ACTOR: Agentic CT Reasoning with Radiologist-Aligned Actions
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Abstract

Radiologists read CT scans as a sequential
decision process, actively scrolling, zoom-
ing, adjusting windows, comparing with prior
scans, and measuring structures, where each
observation guides the next action. Cur-
rent VLMs instead answer from passively
sampled views, missing the multi-step rea-
soning that clinical reading demands. We
address this by aligning the agent’s action
space to radiologists’ operations within the
Picture Archiving and Communication Sys-
tem (PACS), enabling active, multi-step CT
reading with inherently transparent reasoning
for clinical decision support. In particular,
we build ACTOR, a unified framework com-
prising: (1) a PACS-like interactive CT en-
vironment with five radiologist-aligned tools;
(2) ActiveCTR-Bench, spanning 7 tasks
across a Perception—Interpretation—Reasoning
hierarchy (7,112 items with visual ground
truth and verified vision necessity); and (3) Ac-
tiveCTReasoner, a 7B model trained on
108K synthesized trajectories via SFT and
reinforcement learning. ActiveCTReasoner
achieves 73.2% close-ended accuracy, substan-
tially outperforming GPT-5.4 (47.3%). In
open-ended evaluations, it scores 44.2% com-
pared to 23.8% for the best baseline. A ra-
diologist collaboration study provides prelim-
inary evidence for the decision-support utility
of radiologist-aligned agentic reasoning.

1 Introduction

Clinical interpretation of CT scans is fundamen-
tally an active, sequential exploration process.
Radiologists do not passively observe static im-
ages. Instead, they engage in a dynamic workflow:
scrolling through hundreds of slices to locate le-
sions, switching window presets to differentiate
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tissues, zooming in to confirm morphological de-
tails, retrieving prior scans for temporal compar-
ison, and calculating precise geometric changes
of nodule growth. This reading workflow is in-
herently a sequential decision process, where ini-
tial observations shape subsequent findings, which
in turn dictate the next steps. An agentic system
should mirror this sequential decision-making pro-
cess to achieve robust and context-aware CT rea-
soning. However, current VLM-based systems (Li
et al., 2023; Bai et al., 2024; Chen et al., 2024a;
Pan et al., 2025) rely on a limited set of passively
sampled views to answer CT queries, a paradigm
that fundamentally conflicts with the active, multi-
step nature of clinical reading.

Recent agentic approaches (Mao et al., 2026;
Gu et al., 2026; Orlando et al., 2026) take an
important step by introducing tool-calling into
CT question answering. Yet their tools are task-
specific rather than aligned with standard clinical
operations; moreover, the agentic behaviors are
merely modulated via prompt engineering where
initial observations guide subsequent exploration.
On the evaluation front, existing benchmarks (Bai
etal., 2024; Zhu et al., 2026) rely heavily on report
text to derive ground truth, thereby restricting as-
sessment to perceptual tasks and failing to assess
cognitive reasoning.

We ground our approach in radiologist align-
ment, ensuring that every model action corre-
sponds to standard Picture Archiving and Commu-
nication System (PACS) operations in routine clin-
ical workflows. This alignment ensures that the
agent reads CT volumes through the same active,
multi-step workflow as clinical practice, and that
its reasoning trajectory is inherently transparent—
each intermediate state is a rendered image read-
able by clinicians.

To this end, we propose Agentic CT reasOn-

54593

Proceedings of the 2026 Conference on Empirical Methods in Natural Language Processing, pages 54593-54611
October 24-29, 2026 ©2026 Association for Computational Linguistics



ing with Radiologist-aligned actions (ACTOR)'
, a unified framework containing environment,
benchmark, and training. Specifically, we build
a PACS-like interactive CT environment equipped
with five radiologist-aligned tools. Inside this
environment, we introduce ActiveCTR-Bench, a
benchmark spanning 7 tasks across a Perception—
Interpretation—Reasoning cognitive hierarchy, fea-
turing 7,112 vision-necessary items paired with
rich visual ground truth. Leveraging this infras-
tructure, we train ActiveCTReasoner, a 7B VLM
that internalizes agentic reasoning via 108K trajec-
tory Supervised Fine-Tuning (SFT) followed by
GRPO reinforcement learning.
To sum up, our contributions are as follows:

* Radiologist-aligned agentic paradigm. A
PACS-like interactive environment where ev-
ery agent action mirrors a standard radiologi-
cal operation, unifying benchmark construc-
tion, model training, and clinical decision
support through inherent transparency.

¢ Co-designed benchmark and training.
ActiveCTR-Bench, the first 3D CT bench-
mark with verified vision necessity, visual
ground truth, and P-I-R cognitive coverage
(7 tasks, 7,112 items); paired with 108K
trajectory SFT and GRPO that internalize
agentic reasoning.

¢ Comprehensive empirical and clinical vali-
dation. Extensive evaluation across 21 mod-
els, supported by rigorous ablation and RL
analyses, demonstrates that ActiveCTRea-
soner achieves 73.2% close-ended accuracy
(vs. 47.3% for GPT-5.4) and a 1.9x gain
in open-ended LLM-Judge scores over the
leading baseline. Furthermore, a radiologist
collaboration study provides preliminary evi-
dence that transparent agent outputs can sup-
port readers under the study protocol, improv-
ing answer quality while reducing reading
time.

2 Related Work

Medical Image VQA Benchmarks. 3D med-
ical VQA has advanced through large-scale
datasets (Bai et al., 2024; Yu et al., 2025), hi-
erarchical CT evaluation (Zhu et al., 2026), and

!Code will be released at https://github.com/
gianxingyucode/ACTOR.

tool-calling benchmarks (Gu et al., 2026). No-
tably, RadlmageNet-VQA (Butsanets et al., 2025)
introduced blind-test vision necessity verification.
However, existing benchmarks predominantly de-
rive ground truth from report text and focus on
perception-level tasks. ActiveCTR-Bench comple-
ments these with visual ground truth, P-I-R cogni-
tive coverage, and longitudinal temporal support
(detailed comparison in § 3.3).

Agentic VLM. Tool-augmented agents (Schick
et al., 2023; Yao et al., 2022; Liu et al., 2025)
have been adopted in medical imaging for chest
X-ray interpretation (Chen et al., 2024b), multi-
modal medical reasoning (Li et al., 2024; Fallah-
pour et al., 2025), and 3D CT analysis. In the CT
domain, CT-Agent (Mao et al., 2026) decomposes
QA through anatomy-specific tools, CT-Flow (Gu
et al., 2026) implements tool-chain orchestration
via MCP, and MedScribe (Orlando et al., 2026)
acquires evidence through hypothesis-driven rea-
soning. However, these works primarily lever-
age existing VLM capabilities through prompting
or lightweight instruction tuning, without internal-
izing agentic reasoning via large-scale trajectory
training and RL. Moreover, their tool designs are
task-specific rather than aligned with the radiolo-
gists’ standard PACS operations.

RL-based Multimodal Reasoning. RL has pro-
gressed from RLHF alignment to reasoning-chain
optimization (Guo et al., 2025) and is extend-
ing to medical VLMs: MedVLM-R1 (Pan et al.,
2025) and Med-R1 (Lai et al., 2026) apply GRPO
for medical reasoning—all single-turn without
tool interaction. In tool-augmented RL, Ophi-
uchus (Jiang et al., 2025b) teaches models to
call tools within reasoning chains, and Med-
VistaGym (Lu et al., 2026) provides a scalable RL
environment—but both target 2D images. To our
knowledge, no prior work has conducted multi-
turn tool-augmented RL on 3D medical volumes.

3 ACTOR

We present ACTOR, a unified framework span-
ning environment, data, and training, as illustrated
in Fig. 1. Every model action is aligned to a ra-
diologist’s standard PACS operation, and every in-
termediate state is rendered as a human-readable
image, ensuring inherently transparent reasoning.
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Figure 1:
radiologist-aligned tools, and receives observation o; (a rendered 2D image) from the PACS-like CT environment.
The loop continues until the agent issues a final answer.

3.1 PACS-Aligned CT Environment

We build a PACS-aligned CT simulator as the in-
teractive environment. It wraps 3D CT volumes,
tracks the current slice, zoom region, and window
preset, and renders 2D observations after each tool
call. Each window preset is specified by a width—
level pair, i.e., width (W) and level (L), mapping
raw Hounsfield Units to display intensities. For ex-
ample, the lung window (W = 1500, L = —600)
highlights airspace, whereas the mediastinum win-
dow (W = 350, L = 50) emphasizes soft tissue.
For longitudinal tasks, the simulator jointly loads
current and prior scans.

Given a CT volume
, where D denotes the slice dimen-
sion and H x W specifies the spatial resolution of
each slice, the agent performs sequential decision-
making conditioned on the task query gq.

> State: At time step ¢, the agent state is defined
as sy = (2, b, wy), where z; C {1,...,D} de-
notes the set of slice indices selected at time step
t, while b; and w; denote the bounding box and
radiological window preset shared across these se-
lected slices, respectively.

> Action space: The action space is defined as
A = Aioo1 U Aterminal, Where Aioo includes five
radiological tools: scroll, zoom in, set window,
compare with prior, and measure lesion. Under
this design, Aerminal contains only one action that
ends the episode, and produces the final response.
> Observation: After executing action a;, the sim-
ulator returns an observation o, either a 2D image
for navigation or comparison, or structured quan-
titative output for measurement, from which the
next state is updated as s;+1 = fstate(St, 01)-

> Policy: The VLM-based policy g

Problem Formalization.
Ve RD xHxW

ACTOR framework. At each step ¢, the agent produces reasoning 7, selects action a; from five

Table 1: Mapping of tools to PACS operations and their
corresponding outputs. Output of each tool is either a
rendered 2D image or structured data.

Tool PACS Operation Output

scroll(z)
zoom_in(region)
set_window(preset)
compare_prior(z)
measure_lesion(t)

Axial view at z
Cropped view
Re-rendered image
Side-by-side pair
Structured data

Scroll to slice
Magnify ROI
Adjust window/level
Retrieve prior
Measurement tool

(q, st, ht) — a; maps the task query, current state,
and interaction history to the next action, where

hy = {ai,oi}’;é records previous actions and
observations. This process induces a trajectory
7 = {r;,a;,0;}]_,, in which the model gener-

ates reasoning 7, selects an action a; € A, and
receives simulator feedback o; = Sim(V, s, ay).
The episode ends when a7 € Aierminal, produc-
ing the final response y evaluated against y* via a
reward function R(y, y*).

Tool Definition. We design five tools that di-
rectly mirror the radiologists’ standard PACS oper-
ations, as summarized in Tab. 1. Since all interme-
diate outputs are rendered 2D images, every rea-
soning step is human-readable and auditable, en-
abling radiologists to directly review agent reason-
ing as clinical decision support.

3.2 Data Pipeline

Raw Data Collection. We collect data from two
complementary sources, as shown in Step 1 of
Fig. 2. CT-RATE (Hamamci et al., 2024) is
one of the largest chest CT datasets, compris-
ing 21,304 patients, 25,692 volumes, and approxi-
mately 8.9M slices, with paired reports and abnor-
mality labels. TotalSegmentator (Wasserthal et al.,
2023) extracts anatomy masks for 104 structures
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Figure 2: Data pipeline overview. Raw CTs are

processed with TotalSegmentator to obtain anatomy
masks, from which a VQA generator produces 183K
samples. Vision necessity filtering retains 108K sam-
ples, which are then converted into multi-turn agentic
trajectories (108K trajectories, 1M rendered slices) via
action planning, PACS rendering, and think-filling.

from raw CTs, providing visual ground truth such
as lesion volumes, lobe masks, and organ-level
changes. We further construct longitudinal scan
pairs from the same patient at different time points,
yielding 4,125 training pairs and 261 validation
pairs with a median interval of 74 days. These
pairs support temporal tasks that require compar-
ison between current and prior scans.

VQA Construction. Using the collected data,
we build a VQA generator that takes anatomy
masks, report text, and metadata as input, produc-
ing 183K raw VQA samples across all seven tasks,
as shown in Step 2 of Fig. 2. For each sample,
the LLM is provided with structured mask-derived
features, including lesion volumes, lobe distribu-
tions, and longitudinal changes, together with re-
port context, and then generates both the question
and the corresponding answer. Quality control
is performed by cross-checking all generated an-
swers against rule-based ground truth determinis-
tically computed from mask voxels, such as lesion
volume from segmentation and lobe membership
from spatial coordinates. Samples that fail these

consistency checks are discarded.

Vision Necessity Filtering. To ensure genuine
visual reasoning, as shown in Step 3 of Fig. 2,
we run Qwen2.5-VL-7B in text-only mode with
8 rollouts and no images, removing samples an-
swerable without visual evidence. Questions are
first rewritten with visual-anchoring prefixes to re-
duce text leakage; samples exceeding task-specific
text-only accuracy thresholds are then discarded,
with 7 = 0.6 for 4-way MCQ and 7 = 0.7 for
3-way MCQ and Yes/No questions. Open-ended
tasks are retained because their ground truth con-
tains mask-derived quantitative information. This
yields 108K vision-necessary VQA samples.

Trajectory Synthesis. Vision-necessary VQA
samples are converted into multi-turn agentic tra-
jectories in three steps, as shown in Step 4
of Fig. 2. First, GPT-5.4 plans an interaction
skeleton with the tool sequence and target ob-
servations. Second, the PACS simulator exe-
cutes each tool call and renders the correspond-
ing CT views, with TotalSegmentator providing
volumetric measurements for measure_lesion.
Third, an LLM fills in turn-level reasoning traces
within <think>...</think>.  This process pro-
duces 108,085 complete trajectories, averaging
14.5 turns and covering 1M rendered CT slices.

RL Data Curation. To construct RL training
data, we roll out the SFT model on training sam-
ples and retain moderately difficult samples with
pass_rate € [0.25,0.625], where the model suc-
ceeds intermittently but not consistently. This se-
lection yields 12,011 samples for policy optimiza-
tion.

3.3 ActiveCTR-Bench

P-I-R Cognitive Framework. We propose a
three-level framework that models the radiologists
reading process, with task examples shown in
Fig. 3 and statistics detailed in Tab. A.1: Per-
ception, attending to relevant regions (lesion de-
tection, anatomical localization); Interpretation,
translating visual evidence into clinical judg-
ments (measurement grading, change classifica-
tion, region-level reporting); Reasoning, integrat-
ing multi-step clinical inference across temporal
intervals and imaging changes.

Design Criteria. ActiveCTR-Bench follows
five criteria: (1) Vision Necessity, where removing
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Figure 3: ActiveCTR-Bench task overview. Each card shows a representative question with the agent’s multi-turn

agentic trajectory (think — tool call — answer).

Table 2: Benchmark comparison across five dimen-
sions: blind-test verification (Blind), visual ground
truth (Vis. GT), cognitive levels (Cog.), temporal rea-
soning (Temp.), and agentic evaluation (Agent.). Sym-
bols v/, ¥, and X indicate full support, partial support,
and absence, respectively.

Blind Vis. GT Cog. Temp. Agent.

M3D-VQA X X P X X
3D-RAD X X P s X
CT-Bench X s P X X
RadlmgNet-VQA v/ v P X X
MedFrameQA X s P X X
CT-FlowBench X s P X v
Ours v v P-I-R v v

images reduces accuracy to near chance; (2) Vi-
sual Ground Truth, where answers come from
image tools rather than report text; (3) Non-Trivial
Reasoning, requiring at least one intermediate
step; (4) Clinical Validity, ensuring genuine
radiological judgment; and (5) Evaluability, with
unique MCQ answers and structured rubrics
for open-ended questions. Tab. 2 compares
ActiveCTR-Bench with existing benchmarks
along these axes.

Evaluation Protocol. For closed-ended tasks,
we report accuracy based on exact answer-letter
matching. For open-ended tasks, we adopt LLM-
J, an LLLM-as-Judge metric, as the primary evalu-
ation. GPT-5.5 scores each prediction against the
ground truth along five rubric dimensions: finding
coverage, anatomical and clinical precision, quan-
titative accuracy, change and temporal reasoning,
and faithfulness. Each dimension is scored from

0 to 2, yielding a total score from O to 10 that
is linearly scaled to O to 100, as detailed in Ap-
pendix D.4. For completeness, we provide the def-
initions of four auxiliary N-gram-based metrics in
the appendix: ROUGE-L, Token-F1, Numerical
Recall, and Direction Match.

4 Training of ActiveCTReasoner

ActiveCTReasoner is built upon the Qwen2.5-
VL-7B architecture and trained via a two-stage
paradigm: while SFT instructs the model what
tools to invoke and how to format interactions, RL
optimizes how to strategically deploy them. This
progressive training mirrors the professional tra-
jectory of a radiologist advancing from a novice
trainee mastering basic PACS operations to an at-
tending physician strategically gathering evidence
to formulate definitive clinical decisions.

4.1 Supervised Fine-Tuning

SFT teaches the base model fundamental tool-
calling patterns for interacting with the PACS-
aligned CT environment (§ 3.1): when to invoke
each tool, how to format arguments, and how
to interpret rendered observations. We fine-tune
Qwen2.5-VL-7B on the 108K trajectories (§ 3.2),
freezing the vision tower and projector. The train-
ing objective is causal LM with response-only
loss: cross-entropy is computed exclusively over
response tokens (reasoning, tool calls, and an-
swers) while prompt tokens are masked. After
SFT, the model reliably produces well-formed tool
calls (99.8% normal termination), establishing the
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behavioral foundation for RL to optimize tool-use
strategies. Configuration in Tab. A .4.

4.2 Agentic Reinforcement Learning

Building on the SFT model, RL further optimizes
tool-use strategies by encouraging the model to ac-
tively gather sufficient visual evidence and incor-
porate observations into clinical reasoning, simi-
lar to how radiologists decide which views to in-
spect and how many measurements to perform.
We adopt GRPO (Shao et al., 2024) for this
stage, which performs policy optimization through
group-relative advantage estimation without re-
quiring a critic model. This makes it well suited
for multi-turn agentic trajectories where rewards
are only available at trajectory termination. Dur-
ing RL, the model interacts with the environment
(§ 3.1): each rollout yields a complete trajectory,
and the final answer is scored against the ground
truth. Training uses the 12,011 RL samples cu-
rated by pass-rate filtering (§ 3.2).

Reward design. We jointly train the model on
all seven tasks with task-specific rewards. For
closed-ended tasks, we define the multiple-choice
reward as follows:

Runicq = I[correct] — 0.1 - Ifinvalid], (1)

where [[-] is the indicator function, returning 1
when the condition holds and 0 otherwise. Invalid
responses refer to outputs that do not contain a
valid answer option. For open-ended tasks, we use
a composite reward to emphasize both textual qual-
ity and quantitative correctness:

Ropen = Zme/\/l Win R, (2)

where M = {RL,NR,F1,DM} denotes four
reward metrics: ROUGE-L, Numerical Recall,
Token-F1, and Direction Match. We use weights
(wRL, WNR,, WF1, ’LUDM) = (0.3, 0.3,0.2, 0.2) to
measure structural completeness, quantitative ac-
curacy, lexical coverage, and change-direction cor-
rectness. The quantitative terms Rngr and Rpyg re-
ceive a total weight of 0.5, discouraging fluent but
numerically inaccurate responses. We report the
training configuration in Tab. A.4.

S Experiments

In this section, we first describe the experimen-
tal setup in § 5.1, then evaluate ActiveCTR-
Bench from four perspectives: overall perfor-

mance in § 5.2, tool-calling behavior in § 5.3, abla-
tion settings in § 5.4, and radiologist collaboration
in § 5.5.

5.1 Setup

Models. We evaluate 21 external baseline mod-
els: 5 proprietary models, 5 general-purpose
VLMs, and 11 medical VLMs, and compare
them with two ACTOR variants in the main
leaderboard. These include GPT-5.4 (Ope-
nAl, 2026)/5.2 (OpenAl, 2025), Gemini-3.1-
Pro (Google DeepMind, 2026)/Flash (Google
DeepMind, 2025), Claude Opus 4.6 (Anthropic,
2026); InternVL3.5-38B/14B/8B (Zhu et al.,
2025) and Qwen2.5-VL-32B/7B (Bai et al., 2025);
and medical VLMs including Lingshu (Xu et al.,
2025), MedGemma (Sellergren et al., 2025),
HuatuoGPT-Vision (Chen et al., 2024a), Hulu-
Med (Jiang et al., 2025a), MedVLM-R1 (Pan
et al., 2025), LLaVA-Med (Li et al., 2023), M3D-
LaMed (Bai et al., 2024), and RadFM (Wu et al.,
2025).

Metrics. For closed-ended tasks, we report accu-
racy across four tasks. For open-ended tasks, we
use LLM-J as the primary metric, where GPT-5.5
scores each prediction on five rubric dimensions,
each ranging from 0 to 2, and the total score is
scaled to 0100.

Protocol. We evaluate on 7,112 items, including
4,214 closed-ended and 2,898 open-ended items.
Baselines receive single-turn pre-rendered best-
view images with per-task image counts matched
to the agentic setting, while our model explores
CT volumes through multi-turn tool calls. All fi-
nal answers are scored with the same metrics.

5.2 Main Results

Full results are shown in Tab. 3. ActiveCTRea-
soner achieves 73.2% closed-ended accuracy, a
55% relative improvement over GPT-5.4, and 44.2
open-ended LLM-J, which is 1.9x the best base-
line. The advantage is most pronounced on
tasks requiring tool-derived quantitative evidence:
Measurement, with 98.6% vs. 59.4% for GPT-
5.4, and Localization, with 61.4% vs. 41.0% for
InternVL3.5-38B, where tool-based volumetric
computation and spatial grounding replace impre-
cise visual estimation. On open-ended tasks, Dual-
Source shows the largest gap, 29.3 vs. 15.2 LLM-
J, as longitudinal quantification requires an ex-
plicit workflow combining compare_with_prior
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Table 3: Performance evaluation on the ActiveCTR-Bench (7,112 items). We report accuracy (%) for closed-ended
tasks and LLM-J (a 0-100 score judged by GPT-5.5 on 5 dimensions) for open-ended tasks. The best and second-
best results are bolded and underlined, respectively. Green subscripts denote improvement over the base model
(Qwen2.5-VL-7B). The evaluated task categories include Presence (Pres.), Localization (Local.), Measurement
(Meas.), ChangeClass (Change.), RegionReport (RegRpt.), RegionReasoning (RegReas.), and DualSource (Dual-

Src.).

closed-ended (Accuracy %)

Open-ended (LLM-J)

Model Pres. Local. Meas. Change. Avg. RegRpt. RegReas. DualSrc. Avg.
Proprietary API Models

GPT-5.4 (OpenAl, 2026) 68.4 29.3 59.4 323 47.3 21.9 26.9 15.2 22.7
GPT-5.2 (OpenAl, 2025) 65.3 34.1 53.5 30.4 45.8 24.6 27.2 14.5 23.8
Gemini-3.1-Pro (Google DeepMind, 2026)  59.9 34.6 57.3 30.9 45.7 19.8 13.0 12.4 15.7
Claude Opus 4.6 (Anthropic, 2026) 58.7 324 47.7 31.8 42.7 14.0 6.9 8.7 10.1
Gemini-3-Flash (Google DeepMind, 2025)  59.6 7.0 30.5 4.6 25.4 20.0 19.5 19.8 19.7
General-Purpose VLMs

InternVL3.5-38B (Zhu et al., 2025) 59.5 41.0 324 29.7 40.6 19.5 12.7 7.6 14.6
InternVL3.5-14B (Zhu et al., 2025) 57.4 34.8 41.0 29.9 40.8 16.5 12.8 6.6 13.2
InternVL3.5-8B (Zhu et al., 2025) 57.9 335 31.2 22.7 36.3 17.5 15.5 6.7 14.7
Qwen2.5-VL-32B (Bai et al., 2025) 51.5 35.1 29.8 27.1 359 17.7 12.6 12.0 14.6
Qwen2.5-VL-7B (Bai et al., 2025) 493 31.8 42.0 20.3 35.8 22.7 20.4 20.9 214
Medical VLMs

Lingshu-32B (Xu et al., 2025) 57.8 342 449 26.4 40.8 20.0 15.5 14.1 17.1
MedGemma-27B (Sellergren et al., 2025) 57.7 31.1 37.4 23.5 37.4 21.4 14.0 5.5 15.5
Lingshu-7B (Xu et al., 2025) 54.8 32.0 354 24.6 36.7 16.4 14.1 6.9 13.8
Hulu-Med-7B (Jiang et al., 2025a) 56.4 30.0 36.4 22.2 36.2 224 20.9 20.0 214
HuatuoGPT-V-34B (Chen et al., 2024a) 51.7 27.3 32.0 30.1 353 16.0 15.7 11.7 15.1
MedVLM-R1-2B (Pan et al., 2025) 48.2 30.5 39.5 21.3 349 16.1 9.1 4.9 11.2
MedGemma-4B (Sellergren et al., 2025) 56.4 27.5 29.3 22.4 33.9 17.3 10.7 9.6 13.2
HuatuoGPT-V-7B (Chen et al., 2024a) 60.1 22.6 20.0 224 31.3 14.4 9.4 6.0 10.8
LLaVA-Med-7B (Li et al., 2023) 49.6 0.1 4.6 16.3 17.7 17.1 19.2 22.6 18.9
M3D-LaMed-4B (Bai et al., 2024) 26.5 6.0 5.1 4.6 10.6 14.0 13.7 16.5 14.3
RadFM (Wu et al., 2025) 59 4.0 0.3 0.0 2.6 10.9 17.0 14.3 14.0
Ours (Agentic Multi-turn, base: Qwen2.5-VL-7B)

ActiveCTReasoner-SFT 67.8+185 58.8+27.0 97.3+553 50.6+303 68.6+328 45.6+229 44.4+240 22.6+17 41.0+196
ActiveCTReasoner 75.4+261 61.4+296 98.6+566 57.4+37.1 73.24374 48.5:258 46.4+260 29.3:84 44.2:2238

and repeated measure_lesion calls that single-
turn models cannot replicate. GRPO further im-
proves over SFT by 4.6pp closed-ended and 3.2pp
LLM-J. The gain concentrates on measurement-
intensive tasks, including DualSource with 6.7pp
and Measurement with 1.3pp, indicating that RL
optimizes evidence gathering, as analyzed in § 5.3.

5.3 Tool Analysis

We analyze the differences in tool-calling be-
havior between the SFT and RL models on the
ActiveCTR-Bench validation set. Fig. 4 visualizes
the distribution of tool calls across different task
types for both models.

SFT establishes task-driven specialization.
The solid bars in Fig. 4 show that SFT learns

tasks always call compare_with_prior; (5) com-
plex tasks chain multiple tools: DualSource
averages 7.50 steps with 4.0 measure_lesion
calls. The model achieves 99.8% normal termina-
tion (7,098 / 7,112 items).

RL selectively intensifies measurement. Com-
paring solid and hatched bars, RL’s effect is con-
centrated on a single tool: measure_lesion in-
creases by +0.51 calls/trajectory overall, while all
other tools remain unchanged (A < 0.05). The in-
crease is task-adaptive (DualSource +2.3, Region-
Reasoning +1.3, RegionReport +0.6) while closed-
ended tasks stay flat.

This mirrors how radiologists strategically
repeat measurements to ensure quantitative
confidence—RL aligns the model toward this

. . . . evidence-gathering behavior without explicit
structured tool recipes mirroring radiologist work- supervision
flows: (1) scroll is the universal first step (1.00 p ’
in every task); (2) perception tasks (Presence/Lo- Two mechanisms of RL improvement. Fig. 5

calization) use only scroll+zoom_in (1.78-
2.00 steps); (3) Measurement always invokes
measure_lesion (100%); (4) all longitudinal

shows average tool-calling rounds rising steadily
during RL training, confirming that RL learns to
explore more. Yet closed-ended tasks maintain
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Figure 4: Per-task average tool calls per trajectory.
Solid bars and hatched bars represent the SFT model
(avg. 3.69 steps) and RL model (avg. 4.19 steps), re-
spectively. Notably, the RL model selectively increases
the usage of measure_lesion in open-ended tasks.
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Figure 5: Average number of tool-calling rounds dur-
ing RL training. The count increases steadily from 3.97
to 4.69 (+18%), surpassing the SFT baseline (4.18) at
an early stage.

stable tool patterns while improving significantly
(Presence +7.6pp, ChangeClass +6.8pp), indicat-
ing these gains come from better decision quality
over the same observations rather than additional
exploration. In summary: SFT teaches what tools
to use; RL teaches how much to use them.

5.4 Ablation Study

As shown in Tab. 4, DirectQA and TextCoT eval-
uate the same SFT model in non-agentic, single-
turn settings with oracle images. In contrast,
the agentic multi-turn setting achieves an LLM-J
score of 41.0, more than doubling DirectQA (17.7)
and TextCoT (18.2). This indicates that interac-
tive tool access, rather than the reasoning format
alone, is the primary driver of open-ended answer

Table 4: Ablation study. DirectQA/TextCoT: non-
agentic single-turn with pre-rendered oracle images.

Acc. (%) LLM-J (0-100)

Non-Agentic (oracle images)
DirectQA
TextCoT

44.7 17.7
41.5 18.2

Table 5: Results of the radiologist collaboration study
involving N = 3 radiologists and 100 cases. Per-
formance is measured using multiple-choice question
(MCQ) accuracy for closed-ended tasks and LLM-J
quality scores for open-ended tasks.

Acc. (%) LLM-J (0-100) Time (min)
100-case results
RAD. 68.8 £ 15.0 33.0+4.0 42+1.3
Agent 71.4+83 40.0 £ 11.0 04+£0.1
RAD. + Agent 76.0 + 16.7 44.0 + 7.0 28 +0.9
p-value vs. RAD. 0.0039 <0.016 < 0.01

quality. The agentic setting also substantially im-
proves closed-ended accuracy from 44.7 to 68.6
(+23.9pp), largely driven by the pronounced gain
on Measurement (97.3 vs. 35.1).

Additional analyses are reported in Appendix C.
Tool-prompted VLMs with access to the same five
PACS tools remain far below ActiveCTReasoner,
and structured-tool removal mainly degrades the
tasks that require the removed computation, indi-
cating that the gains are not explained by tool ac-
cess alone.

5.5 Radiologist Collaboration Study

To obtain preliminary evidence for the decision-
support utility of the radiologist-aligned paradigm,
we conduct a radiologist collaboration study com-
paring three conditions on 100 cases sampled from
the ActiveCTR-Bench validation set, and addition-
ally report variability estimates and paired statisti-
cal tests.

Setup. Professional radiologists independently
evaluated each case under three conditions:
(A) Radiologist alone: standard PACS-based read-
ing; (B) Radiologist + Agent: ActiveCTReasoner
provides a candidate report with step-by-step rea-
soning, and the radiologist reviews, corrects, and
finalizes; (C) Agent alone: no human involvement.
All conditions are evaluated on closed-ended accu-
racy, open-ended LLM-J, and time per case.
Preliminary results are reported in Tab. 5. Ra-
diologist + Agent improves LLM-J to 44.0, 11.0
points over Radiologist alone, and closed-ended
accuracy to 76.0%, 7.2pp higher, while reducing
average reading time by about one third, from 4.2
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to 2.8 min per case. These gains suggest that
the agent’s pre-computed measurements and struc-
tured reasoning provide a strong draft for radiolo-
gists to verify and refine. Radiologist + Agent also
outperforms Agent alone on open-ended tasks,
with 44.0 vs. 40.0 LLM-J, validating the trans-
parency design: each agent step is rendered as a
human-readable image, enabling radiologists to in-
spect and improve the reasoning with clinical ex-
pertise. On closed-ended tasks, Agent alone ex-
ceeds Radiologist alone, 71.4% vs. 68.8%, mainly
driven by Measurement, where tool-based quantifi-
cation replaces imprecise visual estimation.

6 Conclusion

We present ACTOR, a CT reasoning framework
that aligns agent actions with standard PACS oper-
ations, making each intermediate state a human-
readable image for transparent clinical decision-
making. We build ActiveCTR-Bench with 7 tasks
and 7,112 vision-verified items, synthesize 108K
multi-turn trajectories, and train ActiveCTRea-
soner, a 7B model optimized with SFT and GRPO.
ActiveCTReasoner achieves 73.2% closed-ended
accuracy and 44.2 LLM-J, substantially outper-
forming strong baselines. Further analyses show
that tool images provide task-critical visual evi-
dence, while RL improves quantitative reasoning
by encouraging more intensive measurement. A
radiologist collaboration study provides prelimi-
nary evidence that transparent step-level outputs
can improve answer quality (+11.0 LLM-J) and ef-
ficiency (—33% reading time) under the study pro-
tocol, suggesting a path from passive single-turn
CT QA toward active, multi-step decision-support
research.

Limitations

Our study is currently limited to a 7B-scale
backbone due to computational constraints. Al-
though the proposed framework already demon-
strates strong performance, exploring larger mul-
timodal models and longer-horizon training may
further improve reasoning and tool-use capabili-
ties. In addition, progress in agentic medical rea-
soning is constrained by the limited availability
of large-scale open-source clinical datasets with
high-quality annotations and interaction supervi-
sion. Future work may benefit from richer open
medical datasets and more diverse real-world clin-
ical trajectories.
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A Implementation Details

In this section, we provide comprehensive details
regarding the experimental setup to ensure repro-
ducibility and clarity. We begin by characteriz-
ing the composition of the ActiveCTR-Bench val-
idation split and its underlying three-level reading
framework in Appendix A.l. Subsequently, we
outline the specific configurations employed dur-
ing the SFT and GRPO stages in Appendix A.3.
Finally, we analyze the task distribution strategies
in Appendix A.4 to balance performance across
different cognitive levels.

A.1 Benchmark Setup.

To characterize the composition of the validation
split, we summarize the statistics of ActiveCTR-
Bench in Tab. A.1. The benchmark is organized ac-
cording to the proposed three-level reading frame-
work, covering perception, interpretation, and rea-
soning tasks. For compactness, we denote these
three levels as P, I, and R, respectively. Each
task is associated with visual ground truth derived
from automated visual tools, ensuring that eval-
uation is grounded in verifiable image-based evi-
dence rather than purely textual annotations.

Table A.1: Statistics of ActiveCTR-Bench validation
set.

Task Lvl Type Val GT Source
Localization P 4-MCQ 1,295 Lobe masks
Presence P Yes/No 1,000 Al clf. labels
Measurement 1 3/4-MCQ 958 Mask volume
ChangeClass 1 4-MCQ 961 Report + mask verif.
RegionReport 1 Open 1,188 Multi-source
RegionReas. R Open 1,188 Multi-source
DualSource R Open 522 Multi-source
Total 7,112 samples

A.2 Benchmark Provenance and Radiologist
Audit

We make the provenance of each task explicit in
Tab. A.2. LLMs are used for clinically natural
wording or synthesis conditioned on structured ev-
idence; they are not the sole source of benchmark
ground truth. Reference answers are anchored
in CT-RATE reports and labels, TotalSegmentator-
derived masks, lobe masks, metadata, longitudinal
scan pairing, and deterministic mask-derived mea-
surements.

To further assess benchmark validity, three
board-certified radiologists audit 210 sampled
cases, stratified as 30 cases per task. As shown in

Tab. A.3, each item is rated on a 0-2 scale, where 0
denotes unsupported or invalid, 1 denotes accept-
able with minor caveats, and 2 denotes fully ac-
ceptable. An item is counted as majority-passed
when at least two of the three radiologists assign a
score of 1 or higher.

All audit criteria achieve majority-pass rates
above 91%. The only error rate above 5% is vi-
sual necessity, where 8.6% of audited cases were
judged partially inferable from clinical context but
still requiring image confirmation for full correct-
ness.

A.3 Training configuration.

Tab. A.4 summarizes the hyperparameters for both
SFT and GRPO stages. SFT trains on 108K multi-
turn trajectories (avg. 14.5 turns) for 2 epochs with
frozen vision components. GRPO starts from the
SFT model and runs for 6 epochs with 8 rollouts
per prompt. We freeze the vision tower and MM
projector throughout both stages to preserve visual
grounding while focusing capacity on reasoning
and tool-calling.

A.4 Task distribution.

The rightmost panel of Tab. A.5 shows per-task
counts. SFT is roughly uniform across tasks
(13%—-18% each) except DualSource (3.8%, lim-
ited by longitudinal pairs). RL upsamples Lo-
calization and ChangeClass (25% each) to focus
on tasks where the model has moderate difficulty;
Presence is resampled to 50:50 Yes/No to correct
label imbalance.

B Tool Specifications

This section details the suite of external tools in-
tegrated into our framework to enhance visual
grounding and quantitative reasoning. We first
specify the API interfaces for each tool, describ-
ing their input parameters and multimodal return
formats in Appendix B.1. Subsequently, we an-
alyze the empirical usage patterns of these tools
during inference in Appendix B.2.

B.1 API specification.

Tab. B.6 provides the complete tool API. Each tool
returns a text—image tuple, where the text contains
structured data or execution confirmation and the
images are rendered 2D views from the PACS sim-
ulator. The default window preset is lung (W =
1500, L = —600). The scroll tool renders six
uniformly spaced key frames within the requested
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Table A.2: Per-task ground-truth provenance. LL.Ms are used for wording or trajectory synthesis; reference answers
are anchored in traceable CT/report/mask/metadata evidence.

Task Question source Answer / GT source LLM role
Presence Report finding + visual evidence Abnormality label / report-mask consistency Question phrasing
Localization Lesion/anatomy metadata Lobe mask / spatial location Question phrasing
Measurement Lesion/structure target Segmentation-derived measurement Question phrasing
ChangeClass Prior-current reports + masks Longitudinal report/mask consistency Question phrasing
RegionReport Region-specific evidence Report + mask-derived visual evidence Wording / synthesis
RegionReasoning Region evidence + metadata Visual/quantitative evidence + clinical rationale Wording / synthesis
DualSource Prior-current multi-source evidence Longitudinal visual/mask/report evidence Wording / synthesis
Table A.3: 210-case benchmark validity audit by three radiologists.

Audit criterion Mean score (0-2) Majority-pass  Error rate

Clinically meaningful question 1.88 100.0% 0.0%

Clear and answerable question 1.19 98.1% 1.9%

Correct/defensible answer 1.34 99.5% 0.5%

GT source appropriate and traceable 1.49 100.0% 0.0%

Answer supported by CT/mask/report/metadata evidence 1.15 99.0% 1.0%

Visual evidence necessary 1.76 91.4% 8.6%

Table A.4: Training configurations for SFT and GRPO.

SFT Configuration
Base model Qwen2.5-VL-7B
Training data 108,085 samples
Avg. turns 14.5
Hardware 16 x A800
Framework LLaMA-Factory
Parallelism DeepSpeed ZeRO-3
Optimizer linear warmup
Learning rate le-5

Vision tower / MM proj.  Frozen

GRPO Configuration

Training data
Data filtering

12,011 samples
pass_rate € [0.25, 0.625]

Presence resample Yes:No = 50:50
Hardware 16 < A800

KL coefficient 0.01

Learning rate le-6

Clip ratio [0.2,0.3]

Max rounds 12

range, with each frame shown in dual windows,
i.e., lung and mediastinum, to provide a com-
prehensive overview. The measure_lesion tool
leverages TotalSegmentator masks for volumetric
computation and returns calibrated measurements,
including volume in cm?®, equivalent diameter, or
longitudinal change percentage.

B.2 Calling statistics.

As shown in Tab. B.7, navigation tools
(scroll+zoom_in) account for 56.1%
of all calls, reflecting their role as
versal first  steps. Quantitative
(compare_with_prior+measure_lesion)
comprise 42.2%, activated selectively for interpre-

uni-
tools

Table A.5: Task distribution statistics of ActiveCTR-
Bench. We filter RL samples based on a pass rate range
of [0.25, 0.625] and perform resampling to ensure a
50:50 balance ratio between positive and negative in-
stances.

SFT RL
Task Count Pct.(%) Count Pct.(%)
Localization 19,513 18.1 3,000 25.0
RegionReasoning 18,600 17.2 947 7.9
RegionReport 18,600 17.2 1,521 12.7
ChangeClass 17,563 16.2 3,000 25.0
Presence 14,992 13.9 2,576 21.4
Measurement 14,692 13.6 730 6.1
DualSource 4,125 3.8 237 2.0
Total 108,085 100 12,011 100

tation and reasoning tasks. set_window is rare
(1.7%) as most tasks are adequately served by
the default lung window; it is primarily invoked
for mediastinal structures (pericardial effusion,
lymph nodes).

Table B.6: Summary of Tool APIs. Each tool yields a
structured multimodal output consisting of textual de-
scriptions and corresponding 2D images. The default
viewing window is set for the lung region.

Tool Parameters Return

scroll z_start, z_end: int Text + 6 key frames (dual win-
dow)

bbox: List[int]; mode: str Magnified frames

set_window preset: str Re-rendered confirmation
compare_prior z_indices: List[int] Side-by-side (curr. vs. prior)

measure_lesion target: str; bbox: List  Volume, diameter, or change

zoom_in
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Table B.7: Frequency statistics of tool usage of the SFT
model on 7,112 trajectories.

Tool Calls of Tool Percentage (%)
scroll 7,112 27.2
zoom_in 7,579 28.9
set_window 457 1.7
compare_with_prior 5,468 20.9
measure_lesion 5,567 21.3
Total 26,183 100

C Additional Tool and Evidence
Analyses

We add analyses to separate the contribution of
tool availability, learned action selection, and
structured tool computation. First, Tab. C.8 eval-
uates open-source medical agents and prompted-
tool VLMs under the same ActiveCTR-Bench pro-
tocol. Despite access to the same five PACS
tools, the best prompted-tool baseline reaches only
33.3% closed-ended accuracy and 22.2 LLM-J, far
below ActiveCTReasoner’s 73.2% and 44.2.

Second, Tab. C.9 disables structured tools at
inference. Removing measure_lesion primar-
ily degrades Measurement accuracy, while remov-
ing compare_with_prior mainly affects Change-
Class. This separates tool-backed computation
from the learned policy that selects and integrates
evidence.

D Prompt Templates

This section presents the detailed prompt tem-
plates employed throughout our experimental
pipeline. We provide the core system prompt that
defines the agentic behavior and tool interaction
protocol in Appendix D.1. Additionally, we spec-
ify the distinct prompts used for non-agentic VQA
baselines in Appendix D.2, the specialized instruc-
tions for generating Chain-of-Thought reasoning
traces during data synthesis in Appendix D.3, and
the rubric-based evaluation prompts utilized by the
LLM-as-Judge framework in Appendix D.4.

D.1 Agentic System Prompt

The following system prompt defines the agent’s
role and tool interface, used for both trajectory syn-
thesis and agentic evaluation.

Agentic System Prompt

You are an expert radiologist and
an AI medical agent capable of
dynamically interacting with a
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PACS simulator to explore 3D CT
scans. Your environment allows
you to look at 2D axial slices.
You can scroll through slices,
adjust the CT window, zoom in on
regions of interest, take
physical measurements of lesions,
and compare the current scan with
a prior study side-by-side.

For EVERY step, first explain
your reasoning using
<think>...</think> tags, then
choose exactly one action:

- A tool call:
<tool\_call>\{"name":
"tool\_name", "arguments":
\N{...\}\}</tool\_call>

- A final answer:
<answer>...</answer>

Available Tools:

1. scroll —-—-- Navigate through
axial slices

\quad <tool\_call>\{"name":
"scroll", "arguments":
\{"z\_start": 0, "z\_end":
100\}\}</tool\_call>

2. zoom\_in --- Magnify a region
of interest

\quad <tool\_call>\{"name":
"zoom\_in", "arguments":
\{"bbox": [x0,y0,x1,y1l], "mode":
"highlight"\}\}</tool\_call>

3. set\_window —--- Change CT
window preset

\quad <tool\_call>\{"name":
"set\_window", "arguments":
\{"preset":
"mediastinum"\}\}</tool\_call>
4. compare\_with\_prior ——-—
Side-by—-side comparison

\quad <tool\_call>\{"name":
"compare\_with\_prior",
"arguments":{"z\_indices": [50,
60, 70]1\}\}</tool\_call>

5. measure\_lesion —-——
Quantitative measurement

\quad <tool\_call>\{"name":
"measure\_lesion", "arguments":
\{"target":
"liver"\}\}</tool\_call>

Important Rules:

— You MUST use the exact
<tool\_call>JSON</tool\_call>
format\\

- You MUST wrap your final answer
in <answer>...</answer> tags

- For MCQ questions, output ONLY
the letter: <answer>A</answer>

- Always think step by step
before acting




Table C.8: Comparison of open-source medical agents, tool-prompted VLMs, and ActiveCTReasoner on
ActiveCTR-Bench. CE Avg = closed-ended MCQ accuracy (%); OE columns = LLM-Judge scores (0—100).

Model Pres. Local. Meas. Change. CE Avg. RegRpt. RegReas. DualSrc. OE Avg.
MedVLThinker (Huang et al., 2025) 50.1 299 405 234 35.6 34.6 339 23.0 322
RadAgent (Roschewitz et al., 2026)  53.7 116 29.1 19.3 27.3 35.1 333 22.8 32.1
3DMedAgent (Wang et al., 2026) 516 169 449 43.0 37.5 39.8 30.5 229 329
Hulu-Med-7B prompted 57.1 289 244 20.8 32.7 32.7 20.0 21.6 25.5
Lingshu-7B prompted 53.1 348 221 22.0 333 20.7 19.6 19.9 20.1
Lingshu-32B prompted 440 344 260 25.9 32.8 19.8 204 20.4 20.2
Qwen2.5-VL-32B prompted 49.5 268 246 23.0 30.8 22.7 23.5 18.1 22.2
InternVL3.5-8B prompted 440 292 199 23.7 29.3 19.1 21.0 19.4 19.9
InternVL3.5-38B prompted 46.1 256 137 10.0 242 17.3 17.8 13.7 16.9
ActiveCTReasoner 754 614 98.6 574 73.2 48.5 46.4 29.3 44.2

Table C.9: Tool-removal ablation on closed-ended

tasks. Parentheses show change from full ActiveC-
TReasoner.

Setting Pres. Local. Meas. Change. CE Avg.
Full ActiveCTReasoner 754 614 98.6 574 73.2
w/o measure_lesion 746 607 549 56.8 61.8
w/o compare_with_prior 75.2 60.8 989 49.8 70.4
w/o both 74.3 60.2 556 49.2 60.0

D.2 VQA Evaluation Prompts

Non-agentic baselines receive oracle pre-rendered
images with the following system prompts.

Single-Scan System Prompt

You are an expert radiologist
analyzing a chest CT scan. You
are given several axial CT slices
from the relevant anatomical
region. Each slice is shown in
two windows (lung and

mediastinum) for comprehensive
evaluation. Analyze the images
carefully and answer the question.

\ J

Longitudinal System Prompt

You are an expert radiologist
comparing two CT scans of the
same patient. You are given
paired axial CT slices from the
current scan and prior scan. For
each z-position, you see: current
scan (lung window), current scan
(mediastinum window), prior scan
(lung window), prior scan
(mediastinum window) . Analyze the
changes between the two scans and
answer the question.

\. J

Question suffixes: MCQ tasks append “Answer
with the letter only (A/B/C/D).” Presence tasks ap-
pend “Answer with Yes or No only.” Open-ended
tasks use no suffix.

D.3 Think-Filling Prompt

GPT-5.4 generates <think> reasoning for each tra-
jectory step. Each task type has a specialized sys-
tem prompt; below is the Measurement task as a
representative example.

Think-Filling Prompt (Measurement Task)

You are an expert radiologist AI
agent performing chest CT
interpretation. You will be given
a quantitative measurement
question, the correct answer,
planned tool calls, and their
results. Your job: write the
internal reasoning (think text)
that appears BEFORE each action.

\medskip

TEMPORAL RULE: Each think is
generated BEFORE the tool is
called. You do NOT yet know the
tool's result.

\medskip

RULES FOR MEASUREMENT (MCQ ———
quantitative elimination) :\\
Navigation steps:\\

- measure\_lesion: State your
INTENT to measure. Do NOT quote
the measurement result.

\medskip

FINAL answer step ———
QUANTITATIVE ELIMINATION:\\

1. State the measured value from
tool\_response.\\

2. For each option, compare
measurement against that option's
threshold/range.\\

3. For each WRONG option:
[X] ([range]) is excluded:
[measured value] does not fall in
this range.''\\

4. Confirm matching option.

““Option

\ 7

Other task types follow analogous patterns: Pres-
ence requires bidirectional evidence (FOR/A-
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GAINST); RegionReasoning requires a clinical
reasoning chain (Observation — Quantification —
Rate Assessment — Clinical Significance).

D.4 LLM-as-Judge Prompt

GPT-5.5 scores open-ended predictions on 5
rubric dimensions per task.

LLM-as-Judge System Prompt

You are an expert radiologist
evaluating AI-generated CT scan
reports. You will be given a
REFERENCE report (ground truth)
and a PREDICTION (model output).
Score the prediction on multiple
dimensions using the rubrics
below. Be strict but fair. The
prediction does NOT need to match
the reference word-for-word, but
must convey the same clinical
information accurately.

\ J

Each dimension is scored 0-2. Raw total (O to
10) is linearly scaled to 0-100. Output format:
{"dimension": score, ., "total”: sum}.

Rubric Dimensions

RegionReport:

1. Finding Coverage (0--2): main
findings covered?

2. Precision (0--2): anatomical
locations accurate?

3. Quantitative Accuracy (0--2):
numbers correct (<5% error)?

4. Change Reasoning (0--2):
direction + characterization?

5. Faithfulness (0--2): no
fabricated findings?

RegionReasoning:

1. Finding Coverage
findings identified?
2. Precision (0--2): clinical
reasoning chain logical?

3. Quantitative Accuracy (0--2):
numbers correct (<5% error)?

4. Change Reasoning (0--2):
temporal change assessment?

5. Faithfulness (0--2): no
fabricated findings?

(0--2) : key

DualSource:

1. Finding Coverage
changes detected?
2. Precision (0--2): change
direction (increase/decrease)
correct?

3. Quantitative Accuracy (0--2):
numerical changes correct?

(0—-2): all

4. Change Reasoning (0--2):
clinical significance assessed?
5. Faithfulness (0--2): no
fabricated findings?

D.5 LLM-Judge Human Agreement

To validate open-ended evaluation, three board-
certified radiologists score 90 open-ended predic-
tions sampled from RegionReport, RegionRea-
soning, and DualSource using the same five-
dimension rubric. As shown in Tab. D.10, the
GPT-5.5 judge shows strong agreement with ra-
diologist ratings, with per-dimension Pearson cor-
relations from 0.764 to 0.942. Faithfulness/hallu-
cination has the lowest correlation, reflecting the
finer-grained judgment needed to distinguish un-
supported statements from acceptable clinical in-
ference.

Table D.10: LLM-Judge validation against radiologist
ratings on 90 open-ended predictions.

Rubric dimension Pearson r with radiologist scores

Finding coverage 0.940
Anatomical / clinical precision 0.803
Quantitative accuracy 0.820
Temporal / change reasoning 0.942
Faithfulness / hallucination 0.764

E Radiologist Collaboration Study

This section is organized as follows: Appendix E.1
outlines the within-subject experimental protocol
designed to mitigate learning effects and ensure
fair comparison. Appendix E.2 presents the com-
prehensive metrics used for evaluation, encom-
passing both quantitative diagnostic outcomes and
qualitative user experience measures.

E.1 Protocol

Professional radiologists participated in a within-
subject design:

* Condition A (Radiologist Alone): Days 1-3.
PDF materials with oracle key-frame images
and clinical question. No Al assistance.

* Condition B (Radiologist + Agent): Days
4-6 (>1 day gap). Same materials plus the
agent’s full reasoning trajectory (tool call im-
ages, measurements, candidate answer). Ra-
diologist reviews, corrects, and finalizes.
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¢ Condition C (Agent Alone): ActiveCTRea-
soner predictions (final RL model). No hu-
man involvement.

Answers were collected via structured Excel
sheets.

E.2 Metrics

e Diagnostic performance: MCQ/Yes-No —
Accuracy; Open-ended — LLM-J (GPT-5.5)
and Token-F1.

* Time efficiency: Minutes per case.

* Subjective evaluation (Condition B only): 5
dimensions on 1-5 Likert: Confidence, Rea-
soning Quality, Diagnostic Accuracy, Com-
pleteness, Helpfulness.

In the expanded 100-case analysis, we report
mean and standard deviation for each condition
in Tab. 5 and perform paired tests comparing Ra-
diologist alone with Radiologist + Agent. For
closed-ended tasks, we use McNemar’s test for
paired correctness; for open-ended scores, we use
Wilcoxon signed-rank tests; for reading time, we
report paired-test significance.

Radiologist + Agent improves MCQ accuracy
from 68.8% to 76.0% (A = +7.2pp), improves
LLM-J from 33.0 to 44.0 (A = +11.0), and re-
duces reading time from 4.2 to 2.8 minutes. Inter-
rater agreement under the Radiologist-alone con-
dition is substantial for closed-ended decisions
(Fleiss” k = 0.635) and good for open-ended qual-
ity scores (ICC(3,k)=0.81).

F N-gram Metrics

Tab. F.11 reports four fine-grained metrics for
the 21 external baseline models and two ACTOR
variants across three open-ended tasks: Token-
F1, ROUGE-L, Numerical Recall (NR), and Di-
rection Accuracy (DA). While the LLM-as-a-
Judge (LLM-J) metric evaluates high-level seman-
tic alignment and reasoning, these metrics com-
plement it by enforcing strict token-level correct-
ness and clinical factual precision. Specifically,
Token-F1 and ROUGE-L quantify the lexical
overlap and structural coherence of the generated
reports compared to the ground truth, capturing
the model’s fidelity to professional medical termi-
nology. To penalize hallucinations in critical clini-
cal details, we introduce Numerical Recall, which
measures the model’s ability to accurately retrieve

essential quantitative measurements (e.g., lesion
dimensions and attenuation values). Crucially, Di-
rection Accuracy evaluates the model’s prognos-
tic reasoning capability by verifying whether it
correctly identifies the trajectory of disease pro-
gression (e.g., worsening, resolving, or stable), an
essential requirement for dynamic and longitudi-
nal tasks.

Key observations. (1) Numerical Recall (NR)
is the most discriminative metric: baselines clus-
ter near random (~16.5 for single-scan, ~0.6
for DualSource) because they lack measurement
tools, while our RL model reaches 70.8/66.1/54.2.
(2) Direction Accuracy (DA) shows that even
strong baselines (GPT-5.4: 34.9/28.9/42.5) strug-
gle to assess temporal change direction without ex-
plicit longitudinal comparison. (3) Token-F1 and
ROUGE-L correlate with LLM-J but are less sen-
sitive to clinical correctness—e.g., LLaVA-Med
achieves reasonable TF1 (15.6) despite low LLM-
J (18.9) due to generic medical text without spe-
cific findings.

G Extended Case Studies

We present four representative agentic trajecto-
ries illustrating how ACTOR chains radiologist-
aligned tools to reach clinical conclusions. Each
case demonstrates a distinct reasoning pattern.

Case A: Tool-Backed Nodule Measure-
ment

Task: Measurement (nodule size grading)
Steps: 3

1. scroll(142) — Axial slice at lung
nodule region

2. zoom_in(right_lower_lobe) —
Magnified view centering the nodule

3. measure_lesion(lung_nodule) —
Volume 1.83cm?®, equiv. diameter
15.2 mm

Answer: “Large (>10mm)” ¢ The
canonical scroll-zoom—measure pattern
achieves 98.6% on this task type.
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Table F.11: Evaluation of N-gram metrics across all open-ended tasks (all values x100). We report Token-F1
(TF1), ROUGE-L (RL), Numerical Recall (NR), and Direction Accuracy (DA). The best and second-best results
are bolded and underlined, respectively. Green deltas denote improvement over the base model (Qwen2.5-VL-7B).

RegionReport RegionReasoning DualSource

Model TF1 RL NR DA TF1 RL NR DA TF1 RL NR DA
Proprietary API Models

GPT-5.4 21.1 15.7 16.5 349 26.9 159 16.6 28.9 21.7 12.1 0.6 425
GPT-5.2 21.6 15.6 16.5 332 27.1 16.1 16.6 20.8 20.5 11.6 0.6 36.7
Gemini-3.1-Pro 153 12.1 16.5 31.1 10.2 7.2 16.6 21.8 8.1 5.3 0.6 45.5
Claude Opus 4.6 11.6 7.7 16.5 40.7 19.4 11.1 16.7 42.0 19.5 9.9 0.6 373
Gemini-3-Flash 5.1 3.8 16.5 343 12 0.7 16.6 35.1 0.2 0.1 0.6 0.0
General-Purpose VLM

InternVL3.5-38B 16.7 11.7 16.5 37.7 20.9 13.3 16.7 37.3 16.7 9.4 1.0 32.1
InternVL3.5-14B 159 11.2 16.6 33.8 21.0 132 16.6 334 17.2 9.7 0.7 34.1
InternVL3.5-8B 17.3 12.3 16.5 352 21.2 13.8 16.6 36.4 154 8.9 0.8 41.2
Qwen2.5-VL-32B 9.5 6.9 16.5 17.6 14.4 8.7 16.7 18.1 13.4 7.6 0.6 12.2
Qwen2.5-VL-7B 9.3 7.4 16.5 30.2 15.5 11.0 16.6 41.1 7.8 53 0.6 12.3
Medical VLMs

Lingshu-32B 13.6 10.6 16.5 25.8 16.0 10.0 16.6 315 9.5 6.0 0.7 31.8
Lingshu-7B 159 11.1 16.5 38.3 20.7 13.1 16.7 36.7 14.8 8.4 0.6 38.5
MedGemma-27B 159 114 16.5 22.3 18.1 10.4 16.9 30.9 15.5 83 0.8 38.0
MedGemma-4B 11.7 8.7 16.5 27.8 11.9 75 16.6 243 12.0 6.9 0.8 20.1
HuatuoGPT-V-34B 18.0 12.4 16.5 48.6 19.7 12.9 16.6 343 16.2 8.9 0.7 353
HuatuoGPT-V-7B 16.9 11.5 16.6 50.3 19.5 12.0 16.8 39.2 14.3 83 0.7 383
Hulu-Med-7B 11.8 9.7 16.5 30.7 8.6 6.8 16.6 28.6 3.7 2.6 0.6 5.8
MedVLM-R1-2B 14.3 10.5 16.5 303 15.0 9.8 16.6 29.6 11.2 6.8 0.6 24.1
LLaVA-Med-7B 15.6 11.9 16.5 50.7 16.1 10.9 16.6 333 8.2 5.5 0.6 7.4
M3D-LaMed-4B 3.0 2.6 16.6 35.6 2.6 2.0 16.6 35.6 1.5 12 0.6 58.8
RadFM 3.7 33 16.5 25.8 2.0 1.8 16.6 30.6 32 2.6 0.6 452

Ours (Agentic Multi-turn, base: Qwen2.5-VL-7B)
ActiveCTReasoner-SFT 44.3+35.0 34.9+27.5 64.9+48.4 67.8+37.6 46.0+30.5 33.4+22.4 60.2+43.6 65.0+23.9 35.3+27.5 21.5+16.2 38.0+37.4 57.2+44.9
ActiveCTReasoner 45.4+36.1 37.2+29.8 70.8+54.3 66.4+36.2 45.4+29.9 34.2+23.2 66.1+49.5 64.6+23.5 37.8+30.0 23.8+18.5 54.2+53.6 62.8+50.5

Case B: Window-Aware Temporal Compar- Case C: Multi-Organ Quantitative Reason-

ison

ing

Task: ChangeClass (pericardial effusion,
5-day interval)
Steps: 4

1. scroll(95) — Navigate to cardiac
level

2. set_window(mediastinum)
Switch for soft-tissue contrast

3. zoom_in(pericardial_region) —
Magnified pericardial view

4. compare_with_prior(95) — Side-
by-side: current shows fluid absent in
prior

Answer: “New Appearance” v Demon-
strates clinically motivated window selec-
tion before comparison.

Task: RegionReasoning (cardiovascular,
180-day interval)
Steps: 6

1. scroll(110) — Navigate to cardiac
level

2. zoom_in(heart) — Magnified car-
diac view

3. compare_with_prior(110) — Side-
by-side temporal comparison

4. measure_lesion(heart) — Total
cardiac volume: 394.2—585.3 cm?
(+48.5%)

5. measure_lesion(right_atrium)
— 8.4—5.0cm’ (—40.2%)

6. measure_lesion(right_ventricle)
—3.0—0.5cm’ (—82.2%)

Reasoning: The model identifies a con-
tradictory pattern (overall cardiac enlarge-
ment but individual chamber shrinkage)
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and correctly infers segmentation artifact
rather than true structural remodeling. All
12 numerical values match ground truth.

Case D: Comprehensive Longitudinal As-
sessment

Task: DualSource (full report, 452-day in-
terval)
Steps: 11

1. scroll(80) — Navigate to upper lung
level

2. set_window(lung) — Lung window
for parenchymal assessment

3. compare_with_prior(80) — Bilat-
eral lung comparison

4. measure_lesion(left_upper_lobe)
— LUL: —30.8%

5. measure_lesion(left_lower_lobe)
— LLL: —38.5%

6. measure_lesion(right_upper_lobe)
— RUL: —26.5%

7. measure_lesion(right_middle_lobe)
— RML: —26.7%

8. measure_lesion(right_lower_lobe)
— RLL: —34.3%

9. set_window(mediastinum) — Switch
for cardiac structures

10. measure_lesion(heart) — Cardiac
volume change

11. measure_lesion(pericardial_effusion)
— Effusion quantification

Answer: Comprehensive longitudinal re-
port covering 5 lung lobes, cardiac struc-
tures, and pericardial effusion, matching 20
numerical values with ground truth.

H LLMs Usage

We only use Large Language Models to polish our
writing.

I Data Privacy and Legality

All data employed in this work are obtained
exclusively from publicly available open-source
datasets. We do not collect, access, or incorporate
any private user data. The datasets are released for
research use, and our use of them follows their ap-
plicable terms, licenses, and intended scope.

For data annotation, all annotators involved
in this work are internal members of the re-
search team rather than externally recruited crowd-
workers, students, or paid third-party partici-
pants. Therefore, the study does not involve par-
ticipant recruitment through crowdsourcing plat-
forms, demographic-dependent compensation, or
any payment-related disputes. All annotation ac-
tivities were conducted as part of the internal re-
search workflow.

J Ethical Consideration

This paper presents work whose goal is to advance
the field of machine learning. There are many po-
tential societal consequences of our work, none
of which we feel must be specifically highlighted
here.
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