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Abstract

Large language models(LLMs) exhibit growing potential as
autonomous agents, yet their decision-making capabilities in
real-world scenarios remain underexplored, particularly in dy-
namic scenarios where conditions are constantly changing.
Most existing benchmarks mainly focus on static environ-
ments, which significantly differ from real-world scenarios.
Additionally, existing evaluation frameworks lack fine-grained
assessments, providing limited insights during evaluation. To
address these, we propose FD-Bench a benchmark for eval-
uating the decision-making in dynamic scenarios. FD-Bench
employs a fire evacuation scenario as a representative dy-
namic setting and decomposes decision-making into percep-
tion, prediction, and action stages, enabling granular evalua-
tion of 8 LLMs and different reasoning frameworks. Our re-
sults show that LLMs experience a performance drop of over
50% in dynamic versus static scenarios. Inspired by “chunk-
ing” principle in Cognitive Load Theory (CLT), our hierarchi-
cal prompting strategy demonstrates improved performance in
dynamic decision-making tasks. This work provides insights
into LLMs’ limitations and pathways toward robust real-world
deployment.
Keywords: Large language models; Agents; Decision-
making; Benchmark; Dynamic environment

Introduction
Recent advancements in LLMs have shown their potential as
autonomous agents (L. Wang et al., 2024; Shinn, Labash, &
Gopinath, 2023), enabling them to interact with environments
autonomously and complete complex tasks across various do-
mains, such as embodied intelligence (Song et al., 2023), tool
agents (Qin et al., 2023), and web agents (S. Zhou et al.,
2023). These works highlight the potential of LLM agents
in solving real-world problems.

However, there is a significant discrepancy between exist-
ing tasks and real-world tasks, primarily because the envi-
ronments used for interaction are generally static and only
exhibiting responsive changes. In contrast, real-world envi-
ronments are characterized by spontaneous changes over
time or space, such as fire spread and day-night cycles
and these changes can be irregular or follow certain pat-
terns. These challenges resonate with Cognitive Load Theory
(CLT) (Sweller, 1988) in human cognition, where dynamic
factors introduce cognitive load by requiring LLM agents to
perceive changes, infer the underlying dynamic mechanisms,
and make decisions based on predictions of the changing en-
vironment. This certainly poses significant challenges to the
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temporal-spatial reasoning and decision-making abilities of
LLMs, like the example shown in Figure1. Indeed, our ex-
periments demonstrate that the presence of dynamic factors
in the environment significantly diminishes the performance
of LLM agents, which validates our initial hypothesis.

To explore the potential applications of LLM agents in real-
world scenarios, it is essential to gain a comprehensive un-
derstanding of their decision-making capabilities in dynamic
environments. Our work aims to address the following ques-
tions:

1. Can LLM agents identify dynamic factors in the environ-
ment and understand their patterns or behaviors?

2. Can LLM agents predict and model the states of dynamic
scenarios over multiple steps?

3. Can LLM agents make correct decisions in dynamic sce-
narios based on predictions?

To address these, we propose a novel method FD-Bench
(Fine-Grained Dynamic Decision Benchmark), a progress-
based evaluation benchmark for LLM’s decision-making ca-
pabilities. We constructed a dynamic grid-based fire spread
scenario, with the objective of safely escaping from a room
on fire. Differing from holistic evaluations in Table 1, we
decompose the LLM’s decision-making process in dynamic
scenarios into three sub-tasks based on the basic ability of
LLM: perception of dynamic elements and rules, prediction
and modeling of environmental states and decision-making
based on predictions. Notably, we design specific evaluation
metrics and prompts for each sub-task. Overall, FD-Bench
provides a total of 500 test scenarios and 3,000 prompts as
part of our dataset. Additionally, FD-Bench adopts a hybrid
evaluation approach that combines LLM-based and metric-
based methods to efficiently and accurately evaluate spatial
and temporal decision-making abilities.

Through extensive experiments with FD-Bench, we con-
duct an in-depth analysis of the performance of 8 LLMs in
dynamic environments, and drive a clear perspective on the
performance of LLM agents in dynamic environments: (1)
The performance of LLMs significantly declines in dynamic
scenarios compared to static scenarios. (2) GPT-4 and GPT-
4o-mini perform far better than other models, and other open-
source and closed-source models show mixed results across
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Figure 1: This is a case of scenarios involving dynamic elements that influence decision-making. In the figure, represents the
starting point, represents the target point, and represents walls or obstacles. Additionally, there is a spreading , which
expands by one grid every two rounds. In the presence of only static elements, the shortest path length is 8. However, when
dynamic elements such as fire are introduced, the previously optimal path becomes unsafe. Therefore, it is essential for large
language models to anticipate this situation and select an alternative route in advance, resulting in a new shortest path length of
10.

different tasks. (3) The main limitations of LLMs lie in the
recognition and prediction of dynamic elements with com-
plex patterns, as well as in decision-making based on multi-
step predictions. (4) Inspired by the ”chunking” principle in
CLT, we introduce a hierarchical prompting strategy that re-
duces cognitive load, which helps improve decision-making
processes in dynamic scenarios.

Additionally, the consistency between the performance of
individual tasks and end-to-end decision-making validates the
rationality of our framework’s decision process segmentation.
Through FD-Bench, we offer a new perspective on defin-
ing the capability boundaries of LLMs in dynamic environ-
ments. We expect that FD-Bench will provide valuable in-
sights for LLM application to real-world environments and
advance further development of LLM agents.

Related Work
Decision Making in Dynamic Environments Dynamic en-
vironments are characterized by stochasticity and sponta-
neous change. These environments pose significant and dis-
tinct challenges for decision-making (Padakandla, 2021),
necessitating that agents detect changes in the environment
and adjust their decisions accordingly. Evacuation during
fire emergencies is one of the scenarios used to study the
decision-making capabilities of agent-based model (ABM) in
complex and dynamic environment(Kasereka et al., 2018).
To cope with dynamic environments, various methods have
been proposed to improve decision-making in dynamic en-
vironments (Padakandla, 2021; Zhao et al., 2022; Hu et al.,

2022), but traditional approaches often suffer from high ex-
ploration costs, limited adaptability, slow convergence, and
dependence on expert data (Hospedales, Antoniou, Micaelli,
& Storkey, 2021).

LLM agents have recently demonstrated general solutions
across diverse tasks, including web browsing (S. Zhou et al.,
2023; Yao, Chen, Yang, & Narasimhan, 2022), tool utiliza-
tion (Qin et al., 2023), and embodied tasks (Shridhar et al.,
2021; R. Wang, Jansen, Côté, & Ammanabrolu, 2022; Fan
et al., 2022), due to their excellent reasoning (Wei et al.,
2022) and zero-shot generalization (Yao, Zhao, et al., 2023).
However, most existing works focus on task-specific evalua-
tions, overlooking the challenges posed by dynamic envi-
ronments, as illustrated in Table 1

Recent work by (Q. Zhou et al., 2024b) explores LLM
agents’ performance in search and rescue (SAR) tasks un-
der dynamic conditions such as fires, floods, and high
winds, comparing them with traditional models. The results
show that LLMs, utilizing their extensive world knowledge
and decision-making capabilities, outperform most baselines.
However, the impact of dynamic factors on LLM agents re-
mains underexplored. To better understand the boundaries of
LLM agents’ decision-making abilities in dynamic environ-
ments, we conduct more detailed evaluations.
Fine-grained evaluation of LLM Evaluating LLMs is essen-
tial for understanding their capability boundaries and poten-
tial applications. Many benchmarks have been established in-
volving reasoning (Valmeekam, Olmo, Sreedharan, & Kamb-
hampati, 2022), code generation (Jimenez et al., 2023; J. Liu,

1070



Table 1: Benchmark comparison. *AgentBench and AgentBoard include scenarios like web browsing where spontaneous
changes exist, but these works focus not on decision-making in dynamic scenarios but rather on the general decision-making
capabilities of LLMs as agents.

Benchmark Supports
LLM

Spontaneous Environment
Changes

Fine-Grained
Metrics

Dynamic-Focused
Analysis

ALFRED (Shridhar et al., 2020) ✗ ✗ ✗ ✗
VirtualHome (Puig et al., 2018) ✗ ✗ ✔ ✗
FCMs (Nachazel, 2021) ✗ ✔ ✗ ✗
ViZDoom (Kempka et al., 2016) ✗ ✔ ✔ ✗
D4RL (Fu et al., 2021) ✗ ✔ ✔ ✗
FinRL (X.-Y. Liu et al., 2023) ✗ ✔ ✔ ✗
AgentBench (X. Liu et al., 2023) ✔ ✗* ✗ ✗
WebShop (Yao, Chen, et al., 2023) ✔ ✗ ✔ ✗
PlanBench (Valmeekam et al., 2023) ✔ ✗ ✔ ✗
Auto-gpt (Yang et al., 2023) ✔ ✗ ✔ ✗
AgentBoard (Ma et al., 2024a) ✔ ✗* ✔ ✗
VOYAGER(G. Wang et al., 2023) ✔ ✔ ✗ ✗
WebArena (S. Zhou et al., 2024) ✔ ✔ ✗ ✗
HAZARD (Q. Zhou et al., 2024a) ✔ ✔ ✗ ✗
FD-Bench ✔ ✔ ✔ ✔

Xia, Wang, & Zhang, 2024), and agent tasks (Qin et al., 2023;
S. Zhou et al., 2023).

Compared to most existing benchmarks that use success
rates as the primary metric, fine-grained evaluations often
provide more detailed information, especially when LLMs
perform similarly bad across challenging tasks. (Ma et al.,
2024b) introduces a progress rate to assess LLMs as general
agents, offering deeper insights into the performance differ-
ences between various LLMs. Similarly, (Chen et al., 2023)
decomposes the pipeline of tool use into several key tasks,
minimizing the impact of external factors. These works uti-
lize reasonable annotations or capability decomposition to ad-
vance the understanding and insights of LLMs’ boundaries in
specific tasks and scenarios.

In this work, we propose a fine-grained evaluation frame-
work based on the decomposition of the decision-making pro-
cess. This framework aims to provide more precise insights
into the capability boundaries of LLMs in dynamic environ-
ments, further advancing the development of LLM agents.

FD-Bench - Overview
FD-Bench aims to provide a detailed and fine-grained evalu-
ation of LLM agents’ decision-making abilities in dynamic
environments and explore their decision-making bound-
aries. FD-Bench distinguishes itself through three key fea-
tures:

• Fine-grained Evaluation Based on Capability Decomposi-
tion: FD-Bench employs a fine-grained evaluation method
by decomposing the complex decision-making process into
multiple sub-tasks. Additionally, well-designed evaluation
metrics are provided for each sub-task, enabling a more
detailed assessment of individual capabilities.

• Generalizability of the Evaluation Framework: The mod-
ular design of FD-Bench allows for the integration of dif-
ferent environmental conditions and decision-making chal-

lenges, enabling its adaptation to other dynamic environ-
ments.

• Focus on the Impact of Dynamic Factors on Decision-
Making: Each test scenario includes a random number
of static and dynamic factors that do not affect decision-
making. By including these random factors, FD-Bench en-
hances evaluation robustness and provides a more detailed
and realistic assessment of LLM agents’ decision-making
in dynamic environments.

Preliminaries
In our evaluation of agents in dynamic environments, we ex-
tend Markov Decision Processes (MDPs) to accommodate
environments where state transitions are influenced by both
the agent’s actions and the dynamics of the environment it-
self. To model these interactions, we consider a dynamic
variant of MDPs defined by the tuple ⟨g,S,A,T ,D⟩, where
g is the goal, S is the state space, A is the valid actions space,
T : S×A×D → S is the transition function considering both
the agent’s actions and the environment’s dynamics, D is the
set of dynamic rules of the environment.

An agent with policy π makes a prediction at time step t
based on goal g, current state st , memory mt , and predicted
future states ŝt+1, . . . , ŝt+k, where:

mt = {o j,a j,o j+1,a j+1, . . . ,ot}, 0 ≤ j < t, (1)

which is a sequence of actions and observations. The trajec-
tory of the agent τ is formulated by policy and environmental
state transitions, such as:

pπ(τ) = p(s0)
T

∏
t=0

π(at | g,st ,mt , ŝt+1, . . . , ŝt+k)

T (st+1 | st ,at ,dt)

(2)

Where p(s0) is the initial state distribution, π(at |
g,st ,mt , ŝt+1, . . . , ŝt+k) is the policy, representing the proba-
bility of choosing action at given the goal g, current state
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st , memory mt , and predicted future states, T (st+1 | st ,at ,dt)
is the comprehensive transition function combining both the
environment’s spontaneous changes and the agent’s actions,
formulated as:

st+1 = T (st ,at ,dt) = T2(T1(st ,dt),at) (3)

where T1 : S×D → S represents the environment’s intrinsic
dynamics and T2 : S×A → S represents the response to the
agent’s actions.

Dynamic Environment Setting
In the fire spread scenario, both static factors (SF) and dy-
namic factors (DF) are set to evaluate the decision-making
capabilities of LLM agents in dynamic environments.

Static Factors (SF): These factors remain unchanged
throughout the scenario but may still influence the decision-
making process, such as physical obstacles and available ex-
its. These factors establish a stable and consistent foundation
for the environment.

Dynamic Factors (DF): These factors change over time
and have a direct impact on the decision-making process,
such as the spread of fire and the movement of obstacles.
For each dynamic factor i = 0,1, . . . ,n, in each environment
j = 0,1, . . . ,m they have corresponding rules DFi, j. For ex-
ample, the rule for fire spread is to expand one block in all
directions every second.

To ensure the stability and reliability of the tests, we also
randomly added some static and dynamic factors that do not
affect decision-making in the environment, such as accumu-
lated dust and scurrying mice. These settings increase the
variability and complexity of the environment, evaluating the
agent’s ability to maintain stable decisions in the face of ir-
relevant changes. Furthermore, each dynamic environmental
factor has multiple rules, but under each task, the rule DFi, j
for the dynamic factor is fixed.

Fine-grained Evaluation Protocols
Capability Decomposition In the real scenario, decision-
making by LLM agents in dynamic environments encom-
passes multiple dimensions of capabilities. To gain a deeper
understanding the boundaries and limitations of LLM agents’
decision-making abilities in dynamic environments, we de-
construct the decision-making process of LLM agents in such
environments into the following three key aspects:

Stage 1. Perception of Environmental Dynamics and
Modeling of Dynamic Rules

Formal Representation: Given the sequence of initial states
to state at time t, s0:t and the task goal g, the LLM agent is
required to determine whether there are dynamic factors di
(belonging to D) in the environment and distinguish which
dynamic factors di might affect decision-making and the cor-
responding dynamic rules d̂t . Specifically, the agent uses the
perception function fpercept to estimate the dynamic change
rule d̂t :

d̂t = fpercept(s0:t ,g) (4)

Evaluation Metrics:

• Recognition Accuracy (%): Calculate the F1-score be-
tween the set of dynamic elements recognized by the LLM
and the gold answer.

• Decision-Relevant Recognition Accuracy (%): Calculate
the F1-score between the set of decision-relevant dynamic
elements recognized by LLM and the gold answer.

• Dynamic Rule Induction Accuracy (%): Evaluate the con-
sistency between the dynamic transition rules inferred by
the LLM and the actual rules, which is evaluated through
CLAUDE3-SONNECT.

Stage 2. Environmental Modeling and Prediction
Formal Representation: Given the rule of dynamic factor

changes dt and the sequence of initial states to state at time t,
s0:t , the LLM agent is required to predict and model the future
state of the scenario for k steps. Specifically, the scenario
prediction and modeling ability fpredict of the LLM agent is
represented as:

ŝt+1, . . . , ŝt+k = fpredict(s0:t ,dt) (5)

Evaluation Metrics:

• State Prediction Accuracy (%): Calculate the similarity be-
tween the predicted scenario sequence Ŝt...t+kpred and the
gold answer St...t+kanswer , with k set to 3 and 6.

Stage 3. Action Decision-Making Based on Predictions
Formal Representation: Given the goal g, the sequence of

initial states to state at time t, s0:t , the memory at time t, and
the n-step prediction sequence of the environment ŝt+n (where
n is set to the number of steps required for the fire to reach
the target location), the agent needs to make the optimal ac-
tion decision to achieve the goal. In this pathfinding task, the
LLM agent needs to output the sequence of movement actions
that can reach the target location based on the spatiotemporal
decision strategy fdecision:

apred = fdecision(g,s0:t ,mt , ŝt+1, . . . , ŝt+n) (6)

Evaluation Metrics:

• Success Rate of Decisions (%): The percentage of pre-
dicted paths that successfully move from the initial posi-
tion to the target.

• Optimal Rate of Decisions (%): The percentage of pre-
dicted paths that successfully move from the initial posi-
tion to the target and meet the minimum number of steps.

Overall, an in-depth analysis of each dimension is cru-
cial for a comprehensive evaluation of decision-making abil-
ities in dynamic environments. On the one hand, the general
capability decomposition approach based on the decision-
making process adopted by FD-Bench is also applicable to
other dynamic environments. Secondly, independent evalua-
tions based on capability decomposition help better analyze
the strengths and weaknesses.
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Dataset Construction
The construction of FD-Bench involves three main phases:
scenario generation, instruction generation, and solution
generation. In the primary experiments, we created 500
fire scenario-instruction-solution trios. Following the fine-
grained evaluation protocol, we formulated corresponding
subsets, resulting in a total of 3,000 test cases. We also gen-
erated additional test sets with varying levels of difficulty.

Fire Scenario Generation
We use Python to develop an automated and standardized
pipeline for initializing scenarios and simulating fire spread.
We randomly select the map size, start and target points, static
elements (walls), and dynamic elements (obstacles, fire, rats,
dust). Meanwhile, the patterns of change in dynamic ele-
ments are randomized, for example, the speed of fire spread
may vary in different directions. Breadth-first search(BFS)
is then used to calculate the shortest path with and without
subsequent changes to the dynamic elements. To generate
meaningful fire scenarios within a dynamic environment, we
only include cases where solutions exist both with and with-
out changes to the dynamic elements, and where the lengths
of these solutions differ. This selection procedure ensures that
the problem is solvable and that the dynamic elements influ-
ence decision-making.

Instruction Generation
The prompt is structured into three distinct parts: back-
ground, supplied information, and a series of questions. The
background section provides a detailed overview of the task,
along with a simulation of the testing scenario during the ini-
tial six rounds. This allows LLM agents to perceive and ob-
serve the environment before making decisions. The supplied
information section contains the answers to all preceding sub-
tasks, ensuring that each sub-task can be evaluated indepen-
dently. Finally, the question section consists of queries de-
signed according to the fine-grained evaluation protocol, fol-
lowing a standardized output format.

Solution Generation
The gold solutions for dynamic element identification and
rule induction are determined when the fire scenario is ini-
tialized. The gold solutions for environmental modeling and
prediction are derived from the rules. The gold solutions for
shortest-path decision-making are calculated using the BFS
algorithm.

Experiment
Evaluation Setup
We evaluate both proprietary and open-weight LLMs on
FD-Bench, aiming to provide a comprehensive benchmark for
popular LLMs.

(1) For proprietary LLMs, we select five SOTA models:
GPT-3.5, GPT-4(OpenAI, 2023) and GPT-4O-MINI from
OpenAI, as well as CLAUDE3-HAIKU and CLAUDE3-OPUS
from Anthropic(Anthropic, 2024).

(2) For open-source LLMs, we select three popular mod-
els with different sizes: LLAMA3-8B(AI, 2024), MIXTRAL-
8X7B(Team, 2024), and llama3-70B.*

Hybrid Evaluation Method
For questions with fixed-form outputs, we use regular expres-
sions to extract answers and then apply rule-based methods,
such as string mapping and step-by-step verification, to val-
idate the generated answers. For questions with free-form
outputs, we apply a LLM (CLAUDE3-SONNET) to identify
the answer and make the judgment, which is a common and
effective method (Zheng et al., 2023). Notably, the effec-
tiveness of both the rule-based and LLM-based annotations
has been spot-checked by human annotators. Human annota-
tors reviewed a subset of cases to verify the accuracy of the
automated evaluations, and any discrepancies were resolved
through discussion and consensus. This human-in-the-loop
approach ensures that the evaluation results are robust and
free from significant biases.

Table 2: Performance comparison between static and dy-
namic scenario (End-to-End).(%) Succ. measures the per-
centage of scenarios in which the model plans a feasible path,
and Opt. indicates the rate at which the planned path is opti-
mal.

Model Static E2E Dynamic E2E

Succ.(↑) Opt.(↑) Succ.(↑) Opt.(↑)
gpt-3.5 1.0 1.0 0.2↓0.8 0.2↓0.8
gpt-4 74.8 63.4 8.8↓60.0 8.0↓55.4
gpt-4o-mini 80.8 67.2 12.0↓68.8 9.4↓57.8
claude-3-haiku 1.2 0.8 0.4↓0.8 0.4↓0.4
claude-3-opus 1.3 0.8 0.4↓0.9 0.4↓0.4
llama3-8B 0.0 0.0 0.0→0.0 0.0→0.0
Mixtral-8x7B 0.6 0.0 0.0↓0.6 0.0→0.0
llama3-70B 0.6 0.6 0.0↓0.6 0.0↓0.6

Main Results
In this section, We aim to explore research questions below.
RQ1: How do LLMs perform in dynamic versus static
scenarios? To explore how dynamic scenarios impact the
decision-making abilities of LLMs compared to static scenar-
ios, we conducted two sets of experiments.

The results in Table 2 show that all models, including ad-
vanced ones like GPT-4 and GPT-4O-MINI, perform signif-
icantly worse in dynamic scenarios, with over a 50% drop in
success and optimal rates. Additionally, models like LLAMA3
and MIXTRAL-8X7B fail to solve any cases, emphasizing the
challenges of decision-making in dynamic environments.
RQ2: How do models perform in dynamic decision-
making? To further analyze, the fine-grained evaluation
results are presented in Table 3. GPT-4O-MINI performs

*We used API from Groq(Groq, 2024).
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Table 3: Main Results of FD-Bench. bold denotes the best score among all models. Red represents the maximum value
within the model and reasoning framework. (%) Stage 1: RD represents the F1-score for the recognition of dynamic elements,
while RD-I indicates the F1-score for recognizing dynamic elements that impact task completion. IN-S and IN-H refer to
the accuracy of rule induction for dynamic elements governed by simple rules (obstacle, rat, dust) and complex rules (fire),
respectively. Likewise, Stage 2: PR-S and PR-H denote the accuracy of predicting future three-round conditions for dynamic
elements with simple and complex rules. Stage 3: PP-S measures the percentage of scenarios in which the model plans a
feasible path, and PP-O indicates the rate at which the planned path is optimal.

Model Stage 1 Stage 2 Stage 3

RD(↑) RD-I(↑) IN-S(↑) IN-H(↑) PR-S(↑) PR-H(↑) PP-S(↑) PP-O(↑)
claude-3-haiku(claude-3-haiku-20240307) 76.7 66.1 48.2 3.2 49.3 20.0 0.2 0.2
claude-3-opus(claude-3-opus-20240229) 68.0 73.1 52.0 2.8 50.4 23.1 0.3 0.3
gpt-3.5(gpt-3.5-turbo-0125) 75.7 68.5 32.0 0.2 57.8 19.5 0.4 0.4
gpt-4o-mini(gpt-4o-mini-2024-07-18) 86.7 81.2 56.6 11.8 68.5 40.4 14.3 11.0
gpt-4(gpt-4-turbo-2024-04-09) 85.8 90.0 77.3 21.0 67.9 38.3 13.4 9.6

- gpt-4 + CoT 87.2 91.0 72.5 18.3 68.1 39.7 13.5 9.6
- gpt-4 + ReAct 86.8 92.0 73.4 20.0 69.5 40.3 14.4 12.0

llama3-8B(Meta-Llama-3-8B-Instruct) 79.6 74.3 56.6 14.2 47.7 22.5 0.0 0.0
llama3-70B(Meta-Llama-3-70B-Instruct) 76.0 71.0 54.5 14.8 49.5 22.7 0.0 0.0
mixtral-8x7B(Mixtral-8x7B-Instruct-v0.1) 84.7 85.1 47.7 13.8 31.1 16.0 0.2 0.0

best overall, excelling in state prediction and prediction-
based decision-making. GPT-4 also demonstrates impres-
sive performance, particularly excelling in rule induction
tasks. Other proprietary models like GPT-3.5 and CLAUDE-
3-HAIKU perform well in simpler tasks but struggle with
complex rule induction, even performing worse than open-
source models due to hallucination. Regarding open-source
models, LLAMA3-8B and MIXTRAL-8X7B show competi-
tive performance in recognizing dynamic elements, but they
struggle with complex rule induction and prediction-based
decision-making.

Overall, these results indicate that proprietary models gen-
erally outperform open-source models in dynamic, multi-
state decision-making scenarios. However, both categories of
models face significant challenges when dealing with more
complex, prediction-based decision-making tasks.
RQ3: How to improve capabilities via structured rea-
soning? Inspired by the ”chunking” mechanism(Thalmann,
Souza, & Oberauer, 2019) in CLT and positive impact of
reasoning frameworks, we propose a hierarchical prompting
strategy to mitigate the cognitive load imposed by dynamic
environments. This approach aligns the decision-making pro-
cess with the modular structure of FD-Bench by explicitly
guiding agents to decompose tasks into three stages: dynamic
element recognition, state prediction, and action planning.

The results in Table 4 across three difficulty levels (Easy
(4-6 steps), Mid (7-9 steps), and Hard (10-12 steps)) ex-
hibit marked enhancements in end-to-end performance. The
adoption of this structured framework not only enhances suc-
cess rates but also reduces hallucination by constraining the
agent’s focus on relevant environmental dynamics at each
stage. For instance, explicitly instructing models to first iden-
tify fire spread patterns before engaging in path planning,
and compelling them to ground their decisions in observed
patterns, yields notable benefits. These results underscore

the potential of structured reasoning frameworks to expand
the capability boundaries of LLMs in dynamic environments,
offering a pathway toward more reliable real-world deploy-
ment.

Table 4: GPT-4 performance with vs. without hierarchical
guidance framework across task difficulty levels

End to End End to End
Difficulty Level w/o Guide w Guide

Succ.(↑) Opt.(↑) Succ.(↑) Opt.(↑)
Easy (4-6 Steps) 8.8 8.0 13.4↑4.6 9.6↑1.6
Mid (7-9 Steps) 4.0 3.4 6.0↑2.0 4.6↑1.2
Hard (10-12 Steps) 1.0 0.5 1.2↑0.2 0.5→0.0

Conclusion
In this paper, we present FD-Bench, a fine-grained bench-
mark for evaluating decision-making in dynamic scenarios.
FD-Bench utilizes a fire emergency evacuation scenario as
a prototypical dynamic setting, offering a comprehensive
evaluation framework to systematically analyze variations in
decision-making performance. Our key findings reveal that
even state-of-the-art models (e.g., GPT-4 and GPT-4o-mini)
experience notable performance declines ( 50% success rate
reduction) in dynamic versus static scenarios, primarily due
to challenges in multi-step prediction and complex rule in-
duction. To tackle these limitations, we also propose a hier-
archical prompting strategy that improves success rates by up
to 4.6% through structured reasoning, demonstrating the po-
tential of task decomposition to mitigate cognitive load in dy-
namic environments. Overall, FD-Bench not only advances
the understanding of decision-making in complex environ-
ments but also provides actionable insights for enhancing the
practical application of LLM agents in real-world scenarios.
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