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Abstract

Large Language Models (LLMs) have shown
promising potential in the medical domain, as-
sisting with tasks like clinical note generation
and patient communication. However, current
LLMs are limited to text-based communication,
hindering their ability to interact with diverse
forms of information in clinical environments.
Despite clinical agents succeeding in diverse
signal interaction, they are oriented to a sin-
gle clinical scenario and hence fail for broader
applications. To evaluate clinical agents holisti-
cally, we propose ClinicalAgent Bench (CAB),
a comprehensive medical agent benchmark con-
sisting of 18 tasks across five key realistic clin-
ical dimensions. Building on this, we intro-
duce REFLECTOOL, a novel framework that
excels at utilizing domain-specific tools within
two stages. The first optimization stage pro-
gressively enlarges a long-term memory by
saving successful solving processes and tool-
wise experience of agents in a tiny pre-defined
training set. In the following inference stage,
REFLECTOOL can search for supportive suc-
cessful demonstrations from already built long-
term memory to guide the tool selection strat-
egy, and a verifier improves the tool usage ac-
cording to the tool-wise experience with two
verification methods–iterative refinement and
candidate selection. Extensive experiments
on CAB demonstrate that REFLECTOOL sur-
passes the pure LLMs with more than 10 points
and the well-established agent-based methods
with 3 points, highlighting its adaptability and
effectiveness in solving complex clinical tasks.
Our code and datasets are available at https:
//github.com/BlueZeros/ReflecTool.

1 Introduction

Large Language Models (LLMs) have shown sig-
nificant potential in the medical domain (Singhal
et al., 2023; Nori et al., 2023; Chen et al., 2023a),
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demonstrating their ability to assist with tasks such
as generating clinical notes (Biswas and Talukdar,
2024; Jung et al., 2024) and supporting patient
communication (Tu et al., 2024; Liao et al., 2024).
However, LLMs are restricted to direct text-based
responses rather than serving as a bridge to leverage
the information in other forms, thus impeding their
effective application in realistic clinical scenarios.

To address such shortcoming, numerous works
developed more advanced clinical agents, which
enable models to leverage complex information
through specialized tools (Jin et al., 2024; Li et al.,
2024a; Lin et al., 2024). For instance, EHRA-
gent (Shi et al., 2024) can access electronic health
records (EHRs) via a code interface, and MMedA-
gent (Li et al., 2024a) can interpret medical images
via several medical visual models (Li et al., 2024b;
Ma et al., 2024). While these agents enhance
LLMs’ ability to interact with various types of data,
they remain limited to addressing specific clinical
scenarios with a narrow range of tools, impeding
their ability to interact with the diverse forms of
information intrinsic to clinical environments (Hu
et al., 2024b; Lee et al., 2022; Adams et al., 2024).
This lack of integration limits their effectiveness
for further application in clinical scenarios.

In this paper, we analyze representative public
benchmarks in the medical field and categorize
them based on the capability requirements of med-
ical agents. We build a comprehensive medical
agent benchmark, ClinicalAgent Bench (CAB),
comprising 18 tasks across five dimensions in to-
tal. Specifically, the dimensions of CAB include
Knowledge & Reasoning, MultiModal, Numeri-
cal Analysis, Data Understanding, and Trustwor-
thiness. These dimensions require clinical agents
to reason with medical knowledge effectively, inte-
grate information from diverse clinical data sources
(including medical images, EHRs, clinical text, and
multiple clinical documents), and reduce halluci-
nations to ensure trustworthiness. Compared to
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Methods Agent Capacities Agent Methods

Knowledge&
Reasoning MultiModal Numerical

Analysis
Data

Understanding
Trustworthi

ness
Tool
Use

Long-Term
Memory

Tool-wise
Reflection

w/o Fine
Tuning

MedAgent (Tang et al., 2024) 3 7 7 3 7 7 7 7 3

MMedAgent (Li et al., 2024a) 3 3 7 7 7 3 7 7 7

MedRAG (Xiong et al., 2024) 3 7 7 7 7 3 7 7 3

OmniRAG (Chen et al., 2025) 3 7 7 7 7 3 7 7 7

AgentMD (Jin et al., 2024) 3 7 3 7 7 3 7 7 3

EHRAgent (Shi et al., 2024) 3 7 3 7 3 3 3 7 3

CTAgent (Yue and Fu, 2024) 3 3 7 7 3 3 7 7 7

BKGAgent (Lin et al., 2024) 3 7 7 7 7 3 7 7 3

REFLECTOOL (Ours) 3 3 3 3 3 3 3 3 3

Table 1: Comparison of previous medical agents and REFLECTOOL on both agent capacities and methods.

previous benchmarks, CAB provides a more holis-
tic evaluation framework by encompassing a wider
range of clinical tasks and assessing agent capabili-
ties across multiple scenarios.

Motivated by five critical aspects of CAB, we
develop a set of clinical tools that enables agents to
handle diverse tasks encompassed in the bench-
mark. Building upon the clinical toolbox, we
proposed REFLECTOOL, a framework that allows
agents to learn how to choose and leverage domain-
specific tools to solve tasks. Specifically, REFLEC-
TOOL consists of two stages. The first stage is the
optimization stage. The agent attempts to solve
problems using tools on a small proportion of sam-
ples and generates successful trajectories through
self-reflection. By comparing successful and failed
trajectories, the agent produces the tool-wise sug-
gestion and stores successful trajectories as long-
term memory. In the inference stage, the agent
retrieves similar successful cases from long-term
memory to optimize the tool selection. Each time a
tool is used, the agent improves tool usage accord-
ing to the accumulated tool-wise experience from
the optimization stage. Furthermore, we adopt two
verification methods, iterative refinement and can-
didate selection, to investigate the effectiveness
of the tool-wise experience. We find that these
two methods perform better under different model
strengths, thereby enhancing the applicability of
our approach. As discussed, REFLECTOOL demon-
strates not only proficiency in a wide range of clin-
ical critical aspects from CAB but also more effec-
tive tool utilization strategies, as the comparison
with existing clinical agents shown in Table 1.

In summary, our contributions are as follows:

• Holistic Benchmark: We introduce CAB, a
benchmark comprising 18 tasks across five
principal dimensions. To the best of our
knowledge, CAB is the first benchmark cov-

ering a wide range of tasks to evaluate the ca-
pabilities of clinical agents comprehensively.

• Almighty Tool-Augmented Agent: We pro-
pose REFLECTOOL, a novel framework that
enables models to effectively utilize domain-
specific tools. REFLECTOOL uses long-term
memory and tool-wise verification to allevi-
ate the problem in domain-tool selection and
usage, thus improving adaptability across a
wide range of clinical scenarios.

• Revision-based explorations: We explore
two tool-wise verification methods, i.e., It-
erative Refinement and Candidate Selection,
designed to optimize tool usage. Our find-
ings indicate that Iterative Refinement is more
effective when the model exhibits lower capa-
bilities, whereas Candidate Selection outper-
forms the former on more intelligent models.

• Superior downstream improvements: We
conduct extensive experiments on CAB,
benchmarking REFLECTOOL against a di-
verse array of established methods. Our re-
sults demonstrate the superior performance of
REFLECTOOL, highlighting its effectiveness
in clinical tool utilization.

2 ClinicalAgent Bench

In this section, we introduce the CAB, a novel
benchmark to evaluate the capacity of the medical
agent in clinical scenarios. The overview of the
benchmark is shown in Figure 1. We first discuss
the composition of the CAB in detail and then
introduce the construction of the pre-built toolbox.

2.1 Composition

The agents in clinical scenarios need to process the
medical data in different formats, like medical im-
ages (Hu et al., 2024b; Liu et al., 2021; Lau et al.,
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Figure 1: Overview of the proposed CAB. The numbers
in the inner circle represent the proportion of data in
each dimension, and the numbers in the outer circle
represent the size of each dataset.

2018) and electronic health records (EHR) (Lee
et al., 2022; Johnson et al., 2016; Pollard et al.,
2018), to complete the analysis or diagnosis. How-
ever, previous works only focused on a simple sce-
nario, with only limited types of tools to solve the
problem (Shi et al., 2024; Li et al., 2024a; Tang
et al., 2024). To approximate realistic clinical sce-
narios and evaluate the general capabilities of the
agent in the medical field, we investigate existing
public medical datasets and divide them according
to the ability requirement of the agents. We built a
benchmark term CAB, which contains five capac-
ity dimensions and 18 tasks in total. The details
about the definition of the five dimensions and the
corresponding tasks can be found in Appendix B.

2.2 Clinical Toolbox

Based on the proposed CAB, we develop a tool-
box that contains 15 types of tools to enable agents
to handle diverse tasks. For example, knowledge
databases in the clinical toolbox enhance the medi-
cal knowledge of the agent, and calculators give the
agent the ability to calculate indicators accurately.
In order to allow the agent to solve problems more
flexibly, we did not limit the types and number of
tools when solving a specific type of task. Com-
pared with medical agents that limit the tools to
complete tasks (Li et al., 2024a; Jin et al., 2024),
our method can give the agent better generalization
and scalability. The details of the clinical toolbox
are discussed in Appendix B.2.

3 REFLECTOOL

In this section, we first formulate the problem of
solving tasks in CAB with the clinical toolbox.
Then, we introduce the optimization and inference
stage of the proposed REFLECTOOL. The overview
of the REFLECTOOL are shown in Figure 2.

3.1 Problem Formulations

In this work, we focus on addressing clinical-
related tasks with tool-use agents. The task is
composed of X = {q, I} and y, where q is
the instruction, I is the inputs with different for-
mats, and y is the ground-truth answer. The
agents are required to leverage the input informa-
tion and complete the task in a multi-step man-
ner. For initialization, the action space of the
agents is composed of a set of pre-built tool ac-
tion AT = {A1, A2, . . . } and three types of inner
actions AI = {Plan, Think, Finish}. The whole
action space of the agent can be noted as follows:

A = AT [ AI , (1)

In the i-th step, the clinical agent takes action
ai 2 A. The action1 in the clinical agent setting
can be treated as the function, giving the proper
parameter and getting the observation results oi =
ai(paramai

). paramai
indicates the parameters of

the action controlled by the agents. The next step
action follows the policy:

ai+1 ⇠ ⇡✓(a|ci, X ) (2)

where a0 is the first action and ✓ indicates the pa-
rameter of the agent. ci = {a0, o0, ...ai, oi} is the
trajectory history.

3.2 Optimization Stage

To enable the agent to better select and use the
domain-specific tools, we choose a subset of sam-
ples to optimize the agent’s capacities. In the opti-
mization stage, REFLECTOOL saves the successful
trajectory into the long-term memory and collects
the experience for each type of tool.

Specifically, the REFLECTOOL first attempts to
solve the problem with the clinical toolbox and
create the first trajectory C1. The agent then re-
flects on C1 by comparing it with the ground-
truth answer y and producing a suggestion S

1In this paper, the usage form of tool actions AT and inner
actions AI is the same. Without loss of generality, we consider
actions and tools equivalent.
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Figure 2: Overview of the REFLECTOOL.

with LLM(X , C1, y) ! S. Utilizing this sugges-
tion, the agent regenerates a refined trajectory C2:
LLM(X , C1, S) ! C2. If C2 successfully com-
pletes the task, the reflective trajectory will be
saved into the long-term memory M to assist the
agent in solving similar problems during inference:

M =

(
M [ {X , C2}, yC2 = y

M, yC2 6= y
(3)

where yC2 indicates the prediction of trajectory C2.
For the successful C2, the agent turns to compare
the usage of each action that appears in two trajec-
tories, to generate action-wise suggestions

LLM(X , C1, C2, y) ! EX (4)

Then, EX will be merge into the tool-wise experi-
ence E = {E1, E2, ...}[{EPlan, EThink, EFinish},
where Ei is the experience of the Ai. The optimiza-
tion process is shown in Algorithm 1.

3.3 Inference Stage

During the inference stage, REFLECTOOL utilizes
the long-term memories and tool-wise experiences
learned from the optimization stage to solve the

task better. At first, REFLECTOOL retrieves similar
cases from the long-term memory:

M(q) = TopKmax(sim(q, qi|qi 2 M)) (5)

where TopKmax return the top k most similar ele-
ments from the long-term memory. sim(·, ·) is the
similarity function with BM25 (Robertson et al.,
2009) used in implementations. Then, the REFLEC-
TOOL can take the action with the help of similar
successful trajectories as below:

ai+1 ⇠ ⇡✓(a|ci, X , M(q)) (6)

The agent then solves the task with tool-wise
reflection, where the verifier evaluates the agent’s
action in each step according to the action-wise ex-
perience. Inspired by Snell et al. (2024), we adopt
two types of verification methods, iterative refine-
ment and candidate selection, to fully explore the
effectiveness of tool-wise experience in the tool-
wise reflection process. in §5.2, we find that each
variant has its own advantages: Iterative Refine-
ment performs better when the model’s capabilities
are limited, while Candidate Selection is more ef-
fective when the model is stronger, thereby maxi-
mizing the model’s potential.
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Models Know. MM. Num. Data. Trust. Total
Large Language Models

MedLlama3-8B 59.88 - 11.61 23.02 6.07 25.14
Qwen2-7B (Yang et al., 2024) 60.86 - 18.49 44.50 28.19 38.01
Llama3-8B (AI@Meta, 2024) 63.32 - 19.87 35.23 24.06 35.62
Llama3.1-8B (Dubey et al., 2024) 67.43 - 22.07 49.58 30.75 42.46
Qwen2-72B* (Yang et al., 2024) 72.90 - 31.07 50.61 40.45 48.76
Llama3.1-70B* (Dubey et al., 2024) 76.91 - 29.23 45.80 38.40 47.59
GPT-3.5-turbo (OpenAI, 2022) 63.64 - 19.18 24.26 18.17 31.31

MultiModal Large Language Models
MiniCPM-V-2.6 (Yao et al., 2024) 56.29 56.53 4.60 13.86 15.12 29.28
InternVL-Chat-V1.5 (Chen et al., 2023b) 52.92 53.21 18.95 34.50 25.52 37.02
HuatuoGPT-Vision-7B (Chen et al., 2024) 60.96 66.24 9.07 42.73 26.36 41.07
HuatuoGPT-Vision-34B (Chen et al., 2024) 62.25 67.33 13.22 29.01 34.76 41.31
GPT-4o-mini (OpenAI, 2023) 73.65 48.47 29.61 50.05 57.91 51.94

Agent (Qwen2-7B)
COT (Wei et al., 2022) 58.91 - 19.98 36.17 44.68 39.94
ReAct (Yao et al., 2023) 62.03 49.47 24.05 29.24 53.87 43.73
CRITIC (Gou et al., 2024) 56.61 53.87 24.49 37.35 47.54 43.97
Reflexion (Shinn et al., 2023) 60.92 56.95 20.83 37.41 50.14 45.25
REFLECTOOL (Iterative Refinement, n=2) 63.79† 60.83† 21.97† 51.65‡ 48.60 49.37‡

REFLECTOOL (Candidates Selection, n=2) 62.81† 61.91‡ 26.78‡ 52.20‡ 41.72 49.08‡

Agent (Qwen2-72B*)
COT (Wei et al., 2022) 69.11 - 24.47 52.51 56.22 50.58
ReAct (Yao et al., 2023) 76.47 56.37 31.44 53.29 48.98 53.31
CRITIC (Gou et al., 2024) 74.01 54.96 30.92 55.15 46.69 52.35
Reflexion (Shinn et al., 2023) 76.79 60.95 31.99 58.37 53.75 56.37
REFLECTOOL (Iterative Refinement, n=2) 76.81 63.74‡ 38.45† 63.51‡ 54.65 59.43‡

REFLECTOOL (Candidates Selection, n=2) 76.27 62.70† 38.06† 64.54‡ 56.73‡ 59.66‡

Table 2: Experimental results of four types of models on Clinical Agent Bench. The ‘COT’ method indicates the
agent runs without the pre-built tools. ‘*’ indicates the models use 4-bit GPTQ quantization. ‘-’ means the model is
not capable of solving such a task. The best results are Bold, while the second best results are underlining. † and ‡
indicate the p-value < 0.05 and < 0.01 comparing with the strongest baseline Reflexion, respectively.

Iterative Refinement In the sequence refinement
method, the verifier will keep refining the agent
action until it achieves the max refine step. This
process can be early-stopped if the verifier outputs
an identical action at any refinement step. Specifi-
cally, the i-th step initial action a0

i is generated as
the Eq. 6. Then, the verifier will refine the action
based on the tool-wise experience:

aj
i = LLM(ci, a

0:j�1
i , X , M(q), E(a0:j�1

i )) (7)

and the final refined result is chosen as the action
of the current step:

ai =

(
aj

i , if aj
i = aj�1

i

an
i , otherwise

(8)

where j = 1, 2, ..., n means the refinement step
index, n is the max refinement step. The refined
history a0:j

i = {a0
i , a

1
i , ..., a

j
i} and E(aj

i ) indicates
the corresponding experience of the action type.

Candidates Selection For the candidate selec-
tion method, REFLECTOOL first samples n can-

didate actions from the output space. Then, the
verifier will select the most effective action from
the candidate list a0:n

i :

ai+1 = arg max
a2a0:n

i

p✓(a|ci, X , M(q), E(a0:n
i ))

(9)
where p✓(·) indicates the preference of the reflector.
Here, n is the size of the candidate list.

4 Experiments

4.1 Baselines

To comprehensively validate the effectiveness of
the proposed method, we select several types of
methods as the baselines. Considering that the pro-
posed agent bench covers a wide range of tasks
and requires the models to leverage the input in-
formation in different formats, we only choose the
methods with strong instruction-following capac-
ity. The baselines include three types of meth-
ods: LLMs, MLLMs, and agent-based meth-
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Reflect
Type

Reflective Memory Tool-wise Reflection
PubMedQA VQA-RAD EHRSQL MedMen MedHalt Avg.Long-Term Memory Step Action

Memory Reflection Reflection Eperience

None
7 7 7 7 66.00 60.50 31.87 50.99 52.50 52.37
3 3 7 7 66.50 58.25 44.00 57.78 47.75 54.86

Iterative
Refinement

7 7 3 3 68.50 60.00 40.50 52.27 45.00 53.25
3 7 3 3 69.50 58.00 47.00 54.09 48.00 55.32
3 3 3 7 66.50 56.00 46.00 53.18 49.50 54.24
3 3 3 3 68.00 58.50 46.00 57.06 55.50 57.01

Candidate
Selection

7 7 3 3 69.50 59.50 33.33 51.38 52.50 53.24
3 7 3 3 67.00 59.00 38.29 58.76 54.00 55.41
3 3 3 7 67.50 57.00 45.34 60.72 47.50 55.61
3 3 3 3 69.50 61.00 48.16 60.24 62.50 60.28

Table 3: Ablation results of Refinement and Selection verification methods. All the experiments are conducted on
Qwen2-72B. The modules of the REFLECTOOL contain Reflective Memory and Tool-wise Reflection.

ods. For LLMs, we choose MedLlama3-8B2,
Qwen2-7B/72B (Yang et al., 2024), Llama3-
8B (AI@Meta, 2024), Llama3.1-8B/70B (Dubey
et al., 2024), and GPT-3.5-turbo (OpenAI, 2022).
For MLLMs, we choose MiniCPM-V-2.6 (Yao
et al., 2024), InternVL-Chat-V1.5 (Chen et al.,
2023b), HuatuoGPT-Vision-7B/34B (Chen et al.,
2024), and GPT-4o-mini (OpenAI, 2023). For
agent-based methods, COT (Wei et al., 2022) and
ReAct (Yao et al., 2023) indicate the agent solving
the task without and with the pre-build toolbox,
respectively. CRITIC (Gou et al., 2024) and Re-
flexion (Shinn et al., 2023) improve agent capacity
with self-reflection methods.

4.2 Main Results

We choose the Qwen2 series models as the back-
bone of the REFLECTOOL for the promising per-
formance in tool usage and select the model pa-
rameters with 7B and 72B to observe the impact of
the model size. We show the average performance
of each dimension in Table 2, and the complete
results are shown in Table 10. For the intragroup
comparison, Qwen2-72B and GPT-4o-mini achieve
the best performance in LLM-based and MLLM-
based methods, respectively. For the agent-based
method, REFLECTOOL surpasses the strong base-
line method, Reflexion, with at least 3 points with
both Qwen2-7B/72B. As both methods are based
on self-reflection, these results highlight the advan-
tage of the REFLECTOOL in using the domain tool.
Besides, both types of tool-wise reflection methods
show similar results when the reflection size is 2.
For intergroup comparison, though MLLM-based
methods are capable of Multi-modal tasks, they fall

2https://huggingface.co/johnsnowlabs/
JSL-MedLlama-3-8B-v2.0

short in Numerical Analysis and Data Understand-
ing. It is noteworthy that REFLECTOOL surpasses
the base models with more than 10 points on both
Qwen2-7B/72B, showing the effectiveness of the
proposed methods again.

4.3 Ablation
To validate the effectiveness and the impact of each
module in REFLECTOOL, we conduct the ablation
experiments on the subset of CAB. We randomly
select 200 samples from one dataset for each di-
mension. The results of the iterative refinement and
the candidate selection are both shown in Table 3.
The selection methods perform better than the re-
finement methods in most cases. It is observed that
the reflective long-term memory plays the most im-
portant role in REFLECTOOL, and its absence leads
to performance degradation with nearly 4 points for
refinement and 7 points for selection. Besides, the
action-wise reflection also shows its importance.
These results show the effectiveness of each mod-
ule in the proposed REFLECTOOL.

5 Analysis

In this section, all experiments are conducted on
the same subset as the ablation experiments.

5.1 Effect of Optimization Step
In this section, we investigate the impact of the opti-
mization step, which indicates the number of tasks
completed during the optimization stage. Each suc-
cessful task can provide one memory item and a
list of tool-wise suggestions. A larger optimiza-
tion step implies that the model will have larger
long-term memory and accumulate more tool-wise
experience. The results are shown in Figure 3. Both
Iterative Refinement and Candidate Selection show
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Figure 3: Impact of the optimization step on refinement
and selection methods. The average performance is
calculated using the same datasets in the ablation study.

Figure 4: Impact of the verification size on refinement
and selection methods. The average performance is
calculated using the same datasets in the ablation study.

a general improvement in performance as the num-
ber of optimization steps increases. This indicates
that the optimization stage effectively enhances the
agents’ capabilities. Besides, at the initial optimiza-
tion step, Candidate Selection already has a signifi-
cant performance advantage over Iterative Refine-
ment, with an average performance of around 62.5
compared to approximately 58. This difference
highlights that even without optimization, Candi-
date Selection is a more effective strategy, likely
due to its inherent ability to evaluate multiple op-
tions before making a decision.

5.2 Size of Verification methods

The verification size n indicates the max refine-
ment step for iterative refinement and the size of
the candidate list for the candidate selection. We
conduct experiments to explore the performance
boundary of the two verification methods as the
computational requirements increase. The results
are shown in Figure 4. For iterative refinement,
it achieves the best performance when n reaches
2, with decreasing performance as n grows. Ad-

Few-shot Methods Avg.

Standard

ReAct (Yao et al., 2023) 57.50
Reflexion (Gou et al., 2024) 56.87
CRITIC (Gou et al., 2024) 50.78
REFLECTOOL (Iterative Refinement) 59.07
REFLECTOOL (Candidate Selection) 60.72

Long-Term
Memory

ReAct (Yao et al., 2023) 60.73
Reflexion (Gou et al., 2024) 62.20
CRITIC (Gou et al., 2024) 57.35
REFLECTOOL (Iterative Refinement) 59.76
REFLECTOOL (Candidate Selection) 63.31

Table 4: Impact of the long-term memory on agent-
based methods. Note that the baseline methods only
adopt the success trajectories from the long-term mem-
ory instead of the tool-wise experience. ‘Standard’ indi-
cates the few-shot sample is a fixed successful trajectory.

ditionally, although its ability to enhance already
good actions is limited, it yields significant im-
provements when no memory is present, indicating
its strong capability to enhance suboptimal actions.

For candidate selection, its performance steadily
improves as the verification size increases, with
performance gains exceeding 4 points at most. In
contrast to iterative refinement, candidate selec-
tion shows greater improvement when memory is
present. This is because the demonstrations from
long-term memory effectively enhance the quality
of candidate actions, allowing candidate selection
to pick better actions. A comparative analysis re-
veals that candidate selection performs better in
the presence of memory, whereas iterative refine-
ment is more effective at improving the model’s
performance in the absence of memory.

5.3 Impact of the Long-Term Memory

To better investigate the impact of long-term mem-
ory, we compare the proposed REFLECTOOL and
other agent-based methods under different types of
few-shot. As shown in Table 4, long-term mem-
ory can effectively improve the performance of all
agent-based methods. However, the proposed meth-
ods, REFLECTOOL, still outperform all baselines
with both types of few-shot samples. The results
again show the effectiveness of the tool-wise reflec-
tion mechanism.

5.4 Tool Distribution in Trajectory

To better investigate the impact of REFLECTOOL

on tool selection, we visualize the tool distribution
of different methods across various datasets in Fig-
ure 5. Since the task types in the Trustworthiness
dimension overlap with the other four dimensions,
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Figure 5: Tool distributions of the agent-based methods on four types of tasks. The bars show the proportion of each
tool used by the agent. The height of the bars represents the proportion of the action using tools (otherwise, it is the
inner action, including Plan, Think, and Finish). The same color scheme indicates that the task type and tool match.

we exclude Trustworthiness in the visualization of
the tool distribution. The figure illustrates the ad-
vantages of REFLECTOOL. First, REFLECTOOL

encourages the model to invoke a higher proportion
of tools. Specifically, in the Knowledge & Reason-
ing dimension, ReAct tends to directly answer ques-
tions rather than utilize tools, whereas both variants
of REFLECTOOL exhibit a higher rate of tool usage,
leading to better task completion. Second, REFLEC-
TOOL leads to more frequent use of similar types
of tools. In the Knowledge dimension, ReAct and
CRITIC tend to use only a limited number of tools
from the same dimension without attempting to
leverage different tools to solve problems. This
makes the model susceptible to the limitations of
individual tools. In contrast, REFLECTOOL uses
multiple tools of the same type to integrate informa-
tion from diverse sources, thereby improving task
performance. Finally, REFLECTOOL also demon-
strates a higher proportion of invoking tools from
different categories. This indicates that REFLEC-
TOOL is more flexible in tool usage, being capable
of experimenting with a broader range of tools to
solve problems.

5.5 Tool Usage Error

Although we categorized tools based on the capabil-
ity dimensions of the model (as shown in Table 9),
using tools from other dimensions is not necessarily
incorrect. For example, when addressing questions
in the Knowledge dimension, it is reasonable to
employ the NER model from the Data Understand-
ing dimension to extract specialized terms, which
can then be used to query a knowledge graph more
effectively. However, there are still some cases of
incorrect tool usage for specific tools: (1) invoking

Tool Selection Error #Methods Step-Level Task-Level

ReAct (Yao et al., 2023) 1.44 4.03
Reflexion (Gou et al., 2024) 0.92 1.67
CRITIC (Shinn et al., 2023) 0.24 0.33
REFLECTOOL (Iterative Refinement) 0.06 0.15
REFLECTOOL (Candidate Selection) 0.02 0.08

Table 5: Tool Selection Error among agent-based meth-
ods. ‘Step-Level’ indicates the error rate of tool selec-
tion in each step, and ‘Task-Level’ indicates the propor-
tion of whether the tool selection errors happen in the
instance reasoning process.

an MLLM without a medical image input, (2) us-
ing SQLCoder and DBManual without a database
input, and (3) employing LongDocRAG without
document file input. Based on these points, we
analyze the behavior of different methods in select-
ing tools. As shown in Table 5, REFLECTOOL can
significantly reduce the tool selection error on both
step-level and task-level. The results support that
the tool-wise reflection mechanism can improve
agents’ ability to use appropriate domain tools.

To further understand the distribution of tool se-
lection errors, we separately counted the instances
of invocation errors for different methods across
tools and datasets. The results are shown in Table 6.
From the perspective of tool types, it can be seen
that errors mainly occur with three types of tools:
SQLCoder, DBManual, and LongDocRAG. These
tools require specific inputs to function, namely
databases and uploaded files. Therefore, it is likely
that the model misuses these tools when the cor-
responding inputs are missing. From the perspec-
tive of task types, errors are predominantly con-
centrated in LongHealth, EMRQA, and EHR tasks.
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Methods Tools Error Rate Task Error Rate

SQLCoder DBManual LongDocRAG Avg. MedQA MMLU BioASQ SLAKE MedCalc EHRSQL MedMen LongHealth EMRQA Avg.

ReAct 11.99 0.00 5.86 5.95 0.00 0.00 0.00 0.08 0.00 0.07 0.08 8.71 12.35 2.36
CRITIC 1.74 20.51 1.19 7.81 0.00 0.00 0.00 0.00 0.03 0.07 0.00 5.12 0.38 0.62
Reflexion 3.13 2.05 34.05 13.08 0.02 0.02 0.04 0.00 0.73 0.25 0.00 1.30 8.79 1.24
ReflecTool (Iterative Refinement) 0.02 0.00 6.40 2.14 0.00 0.00 0.00 0.00 0.21 0.02 0.00 0.00 0.43 0.07
ReflecTool (Candidate Selection) 0.07 0.00 1.95 0.67 0.00 0.02 0.04 0.00 0.11 0.02 0.00 0.00 0.00 0.02

Table 6: Tool selection error rates with specific tool and task. Each value indicates the percentage of incorrect tool
selections made by the model when using that tool or performing that task. Columns with an entirely zero error rate
have been omitted.

Methods Avg.

ReAct (Yao et al., 2023) 55.85
Reflexion (Gou et al., 2024) 58.78
CRITIC (Gou et al., 2024) 57.29
REFLECTOOL (Iterative Refinement) 62.26
REFLECTOOL (Candidates Selection) 60.72

Table 7: Performance of agent-based methods with
Llama3-70B-Instruction as the backbone.

Methods Qwen2-7b Qwen2-72b⇤

ReAct (Yao et al., 2023) 11.01 20.04
CRITIC (Gou et al., 2024) 4.33 17.87
Reflexion (Gou et al., 2024) 12.42 57.27
REFLECTOOL (Iterative Refinement) 11.95 47.90
REFLECTOOL (Candidate Selection) 11.26 28.56

Table 8: Runtime (seconds per sample) of the agent-
based method in single-sample tests. Note that lower
values indicate higher agent efficiency.

These tasks share common points of confusion be-
cause their input context is similar, but with dif-
ferent formats. For instance, both LongHealth and
EMRQA involve contextual question answering,
but LongHealth, due to its ultra-long context, must
be uploaded as a file. This again confirms that the
model’s ability to match other information and ap-
propriate tool usage, aside from image inputs, is rel-
atively weak. In such scenarios, REFLECTOOL can
effectively identify the relationship between tools
and their corresponding input information modal-
ities, thereby preventing such errors. Besides, we
also analyze the parameter error of tool usage in
Appendix C.1.

5.6 Performance with Different Backbones

During our experiments, we found that the
instruction-following capabilities of the Llama se-
ries models were inferior to those of the Qwen2
series models, often resulting in formatting errors.
Therefore, we prioritized the Qwen series to imple-
ment our methodology. After carefully adjusting
the prompts, we also tested the performance of

Agent-based methods on ablation subsets using the
Llama3-70B-Instruction3 model. The results in Ta-
ble 7 showed that the proposed ReflecTool method
is also effective on the Llama3-70B-Instruction
model, demonstrating the generalization ability of
this method across different models and thus indi-
cating better application potential.

5.7 Time Cost Analysis

A practical method should enhance performance
without incurring excessive resource consumption.
It can be observed from Table 8 that for the strong
baseline Reflxion, ReflecTool consumes less time
on both 7b and 70b models. It’s noteworthy that
Candidates Selection is faster than Iteration Refine-
ment, which is due to the higher degree of paral-
lelism in the former. Besides, the time consump-
tion of CRITIC is less for it does not utilize too
many tools to solve tasks in many cases. Given
that tool invocation requires more time compared
to decision-making by large models (for instance,
MedRAG requires retrieval, and UMLS needs inter-
net access), this leads to lower time consumption
but poor performance. In summary, ReflecTool
proves to be highly efficient from the perspective
of resource consumption.

6 Conclusions

In this paper, we introduce CAB, a holistic bench-
mark for clinical agents comprising 18 tasks across
five key dimensions. Building upon it, we propose
REFLECTOOL, a reflection-aware tool-augmented
framework that optimizes tool utilization through
long-term memory and tool-wise verification. To
adaptively improve agent performance given vary-
ing backbones, we adopt Iterative Refinement and
Candidate Selection to verify actions. Empirical re-
sults show that REFLECTOOL outperforms existing
clinical agents, demonstrating superior adaptability
and efficacy in real-world healthcare scenarios.

3https://huggingface.co/meta-llama/
Meta-Llama-3-70B-Instruct
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Limitations

For CAB, while it provides an extensive evaluation
covering 18 tasks across five key dimensions, it
may not fully encompass the complexity of real-
world clinical scenarios, which are highly diverse
and continuously evolving. This requires ongo-
ing updates to the benchmark to ensure relevance.
Moreover, the medical tools collected for CAB do
not perfectly align with the tasks in the evaluation.
Although this misalignment introduces challenges,
it also serves as a test of the model’s generaliza-
tion capabilities and its ability to leverage available
tools effectively. Regarding REFLECTOOL, the
use of long-term memory has demonstrated clear
benefits in ablation studies, enhancing the model’s
decision-making through the retention of success-
ful experiences. However, the reliability of the gen-
erated trajectories remains an issue. The fact that
some trajectories lead to correct results does not
guarantee that the underlying processes are entirely
correct, suggesting that further work is needed to
validate the accuracy of these trajectories to ensure
they are consistently optimal.

Ethic Considerations

In developing clinical agent REFLECTOOL, it is
crucial to address ethical considerations that arise
when utilizing AI in healthcare environments. Be-
low are the key ethical considerations that have
been taken into account:

Performance vs. Potential Risks: While RE-
FLECTOOL demonstrates significant enhancements
in clinical tool reasoning and and task performance,
it is important to acknowledge the inherent limi-
tations of AI models. These models can generate
misleading information or "hallucinations," which
could pose risks in clinical settings. Therefore,
REFLECTOOL is not intended to replace medical
professionals or provide definitive clinical deci-
sions but rather to assist healthcare providers under
appropriate supervision.

Data Ethics and Privacy Compliance All pa-
tient data has been anonymized, and informed con-
sent was obtained for its use, ensuring full compli-
ance with privacy policies and obtaining explicit
permission for all data usage. Additionally, data
usage has been approved by relevant ethics commit-
tees, ensuring compliance with ethical standards
and privacy protection requirements.
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A Related Works

A.1 Medical Agentic Methods

There are plenty of works that adopt the clinical
agent to solve specific clinical scenarios. One type
of work focuses on medical knowledge argument
with retrieval from the knowledge base. For ex-
ample, BioKGBench (Lin et al., 2024) proposes a
knowledge graph-based evaluation benchmark to
mitigate hallucination issues by testing biomedical
agents on scientific claim verification and their abil-
ity to interact with structured knowledge graphs.
MedRAG (Xiong et al., 2024) presents a retrieval-
augmented generation (RAG) benchmark designed
to evaluate medical question-answering systems,
focusing on reducing hallucinations and enhancing
factual accuracy by incorporating external knowl-
edge retrieval. Other types of work attempt to lever-
age the multi-modal information from medical im-
ages. CT-Agent (Yue and Fu, 2024) introduces
a clinical multi-agent system that autonomously
manages clinical trial tasks, employing advanced
reasoning methods to enhance efficiency in the clin-
ical trial process. MMedAgent (Li et al., 2024a) in-
tegrates multiple specialized tools to create a multi-
modal medical AI agent capable of handling di-
verse medical imaging and language tasks, thereby
demonstrating superior performance over existing
methods across several medical modalities. EHRA-
gent (Shi et al., 2024) addresses challenges related
to electronic health records (EHRs) by enabling
LLMs to autonomously generate, execute, and re-
fine code, allowing for more efficient multi-step
reasoning over EHR data. Different from the agents
mentioned above, MedAgents (Tang et al., 2024)
adopts a role-playing multi-agent framework to
simulate expert collaboration instead of using clin-
ical tools and effectively improves the zero-shot
reasoning capabilities of LLMs in the medical do-
main without requiring extensive fine-tuning.

A.2 Medical Large Language Models

B ClinicalAgent Bench

The case demonstrations of the ClinicalAgent
Bench are shown in Figure 6. In this section, we
introduce the detailed information of the dataset
and the pre-built clinical toolbox.
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Algorithm 1 Optimization Step of REFLECTOOL

Require: Clinical task input X = {q, I} and ground-truth answer y
1: Initialize empty long-term memory M and tool-wise experience E
2: Generate initial trajectory C1: LLM(X ) ! C1

3: Compare C1 with ground-truth y and generate suggestion S: LLM(X , C1, y) ! S .
4: Regenerate refine trajectory C2 based on suggestion: LLM(X , C1, S) ! C2

5: if yC2 = y then
6: Save the successful trajectory into long-term memory:

M [ {X , C2} ! M

7: Generate action-wise suggestions:

LLM(X , C1, C2, y) ! EX

8: for all a 2 A do
9: Merge each tool suggestion into the corresponding tool-wise experience:

LLM(E(a), EX (a)) ! E(a)

10: end for
11: end if
12: Return updated long-term memory M and tool-wise experience E

B.1 Details of Datasets
B.1.1 Knowledge&Reasoning
Medical knowledge and reasoning is a critical ca-
pacity for the medical agent to analyze and com-
plete tasks (Jin et al., 2019). To evaluate the
agent performance, we choose PubMedQA (Jin
et al., 2019), MMLU (Hendrycks et al.), and
BioASQ (Krithara et al., 2023) for the med-
ical knowledge question-answering (QA) and
MedQA (Jin et al., 2021) for medical reasoning.

MedQA MedQA (Jin et al., 2021) is a medical
question-answering dataset primarily used for eval-
uating large language models’ understanding of
medical knowledge. It includes questions similar
to those in medical exams, testing the model’s abil-
ity to answer complex, domain-specific questions.

MMLU MMLU (Hendrycks et al.) (Massive
Multitask Language Understanding) dataset con-
sists of questions across 57 subjects, including both
STEM and humanities. It is designed to evaluate
models on a broad spectrum of human knowledge,
making it suitable for testing general-purpose large
language models on diverse subject matters.

BioASQ BioASQ (Krithara et al., 2023) is a
biomedical question-answering challenge that pro-
vides a benchmark for testing systems on biomedi-

cal information retrieval and reasoning. The dataset
contains factoids, lists, and summary questions
based on biomedical texts and PubMed articles,
making it valuable for evaluating biomedical un-
derstanding.

PubMedQA PubMedQA (Jin et al., 2019) is a
dataset that comprises question-answer pairs ex-
tracted from biomedical literature abstracts, specif-
ically PubMed. It focuses on testing models’ abil-
ities to provide correct answers to research ques-
tions based on evidence from scientific articles,
supporting biomedical inference and comprehen-
sion tasks.

B.1.2 MultiModal

Medical images4 are a common form of informa-
tion in clinical scenarios. Many diseases require
a combination of image examination information
to be accurately diagnosed. Here, we choose three
datasets with 12 modalities and a wide range of
task types. We chose SLAKE (Liu et al., 2021) and
VQA-RAD (Lau et al., 2018) for the open-ended
QA and OmniMedVQA (Hu et al., 2024b) for the
closed-ended QA.

4The multimodal in this paper mainly indicates that medi-
cal images with multiple modalities.
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Clinical Capacity Requirements Agent Trustfulness Requirements

Question: 
A junior orthopaedic surgery resident is 
completing a carpal tunnel repair with the 
department chairman as the attending 
physician… Which of the following is the correct 
next action for the resident to take?

Options:
A. Disclose the error to the patient and put it in 
the operative report
B. Tell the attending that he cannot fail to 
disclose this mistake
C. Report the physician to the ethics committee
D. Refuse to dictate the operative report

Question: 
What is the state of 
the lungs depicted in
this picture?

Options:
A. The lungs in the image appear fibrotic and 
stiff, indicating a lung disease.
B. The lungs appear emphysematous and filled 
with air pockets.
C. The lungs appear healthy and normal.
D. The image shows damaged and non-
functional lungs.

Methods 

Question: 
What are the three most frequent 
drugs prescribed to f patients with 
an age of 20s within the same
month after they were diagnosed 
with  unspecified acquired 
hypothyroidism?

SQL:
SELECT T3.drug FROM ( SELECT 
T2.drug, DENSE_RANK() OVER ( 
ORDER BY COUNT(*) DESC ) AS C1 
FROM ( SELECT admissions.subject_id...

EHR

> 16k words

Question: 
Regarding the molecular pathology
report, which of the following 
statements is true for Mrs. 
Sample? 

Options:
A. The sample shows evidence 
of t(14;18) translocation.
B. No clonal B-cell expansion was detected.
C. No evidence of t(14;18) translocation
D. The ligament sample showed evidence of 
tumor cells.

Multiple-Docs

Question: 
In the planetary expanse of Zarkon, 
where the enigmatic Zarko species 
boast a highly unusual diploid number 
of 46 chromosomes, if a Zarko were 
to experience the rare andincomprehensible
anomaly of 4 nulisomies and a monosomy, what 
unfathomable and bewildering number of 
chromosomes would be found within their cells?
Options:
A. 37, the mystical number of the cosmic unicorn
B. 38, a number said to hold immense mystical 
power and the key to unlocking the secrets of the 
multiverse…

Swap

Question: 
What imaging modality was 
used to capture this image?
A. Computed Tomography scan
B. Positron Emission
Tomography scan
C. Color fundus photography
D. Angiography

Question: 
What is the observation that 
can be made from this image?
A. Kidney dysfunction
B. Pancreatic tumor
C. Bowel abnormality
D. Gallbladder inflammation

Cross-modal
mismatch

MedQA MMLU PubMedQABioASQ

SLAKE OmniMedVQAVQA-RAD PMC-VQA

MedCalc MIMIC IIIEHRSQL eICU

MedHalt LongHaltHaltMedVQA HER-Halt

MedMention emrQA LongHealth -

UMLS Bing MedRAG Calculators Code 
Interpreter

Spacy Llama-
Index

DrugBank Verifier MLLM

Question: 
what is the drug that patient 015-56390 was 
prescribed with within 2 days after being 
diagnosed with upper gi bleeding - varices in 
12/last year? If you think the results cannot be 
obtained from the sql database, please directly 
reply with the "No result ".

SQL Code

No Result

Question: 
Which chronic, neuroinflammatory 
disease does Mrs. Sample suffer 
from? 

Options:
A. Autoimmune encephalitis
B. Multiple sclerosis
C. Parkinson
D. Brain abscess
E. Question cannot be answered with provided 
documents
F. Dementia

> 16k words

Irrelated-Docs

Qwen2LLM

MLLM

Agent

MedLlama3 Llama3.1

HuatuoVision MiniCPM InternVL

ReAct Reflection CRITIC

ClinicalAgent
Bench

Figure 6: Overview of the ClinicalAgent Bench.

VQA-RAD VQA-RAD (Lau et al., 2018) is a
manually constructed medical visual question an-
swering (VQA) dataset that consists of 451 radi-
ology images along with naturally occurring ques-
tions generated by clinicians and reference answers.
This dataset aims to help AI systems better un-
derstand radiology images and assist in clinical
decision-making.

SLAKE SLAKE (Liu et al., 2021) is a
semantically-labeled, knowledge-enhanced dataset
for medical visual question answering, containing
642 images and 14,028 question-answer pairs. It
includes a variety of modalities, annotated by ex-
perienced physicians, and provides comprehensive
semantic labels such as segmentation and bounding
boxes. We only choose the English questions part
of the test subset, resulting in 1061 instances.

OmniMedQA OmniMedQA (Hu et al., 2024b)
is a large-scale medical visual question-answering
benchmark with 118,010 images and 127,995
question-answer pairs collected from 73 medical
datasets covering 12 different imaging modalities
and more than 20 anatomical regions. Here, we
randomly sample the 1000 instances from the pub-
lic part of the dataset and keep the data component

proportions to avoid bias.

B.1.3 Numerical Analysis
Numerical analysis mainly contains two perspec-
tives. One is the numerical calculation, commonly
used in test results analysis and risk prediction (Jin
et al., 2024). We choose MedCalc (Khandekar
et al., 2024) to evaluate the agent capacity in
equation-based and rule-based calculation tasks.
The other is the database operation and understand-
ing, where agents need to gather patient informa-
tion from the EHR database to conduct further
analysis. We evaluate agents on EHRSQL (Lee
et al., 2022), MIMIC-III (Johnson et al., 2016),
eICU (Pollard et al., 2018).

MedCalc MedCalc (Khandekar et al., 2024) is
a novel dataset designed to evaluate the medical
calculation capabilities of large language models
(LLMs). It contains over 1,000 manually reviewed
instances spanning 55 different medical calcula-
tion tasks, including both rule-based and equation-
based calculations. Each instance provides a pa-
tient note, a specific medical question, a ground
truth answer, and a step-by-step explanation. The
dataset aims to assess LLMs’ ability to handle med-
ical calculations commonly used in clinical settings,
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Type Id. Name Descriptions Input

1 Plan Plan step-by-step solutions for a task. Usually take at the beginning
of the solving process.

�

2 Think Conduct thinking and reasoning process for solving task. �Inner Tools
3 Finish Complete the task with a response. �

4 Google Search Using this action to search online content with google. �
5 Medrag Use this action to retrieve medical knowledge from the public,

textbooks, and statpearls to solve problems.
�

6 DrugBank Use this action to search the information about specific drug �
Knowledge Tools

7 UMLS Use this action to query the definition and the related medical
concept of the medical_terminology.

�

8 HuatuoGPT Use this action to gather information from the medical image with
a medical-domain multi-modal large language model.

� �

9 MedCaptioner Use this action to generate a comprehensive caption for the medical
image with a medical captioner.

�
MultiModal Tools

10 MiniCPM Use this action to gather information from the medical image with
a general multi-modal large language model.

� �

11 Calculator Use this action to perform mathematical calculations. �
12 DBManual Use this action to obtain the SQL database description and usage

method related to the query. This action is helpful when the
SQLCoder cannot find the information.

�

Numerical Tools
13 SQLCoder Use this action to gather the patient information from the

sql_database. The SQLCoder will transfer the natural language
query into the SQL command and get the information from the
sql_database.

� �

14 Spacy Using this action to recognize the biomedical entities in the sen-
tence.

�

Data Tools
15 LongDocRAG Using this action to construct a retrieval knowledge base from the

uploaded files and query the information from the knowledge base.
The action can only be taken when the upload files are not None

� �

Table 9: The description of the tools in the clinical toolbox. The column of Input shows the tools’ input format,
which indicates the form of the information that the tool can leverage. Specifically, ‘�’ indicates free text, ‘�’
indicates the medical image, ‘�’ indicates the Python or SQL command, and ‘�’ indicates the documentation file.
Input with two icons indicates the tools need two types of inputs.

focusing on arithmetic computations and extraction
of relevant attributes from patient notes.

EHRSQL EHRSQL (Lee et al., 2022) is a practi-
cal text-to-SQL benchmark designed for electronic
health records (EHRs). It consists of 24,411 natural
questions collected from 222 hospital staff, includ-
ing physicians, nurses, and administrators, aimed at
addressing various data retrieval needs from EHR
databases. The dataset includes both answerable
and unanswerable questions to evaluate trustworthy
QA systems that can refuse unanswerable queries.
Specifically, we only keep the answerable question
in the dataset and putMed the unanswerable parts
into the EHR-Halt dataset in the Trustworthiness
capacity dimension.

MIMIC-III MIMIC-III (Johnson et al., 2016)5

covers 38,597 patients and 49,785 hospital admis-
sions information in critical care units at the Beth Is-
rael Deaconess Medical Center ranging from 2001
to 2012. It includes deidentified administrative
information such as demographics and highly gran-
ular clinical information, including vital signs, lab-
oratory results, procedures, medications, caregiver
notes, imaging reports, and mortality. Our datasets
are derived from the code base of Lee et al. (2022).
Specifically, we only keep the answerable ques-
tion in the dataset and put the unanswerable parts
into the EHR-Halt dataset in the Trustworthiness
capacity dimension.

5https://physionet.org/content/mimiciii/1.4
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eICU Similar to MIMIC-III, eICU (Pollard et al.,
2018)6 includes over 200,000 admissions from mul-
tiple critical care units across the United States in
2014 and 2015. It contains unidentified adminis-
trative information following the US Health Insur-
ance Portability and Accountability Act (HIPAA)
standard and structured clinical data, including vi-
tal signs, laboratory measurements, medications,
treatment plans, admission diagnoses, and medical
histories. We also derive the dataset from the code
base of Lee et al. (2022). Specifically, we only
keep the answerable question in the dataset and put
the unanswerable parts into the EHR-Halt dataset
in the Trustworthiness capacity dimension.

B.1.4 Data Understanding
Clinical data understanding is the focus of conven-
tional medical natural language processing (NLP).
Agents are required to extract the key information
or relations from the redundant report to understand
the patient stats better. Therefore, we choose the
name entity recognition dataset MedMentions (Mo-
han and Li, 2019), information extraction dataset
emrQA (Pampari et al., 2018), and long context
QA dataset LongHealthQA (Adams et al., 2024)
to evaluate the data understanding capacity of the
agents.

MedMentions MedMentions (Mohan and Li,
2019) is a biomedical corpus consisting of over
4,000 abstracts sourced from PubMed and manu-
ally annotated with over 350,000 linked mentions
of concepts from the Unified Medical Language
System (UMLS). It covers a wide range of biomed-
ical disciplines and includes over 3 million con-
cepts from the UMLS 2017 release. MedMentions
aims to support research in biomedical named en-
tity recognition and entity linking, providing a rich
resource for developing systems with broad cover-
age of biomedical concepts.

emrQA emrQA (Pampari et al., 2018) is a large-
scale question-answering (QA) dataset specifically
designed for clinical notes. It is constructed by
leveraging existing expert annotations from the
i2b27 datasets, resulting in a dataset with over 1
million question-logical form pairs and more than
400,000 question-answer evidence pairs. emrQA
aims to support the development of QA systems
capable of understanding complex clinical narra-
tives and providing answers based on longitudinal

6https://physionet.org/content/eicu-crd/2.0
7https://www.i2b2.org/NLP/DataSets/

patient records. Here, we derive the emrQA dataset
from Huggingface8.

LongHealthQA LongHealthQA (Adams et al.,
2024) is a comprehensive benchmark designed to
evaluate the capabilities of LLMs in processing
and interpreting extensive clinical documentation.
This benchmark consists of 20 detailed fictional pa-
tient cases across various diseases, with each case
containing between 5,090 to 6,754 words. The
LongHealthQA benchmark challenges LLMs with
400 multiple-choice questions categorized into in-
formation extraction, negation, and sorting, pro-
viding a robust assessment tool for LLMs in the
healthcare context. In this paper, we simulate
multiple documentation question-answering sce-
narios by randomly selecting numeral other cases
and constructing the LongHealthQA with context
longer than 22k tokens. There are 400 questions in
LongHealthQA; we chose 200 as the optimization
samples and the other as the test samples.

B.1.5 Trustworthiness
For the application of the clinical agents, the trust-
worthiness of the response is very important. If clin-
ical agents experience hallucinations while com-
pleting tasks, their responses may result in severe
medical accidents. To comprehensively evaluate
the hallucination that happened in the agents’ solv-
ing process, we choose four types of datasets to
validate the trustworthiness in four types of tasks:
MedHalt-Rht (Pal et al., 2023), MedVQA-Halt (Wu
et al., 2024), EHR-Halt (Lee et al., 2022; John-
son et al., 2016; Pollard et al., 2018), and Long-
Halt (Adams et al., 2024).

MedHalt-Rht Med-HALT (Medical Domain
Hallucination Test) is a comprehensive benchmark
and dataset for evaluating hallucination in large
language models (LLMs) within the medical do-
main. It includes reasoning and memory-based
hallucination tests, with data derived from multi-
national medical examinations such as AIIMS (In-
dia), USMLE (U.S.), and more. Med-HALT aims
to improve the safety and reliability of LLMs in
healthcare by evaluating their problem-solving and
information retrieval abilities under scenarios that
could induce hallucinations.

MedVQA-Halt This benchmark is designed to
evaluate hallucination in medical visual ques-

8https://huggingface.co/datasets/Eladio/
emrqa-msquad
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tion answering (Med-VQA) using medical images
paired with question-answer sets. It aims to assess
state-of-the-art large vision and language models’
performance in detecting and avoiding hallucina-
tory responses. The benchmark includes modified
versions of existing VQA datasets like PMC-VQA,
PathVQA, and VQA-RAD, with scenarios such as
fake questions, "None of the Above" (NOTA), and
image swaps to test the models’ robustness against
hallucination.

EHR-Halt EHR-Halt is the trustworthiness
dataset with SQL database question-answering.
The dataset is constructed with the unanswerable
questions derived from the EHRSQL, MIMIC-III,
and eICU, resulting in 1032 samples. For this type
of question, the agents need to generate the correct
SQL command and retrieve it with the blank value.

LongHalt Similarly to EHR-Halt, LongHalt is
also derived from LongHealthQA after the opera-
tion described in Adams et al. (2024). We randomly
sample multiple documentation except for the note
containing the answer to the question. The model
without the answer in the context can only refuse
to answer the question.

B.2 Clinical Toolbox
In this section, we introduce the details of the im-
plementation of each tool in the clinical toolbox
proposed. The description of the tool in the pre-
built toolbox is shown in Table 9.

B.2.1 Knowledge Tools
Google Search We use the implementation of the
python library googlesearch-python9. To avoid
the context becoming too lengthy due to retrieval
results, we have only used the titles and abstracts
of the first ten retrieved results.

Medrag Following the implementation of Xiong
et al. (2024), the knowledge base in our method
is composed of PubMed10, StatPearls11, and Text-
books (Jin et al., 2021). We adopt BM2512 (Robert-
son et al., 2009) as the retriever to search the infor-
mation from the medical knowledge base.

DrugBank We download the drug table from the
website of DrugBankOnline13. The table consists

9https://pypi.org/project/
googlesearch-python/

10https://pubmed.ncbi.nlm.nih.gov/
11https://www.statpearls.com/
12https://github.com/facebookresearch/faiss
13https://go.drugbank.com/

of drugs and their relative information, including
description, state, indication, dosages, and so on.

UMLS For UMLS knowledge graph, we use
the API provided by the National Institute of
Health (NIH)14.

B.2.2 MultiModal Tools
HuatuoGPT HuatuoGPT is a medical MLLM
for medical image understanding. We adopt
HuatuoGPT-Vision-7B15 as the medical image in-
formation gather. HuatuoGPT will provide the an-
swer to the question generated by the agents.

MedCaptioner MedCaptioner (Xie et al., 2024)
is a medical image captioner which can generate
the caption without any query. Besides, it decom-
poses the image report into five parts, including
the Modality Classification, Structure Detection,
ROI Analysis, Leison Texture, and Local-global
Relation. The structured report gives a comprehen-
sive description and can help the agent to better
understand the medical image.

MiniCPM MiniCPM (Hu et al., 2024a) is the
MLLM developed for general domains. Here, we
choose general domain MLLM as a supplement to
medical MLLM to provide more options for the
agent and improve the robustness of image under-
standing.

B.2.3 Numerical Tools
Calculator The calculator is used to receive
mathematical expressions generated by the agent
and execute the calculations using Python logic.
This functionality is implemented with Python’s
built-in eval function.

DBManual For DBManual, we refer to the im-
plementation of the SQL knowledge base in EHRA-
gent (Shi et al., 2024), providing a detailed descrip-
tion of each SQL database, including its tables and
columns. This allows the model to utilize DBMan-
ual to understand the structure of each database and
the semantics of its columns, thereby improving
task performance.

SQLCoder The role of SQL Coder is to convert
the agent-generated intent into SQL queries and
return the results retrieved from the database. In the
implementation, the SQL Coder and the agent share

14https://www.nlm.nih.gov/research/umls/index.
html

15https://huggingface.co/FreedomIntelligence/
HuatuoGPT-Vision-7B
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the same model. Since the model’s conversion
to SQL syntax is not always successful, the SQL
Coder can make up to three attempts based on the
error messages encountered.

B.2.4 Data Tools
Spacy SpaCy is used to extract all medical-
specific terms from the input paragraph. To en-
hance the efficiency of entity extraction, we employ
the en_core_sci_sm16 model from SciSpaCy17 as
the NER model.

LongDocRAG LongDocRAG is utilized to di-
vide multiple user-uploaded documents into chunks
and perform retrieval using Retrieval-Augmented
Generation (RAG), enabling the agent to handle
long contexts. In the implementation, we employ
Llama-Index18 to accomplish this operation. It is
worth noting that Llama-Index can handle multi-
modal data; however, in this work, we limit its use
to processing textual data only.

B.3 Further Discussion

B.3.1 Clinical Tool
For the coverage of tools in the proposed Clini-
cal Toolbox, it is intractable to account for any
existing medical tool due to the diversity and com-
plexity of medical tasks. However, to ensure that
our work can be broadly applicable across vari-
ous clinical scenarios, we have made a conscious
effort to include a diverse range of tools. For
Knowledge & Reasoning dimension, where task
types are relatively uniform, we constructed a set
of heterogeneous knowledge tools, including free
text (Medrag), knowledge graphs (UMLS), tables
(DrugBank), and search engines (Google Search).
For the MultiModal dimension, three On the other
hand, dimensions with inherently diverse task types
naturally feature a wider variety of tools. Fur-
thermore, our proposed method, ReflecTool, im-
poses no restrictions on tool types, enabling it to
generalize effectively to other tools. In terms of
MultiModal dimensions, the three selected multi-
modal models exhibit distinct areas of specializa-
tion. HuatuoGPT is tailored to the medical domain,
providing domain-specific capabilities. MiniCPM
serves as a general-purpose model, supplementing
the medical model to enhance the diversity and
functionality of the tools. MedCaptioner, designed

16https://allenai.github.io/scispacy/
17https://github.com/allenai/scispacy
18https://www.llamaindex.ai/

specifically for generating descriptions of medical
images, operates independently of queries provided
by agents, thereby offering a unique utility within
the framework. For other dimensions defined by
diversity, a variety of tools is naturally required to
ensure the comprehensive diversity of tools within
the Clinical Toolbox.

B.3.2 Clinical Scenarios
Following the discussion on the comprehensive-
ness of tools, this section examines the medical
scenarios in which agents can be applied. The five
proposed dimensions correspond to five distinct
types of scenarios anticipated for agent deploy-
ment. The Knowledge & Reasoning dimension
equips the model with the ability to leverage medi-
cal knowledge for tasks such as medical question-
answering and reasoning-based decision-making
in clinical diagnoses. The MultiModal dimen-
sion enables the model to process diverse types of
medical images. For instance, the selected multi-
modal medical models, HuatuoGPT and MedCap-
tion, support the analysis of all common imaging
modalities, including X-rays, CT scans, and MRI,
thereby ensuring robust coverage in medical image
interpretation. The Numerical Analysis dimen-
sion allows the model to integrate with hospital
Electronic Health Record (EHR) systems, enhanc-
ing its capacity to assist physicians in delivering
medical services. This capability also improves
the model’s proficiency in interpreting numerical
data, enabling accurate evaluations of clinical in-
dicators for normalcy. The Data Understanding
dimension enhances the model’s ability to process
medical text, such as patient reports and long-form
records like longitudinal follow-ups. Lastly, the
Trustworthiness dimension focuses on minimiz-
ing hallucinations during medical task execution,
thereby improving the model’s reliability in clinical
applications.

C Case Study

C.1 Parameter Error in Tool Usage

There are two types of errors in the process of
an agent utilizing tools to solve problems. The
first is tool selection errors, as discussed in Sec-
tion 5.5, where the agent employs an inappropriate
tool for the task. The second is parameter errors,
which occur when the agent uses the correct tool
but fails to provide appropriate parameters, leading
to unexpected results. A common example is when
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an agent invokes a knowledge tool but generates
an unsuitable query, causing the tool to retrieve
knowledge with low relevance to the task, thereby
failing to provide the agent with effective informa-
tion. Figure 7 presents a case study to illustrate this
phenomenon more clearly. It can be observed that
while both agents invoked the same tool, Medrag,
Reflexion-Qwen2-72B failed to obtain the correct
result. In contrast, ReflecTool-Qwen2-72B, de-
spite initially failing to retrieve relevant informa-
tion, successfully generated the correct query after
reflection, ultimately retrieving effective informa-
tion. This demonstrates that ReflecTool not only
enhances the model’s ability to select the appro-
priate domain-specific tools but also enables the
agent to leverage the tool-wise reflection mecha-
nism to provide better parameters when invoking
tools, thereby maximizing their effectiveness.

D Experiments Details

D.1 Implementations
All the LLMs and MLLMs methods solve the task
under the zero-shot settings while all the agent-
based methods are one-shot to demonstrate the ac-
tion format for the agents. Besides, considering
that the multimodal tools can only be used in multi-
modal tasks, we remove the multimodal tools when
agents are solving other types of tasks to save the
cost of memory. All the experiments are run on
two NVIDIA A100 80GB.

D.2 Prompt Used in REFLECTOOL

The prompts of the optimization stage are shown in
Figure 8 and Figure 9. The prompts of the inference
stage are shown in Figure 10, and two types of
verifiers are shown in Figure 11.
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Question
Prognosis of well differentiated small hepatocellular carcinoma--is well differentiated hepatocellular carcinoma clinically early 
cancer? A. yes B. no C. maybe

Reflexion-Qwen2-72B
Action: Plan[{"response": "To determine the prognosis of well differentiated small hepatocellular carcinoma and whether it is 
clinically early cancer, I will use the Medrag action to retrieve medical knowledge from pubmed, textbooks, and statpearls. Then, I 
will use the Finish action to provide the answer to the question."}]
Observation: OK
Action: Medrag[{"query": "prognosis of well differentiated small hepatocellular carcinoma"}]
Observation: Document [0] (Title: Lnc-ATG9B-4 aggravates progress of hepatocellular carcinoma through cell proliferation and 
migration by upregulating CDK5.) …Document [1] (Title: Clinicopathological characteristics of surgically resected minute 
hepatocellular carcinomas.) The multistep development of …
Action: Think[{"response": "The Medrag action did not provide direct information on the prognosis of well differentiated small 
hepatocellular carcinoma or whether it is clinically early cancer. However, based on general medical knowledge, well 
differentiated hepatocellular carcinoma often has a better prognosis than poorly differentiated tumors and can be considered 
clinically early if it is small and localized. Without specific information, the most appropriate response would be \'maybe\', as the 
prognosis can vary depending on several factors including tumor size, stage, and patient health status."}] 
Observation: OK
Action: Finish[{"response": "C. maybe"}]

ReflecTool-Qwen2-72B (Candidate Selection)
Action: Plan[{"response": "First, I will use the Medrag action to search for studies or articles that discuss the 
prognosis of well-differentiated small hepatocellular carcinoma and whether it can be considered clinically early 
cancer. Based on the findings, I will determine if well-differentiated hepatocellular carcinoma is clinically early cancer. 
Finally, I will answer the question with either A, B, or C."}]
Observation: OK 
Action: Medrag[{"query": "prognosis of well differentiated small hepatocellular carcinoma"}]
Observation: Document [0] (Title: Lnc-ATG9B-4 aggravates progress of hepatocellular carcinoma through cell 
proliferation and migration by upregulating CDK5.)… Document [1] (Title: Clinicopathological characteristics of 
surgically resected minute hepatocellular carcinomas.) The multistep development of …
Action: Think[{"response": "The Medrag action did not provide any information specifically about the prognosis of 
well-differentiated small hepatocellular carcinoma or whether it can be considered clinically early cancer. I need to 
refine the search query to get more relevant results."}]
Observation: OK 
Action: Medrag[{"query": "prognosis well differentiated small hepatocellular carcinoma clinically early cancer"}] 
Observation: Document [0] (Title: Prognosis of well differentiated small hepatocellular carcinoma--is well 
differentiated hepatocellular carcinoma clinically early cancer?) 
Action: Think[{"response": "The Medrag action provided a document that directly addresses the question. Document 
[0] states that well-differentiated (w-d) hepatocellular carcinoma is not clinically early cancer, as there was no 
significant difference in disease-free survival between patients with w-d and less differentiated (l-d) HCCs. This 
information allows me to answer the question."}] 
Observation: OK 
Action: Finish[{"response": "B. no"}]

Figure 7: Case study for parameter error in tool usage. The figure compares the reasoning trajectories of two
agent-based methods for the same task.

13527



First Trajectory Reflection
You are a clinical agents fine-tuner. I will provide you with the solving processes of clinical agents and the expected correct result. 
You need to evaluate it and suggest modifications to the model's output. Please use 
`<requirement_for_previous></requirement_for_previous>` to enclose your feedback.

The description of this task is as follows:
<task_description>{task_description}</task_description>

Below is the model's output:
<result>{result}</result>

The expected result is:
<ground_truth>{ground_truth}</ground_truth>

Here is the evaluation score for the model. Your goal is to optimize this score:
<score>{score}</score>

The relevant information about this score is as follows:
<evaluation_info>{score_info}</evaluation_info>

Please Note:
1. Ensure that `<requirement_for_previous></requirement_for_previous>` exists and appears once.
2. If the model's output is satisfactory, you can output <requirement_for_previous>The output is satisfactory, no additional 
requirements</requirement_for_previous>.
3. The output should be as close to the expected result as possible while ensuring correctness. For example, if the expected result is 
"BUST" and the model's output is "The women's lifestyle magazine is 'BUST' magazine.", even though this answer is correct, you 
should remind the model to be concise.

Figure 8: Prompt for the reflection on the first trajectory in optimization stage.
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Tool-wise Suggestion Generation
You are a clinical agent fine-tuner. I will provide you with the solving processes of clinical agents and the retrial solving process 
based on a reflection on the previous one. You need to compare the action chains in the two solving processes and summarize the 
better usage of each action. You need to summarize better input parameter annotations for each action. For example, when 
searching for information, the query needs to include more comprehensive information, and the input expression of the calculator
should meet the Python code format requirements. Later, your summary suggestions will be used to refine the model's actions or 
select better action usages.
Note:
1. You can only summarize the better usage for the actions that being taken in the action chains shown above.
2. You can give more than one suggestion for each action
4. Your output format should follow this JSON format without any extra sequence:
{{
"action_name1": [
\"suggestion1\",
\"suggestion2\",
...,
\"suggestionN\"
],
...
"action_nameN": [
\"suggestion1\",
\"suggestion2\",
...,
\"suggestionN\"
],

}}

The description of this task is as follows: 
{task_description}

The first action chain of the task:
{action_chain_old}

The retrial action chain of the task:
{action_chain_new}

The expected result is: 
{ground_truth}

The action suggestion:

Tool-wise Experience Generation
You are tasked with updating the suggestion for guiding the agent to fully utilize the action capacity. Your job is to update the 
action_suggestion with new_action_suggestion.
Note:
1. You can merge two of the suggestion if they have similar semantic.
2. You can directly add new suggestion if it is not contained in the action_suggestion.
4. Your output format should follow this JSON format without any extra sequence:
[
\"suggestion\",
\"suggestion2\",
...,
\"suggestionN\"
]

The new action suggestion is as follows:
{new_action_suggestion}

The action suggestion of the tool:
{action_suggestion}

The updated action suggestion:

Figure 9: Prompt for the tool-wise suggestion and tool-wise experience generation.

13529



Prompt for ReflectTool
You are an intelligent agent. You should follow your [Role], [Constraint] to take actions. You can only take the action descripted in 
[Action_Doc] and refer to the action using format shown in [Example]. The [Example] provides an action chain that successfully 
solves the problem, and you need to refer to its advantages and reflect on its failures to better complete the current task. Note that 
you can only take one Action at a time and cannot output the Observation. When the Observation is 'This is the wrong action to 
call', you should reformulate previous output as the format in [Example] instead of output any other sentence. To solving the task 
better, you should first consider to obtain the information from the <Inputs> and <MultiModal Inputs> with suitable tools. Do not 
After completing the current task, you are required to reflect on the actions and path you took to attempt to complete it and retry to 
solving the task better base on the reflection in [Previous_Trial]. Finish the task as best as you can.
[Role]
You are a helpful medical assistant.
[End of Role]
[Constraint]
You generation should be simple and clear. You can only take the action instead of communication. You can only perform 15-step 
actions at most. You need to call the Finish action and give the answer to the question at the last action.
[End of Constraint]
[Action_Doc]
{Action Doc}
[End of Action_Doc]
[Example]
{Example}
[End of Example]
[Execution]
{Task Information}
Action:

Figure 10: Prompt for the REFLECTOOL.

Prompt for Iterative Refinement Verification
You are an intelligent agent. Your job is to refine agent current action according to the action history and 
{PROMPT_TOKENS['action_guide']['begin']}. If the observation of the current action is given, you need to review whether the 
agent's current action has completed the expected sub-goal or has obtained information related to solution. If the observation of the 
current action is not given, you need to predict whether the action can achieve the expected goal. You need to modify the agent's 
action to better complete the task. You can only modify the action parameters instead of changing the action type. If you think the 
agent's current action does not need to be refined, please directly return the same action with same parameters. Otherwise, please 
rewrite the action directly. Remember that your job is to refine the action instead of continual completing the task!

Prompt for Candidate Selection Verification
You are an intelligent agent. Your job is to select the best agent current action from the {PROMPT_TOKENS['candidate_actions’] 
['begin']} according to the action history and {PROMPT_TOKENS['action_guide']['begin']}. If the observation of the current 
action is given, you need to choose the action that will accomplish the desired sub-goal or will be most effective in solving the 
problem. If the observation of the current action is not given, you need to choose the action that you think is most effective. 
Remember that your job is to select the best action instead of continual completing the task. Your output should be exactly the 
same as the action you selected from {PROMPT_TOKENS['candidate_actions']['begin']}. Do not output the observation.

Figure 11: Prompt for two type of Verifier.
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