lung, the first rib is at [326, 135], the second at [329, 195], the
third at [333, 262], the fourth at [336, 329], the fifth at [338, 395], the sixth at [339, 461],
the seventh at [340, 528], the eighth at [339, 594], the ninth at [336, 661], the tenth at [330,
728], the eleventh at [320, 795]? Wait, I might be mistaken, or I need to carefully mark
each one. Now I will call the POINT tool to mark the ribs on the right side, from the first
to the last visible one. First, I determine the positions of the right posterior ribs: 1st rib
[315, 142], 2nd rib [318, 204], 3rd rib [321, 269], 4th rib [323, 336], 5th rib [325, 401], 6th
rib [326, 468], 7th rib [326, 535], 8th rib [325, 601], 9th rib [322, 668], 10th rib [318, 735],
11th rib [309, 802], 12th rib? It may be obscured by subdiaphragmatic structures. I will
call the POINT tool with imgidx 0 and mark each position for counting. </think>
<tool_call> {"name": "POINT", "arguments": {"imgidx": 0, "points": "[315,
142] [318, 204][321, 269][323, 336][325, 401][326, 468][326, 535][325, 601] [322,

6681 [318, 735]1[309, 802][299, 869]1"}} </tool_call>

<tool_response> {"status": "success", "images": ["<image>"]} </tool_response>
<think> Now I need to confirm the rib count on the left side to ensure bilateral symmetry. I
will mark the left posterior ribs using the POINT tool. Looking at the left side, I mark 12
points from top to bottom: [682, 139][680, 201][679, 265][678, 331][677, 396][676, 461][675,
527][674, 592][673, 657][672, 722][671, 787][670, 852], so that I can count the ribs on the
left side and confirm the number. </think>

<tool_call> {"name": "POINT", "arguments": {"imgidx": O, "points": "[682,
139] [680, 201][679, 265]1[678, 331]1[677, 396]1[676, 461][675, 527][674, 592] [673,

6571 [672, 722]1[671, 787]1[670, 852]1"}} </tool_call>

<tool_response> {"status": "success", "images": ["<image>"]} </tool_response>
<think> I now need to determine the number of ribs in vertical order on this chest radiograph.
I previously marked the ribs on both sides separately, with 12 on each side. Looking at the
marked points: the right side shows [315, 142] to [299, 869] with 12 points corresponding to
12 ribs; the left side shows [682, 139] to [670, 852] with 12 points corresponding to 12 ribs.
Unilateral 12 ribs, bilateral 24 ribs, the number of ribs in the vertical direction (posterior
ribs) is 12 per side, consistent with normal anatomy. The conclusion is that on this chest
radiograph, 12 ribs are visible in vertical (posterior) order per side, 24 ribs bilaterally, and
the unilateral vertical rib count is 12. </think>

<answer> Through bilateral rib marking on the chest radiograph: the right side shows 12
ribs in vertical (posterior) order at [315, 142][318, 204][321, 269][323, 336][325, 401][326,
468][326, 535][325, 601][322, 668][318, 735][309, 802][299, 869)]; the left side shows 12 ribs at
[682, 139][680, 201][679, 265][678, 331][677, 396][676, 461][675, 527][674, 592][673, 657][672,
722][671, 787][670, 852]. This count is consistent with normal adult rib anatomy (12 pairs,

24 ribs total). The vertical rib count per side is 12. </answer>

Figure A11 POINT. A case study demonstrating MIRA’s systematic anatomical counting on a chest radiograph. The
agent autonomously applies POINT to sequentially mark each rib on both the right and left sides, ensuring bilateral
verification for an accurate and evidence-based rib count.
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Q: What is the shape of this patient’s spinal cord?

Model Responses: <think> The user asks about the shape of the spinal cord. First,
I need to identify where the spinal cord is located on this axial CT. It should be within
the spinal canal, posterior to the vertebral body. I initially consider a few possible regions,
such as [438, 466, 498, 514] or [426, 432, 494, 505], but these may be too small or slightly
misplaced. To inspect the spinal cord morphology more clearly, I should zoom into the
broader spinal-canal region. I will call the ZOOM tool with imgidx 0, label “spinal cord
region”, bbox_ str [414, 426, 518, 526], and scale 2.0. </think>

ZOOM bbox [414,426,518,526]

<tool_call> "name": "Z0OOM", "arguments": {"imgidx": O, "label": "spinal cord
region", "bbox_str": "[414, 426, 518, 526]", "scale": 2.0}} </tool_call>
<tool_response> {"status": "success", "images": ["<image>"]} </tool_response>

<think> The region has been enlarged, and now I need to outline the structure rather than
only describe it from impression. The spinal cord should be inside the spinal canal behind
the vertebral body, between the posterior bony elements. Since the zoomed image is the
newly returned image, I should use imgidx 1. I will mark boundary points around the
cord-like structure and connect these points to make the contour easier to judge. </think>
<tool_call> {"name": "POINT", "arguments": {"imgidx": 1, "points": "[424,
4821 [412, 524][444, 572]1[496, 602] [652, 568] [570, 520]1[658, 480][492, 504]", "draw_-
line": true}} </tool_call>

<tool_response> {"status": "success", "images": ["<image>"]} </tool_response>
<think> Now I need to interpret the marked contour. The blue outline does not look like a
simple smooth oval. The point [496, 602] forms a posterior or inferior apex, while the upper
boundary has a shallow central indentation. This makes the contour appear somewhat
heart-shaped or triangular, possibly like an inverted teardrop. However, I should compare
the observed morphology with normal cervical axial CT descriptions before concluding.
</think>

<tool_call> {"name": "SEARCH", "arguments": {"search_query": '"normal cervical
axial CT spinal cord morphology"}} </tool_call>

<tool_response> {"status": "success", "images": [], "text": "Normal spinal
cord morphology on axial CT should be smooth and homogeneous, without obvious
enlargement, thinning, or deformation."} </tool_response>

<think> Based on the POINT outline and the reference information, the structure is not
smoothly round or oval. The contour is approximately triangular, with a posteriorly directed
apex and a central indentation along the anterior margin. This makes it resemble a heart
shape or inverted teardrop shape. </think>

<answer> The patient’s spinal cord on this axial cervical CT appears roughly triangular,

with the apex directed dorsally/posteriorly, giving it an inverted teardrop or heart-like

shape. The ventral/anterior margin shows a noticeable indentation and the contour is not

smoothly oval, suggesting possible deformation related to anterior compression. </answer>

Figure A12 ZOOM & POINT & SEARCH. A case study demonstrating MIRA’s reflective visual analysis of spinal
cord morphology on an axial cervical CT image. The agent first applies ZOOM to localize the spinal-cord region, then
uses POINT to trace the contour, and finally invokes SEARCH to compare the observed morphology with normal axial
CT appearance before producing a diagnostic description.
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Q: What is the size range of the yellow pigmented lesion on the index finger in the image?
Please describe it using familiar size references such as a needle tip, rice grain, or soybean.

Model Responses: <think> The user needs the size of the yellow pigmented lesion on
the index finger, described using intuitive references such as a needle tip, rice grain, or
soybean. First I should inspect the finger lesion carefully. The lesion is on the distal index
finger near the nail, so I can use the visible fingernail as a nearby anatomical reference. I
will measure the long axis of the yellow lesion, then compare it with a selected fingernail
segment to convert the visual impression into an approximate object-scale description.

</think>

<tool_call> {"name": "MEASURE", "arguments": {"imgidx": 0, "target_points":
"[502, 428][572, 512]", "reference_points": "[473, 198][556, 270]"}} </tool_call>
<tool_response> {"status": "success", "images": ["<image>"], "text": "Reference

pixel distance: 99 pixels. Target pixel distance: 94 pixels. Conclusion: the
target length is 0.95 times the reference length."} </tool_response>

<think> The MEASURE result shows that the lesion’s measured long axis is 94 pixels, while
the fingernail reference segment is 99 pixels. Therefore, the lesion is about 0.95 times
the selected fingernail segment, meaning it is nearly the same length as that reference. A
typical visible index-fingernail segment is around 1 cm in scale, so the lesion’s long axis is
also close to 1 cm. This is much larger than a needle tip, which would be sub-millimeter to
about 1 mm, and also larger than a typical rice grain, which is only several millimeters
long. Its size is most consistent with a soybean-scale lesion. </think>

<answer> The yellow pigmented lesion is approximately soybean-sized. Based on the

measurement, its long axis is 94 pixels, while the selected fingernail reference is 99 pixels,

so the lesion is about 0.95 times the reference length. Using the fingernail as a rough
anatomical scale, this corresponds to roughly around 1 cm. Thus, it is clearly larger than
a needle-tip-sized or rice-grain-sized lesion and is best described as about the size of a

soybean. </answer>

Figure A13 MEASURE. A case study demonstrating MIRA’s quantitative visual reasoning on a skin lesion image.
The agent applies MEASURE to compare the lesion’s long-axis length with a nearby fingernail reference, converting a
visual size judgment into an interpretable estimate using familiar object-scale descriptors.
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Q: Are there multiple circumferential opacities located throughout all lung fields?

Model Responses: <think> The user asks whether the chest radiograph contains
multiple circumferential opacities throughout all lung fields. I need to inspect both lungs
systematically, including the upper, middle, and lower lung zones. Because the question
depends on whether there are multiple spatially distributed findings rather than a single
focal lesion, I should use GROUNDING to mark all suspected ring-like opacities across both
lung fields. </think>

<tool_call> {"name": "GROUNDING", "arguments": {"label": "circumferential
opacities", "imgidx": O, "bbox_str": "[164, 375, 235, 446][275, 571, 338,

636] [115, 800, 169, 872][230, 726, 311, 801] [564, 351, 633, 424][650, 556, 711,

620] [645, 745, 716, 816][750, 827, 824, 906]"}} </tool_call>

<tool_response> {"status": "success", "images": ["<image>"]} </tool_response>

<think> Now I should verify whether the marked regions correspond to true pulmonary
ring-like opacities rather than normal structures or artifacts. The boxes cover both right
and left lungs: right upper, right middle, right lower, left upper, left middle, and left lower
zones. Several marked regions show round or ring-like opacities with relative central lucency.
Because the grounded boxes are distributed bilaterally and span multiple lung zones, the
finding is not a single localized opacity. The multi-box grounding result supports a positive
answer. </think>

<answer> Yes. The grounded regions show multiple circumferential or ring-like opacities
distributed across both lungs, including upper, middle, and lower lung fields. Their bilateral

and multi-zone distribution supports the conclusion that there are multiple circumferential

opacities throughout all lung fields. </answer>

Figure A14 GROUNDING. A case study demonstrating MIRA’s multi-target visual grounding on a chest radiograph.
The agent uses a single GROUNDING call to mark eight suspected circumferential opacities across bilateral lung zones,
distinguishing distributed pulmonary findings from a single localized lesion or simple zoom-based inspection.

A28



Q: Are there calcifications present on the abdominal aorta?
Model Responses: <think> The user asks whether calcifications are present on the

abdominal aorta. A coarse inspection does not show a confidently visible bright calcified
focus. However, this target is small and localized, so I should not finalize the answer from
a coarse view. I re-check the suspected abdominal-aorta region and decide to invoke Z0OM
for visual verification. </think>

<tool_call> {"name": "Z0OOM", "arguments": {"label": "abdominal aorta", "imgidx":
0, "bbox_str": "[420, 448, 525, 522]", "scale": 2.0}} </tool_call>

<tool_response> {"status": "success", "images": ["<image>"]} </tool_response>

<think> After zooming into the abdominal-aorta region, I observe a focal high-density signal
along the aortic wall. This directly supports the presence of calcification, so I correct the
initial uncertainty and ground the final answer in the zoomed evidence. </think>

<answer> Yes. The zoomed abdominal-aorta region shows a focal high-density calcified focus

along the vessel wall. </answer>

Figure A15 TEXTUAL REFLECTION. A case study demonstrating MIRA’s textual self-reflection on an abdominal
CT image. The agent first identifies uncertainty in the coarse view, then decides to re-check the abdominal-aorta
region before correcting the initial impression and producing an evidence-grounded answer.
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Q: What substance or tissue type can you see in this image?

Model Responses: <think> I need to identify the visible substance or tissue type in
this histology image. I first compare the options at the global level. A mucous gland
should show glandular lumens and secretory epithelium, while cartilage should show hyaline
matrix and lacunae; neither pattern is obvious. The field instead contains dark-purple
cellular aggregates and pale gaps, suggesting debris, but debris versus epithelial tissue is
still uncertain from the global view. I therefore start with GROUNDING over the full field to
inspect the overall morphology. </think>

<tool_call> {"name": "GROUNDING", "arguments": {"label": "full-field tissue
morphology", "imgidx": 0, "bbox_str": "[0, 0, 999, 999]1"}} </tool_call>
<tool_response> {"status": "success", "images": ["<image>"]} </tool_response>

<think> The full-field grounding confirms the global distribution, but it still does not show
enough local detail to distinguish debris from epithelial tissue. In particular, I need to check
whether the suspicious material has organized cell boundaries and epithelial architecture,
or whether it is amorphous and fragmented. Thus, the first tool result is not sufficient
for the fine tissue-type decision, and I refine the tool use by zooming into the suspicious

lower-right region. </think>

<tool_call> {"name": "ZOOM", "arguments": {"label": "suspicious debris region",
"imgidx": O, "bbox_str": "[650, 450, 990, 990]", "scale": 2.0}} </tool_call>
<tool_response> {"status": "success", "images": ["<image>"]} </tool_response>

<think> After zooming, I re-evaluate the local morphology. I still do not see glandular
lumens, secretory epithelium, cartilage lacunae, or a regular epithelial sheet. The zoomed
region instead appears as irregular, fragmented, structureless material, which supports
debris rather than organized tissue. </think>

<answer> D. </answer>

Figure A16 TOOL-LEVEL REFLECTION. A case study demonstrating MIRA’s tool-level reflection on a histology
image. The agent first uses GROUNDING for a global inspection, recognizes that the tool result is insufficient for a fine
tissue-type decision, and then refines the visual evidence with Z0OM before answering.
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