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Abstract

As Large Language Model (LLM) agents
demonstrate increasingly strong reasoning ca-
pabilities, they are being progressively adopted
to support complex decision-making in enter-
prise environments. However, existing bench-
marks primarily evaluate reasoning through
static, single-shot tasks with well-defined ob-
jectives and immediate correctness, whereas
real-world decision-making is inherently inter-
active, open-ended, and shaped by delayed con-
sequences and competing goals. To address this
challenge, we introduce EnterpriseBench, a
comprehensive benchmark for assessing LLM
agents in realistic enterprise contexts. Enter-
priseBench covers a hierarchy of reasoning de-
mands, ranging from information extraction,
numerical and domain knowledge reasoning
to high-fidelity interactive decision-making, in-
cluding management consulting cases and seri-
ous games. We also introduce an agent-oriented
taxonomy that organizes tasks by capability do-
mains and intrinsic difficulty. Empirical eval-
uations across nine state-of-the-art agent ar-
chitectures reveal a natural division of labor,
where simpler tasks favor lightweight models
and complex decision-making benefits from
stronger reasoning agents. Building on this in-
sight, we present AOA, an Agent-of-Agents
framework that integrates the complementary
capabilities of such specialized agents. Our
codes and benchmark implementation are pub-
licly available'.

1 Introduction

Recent advances in Large Language Models
(LLMs) and LLM-based agents have substantially
enhanced their reasoning capabilities, enabling
them to address increasingly complex decision-
making problems (Liu et al., 2024; Yang et al.,
2025; Zhang et al., 2025a, 2024; Yu et al., 2024;
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Li et al., 2025; Xing, 2025). However, most exist-
ing benchmarks (Zhang et al., 2025c; Mohammadi
et al., 2025; Zhu et al., 2024; Chen et al., 2021)
still focus on static and well-defined tasks such as
mathematical reasoning (Glazer et al., 2024; Fan
et al., 2024), programming (Jimenez et al., 2023),
and question answering (Chen et al., 2021), where
conditions are fixed and correctness can be veri-
fied against a single ground-truth answer. However,
real-world decision-making is far more complex,
a gap that becomes especially evident when LLM
agents are deployed in enterprise settings. For ex-
ample, when a firm considers expanding production
capacity, it must reason under uncertain future de-
mand, anticipate competitors’ responses, allocate
limited capital across alternative investments, and
balance short-term costs against long-term prof-
itability. Such decisions are ubiquitous in real-
world enterprise settings, shape future states of the
environment, involve delayed and potentially irre-
versible consequences, and rarely lead to a single
correct solution.

Fortunately, recent LLM agents have begun
to demonstrate surprising competence in such
complex decision-making scenarios (Raptis et al.,
2025). LLM agents have been explored for in-
vestment decision-making tasks (Xiao et al., 2024;
Chen et al., 2025b). In these settings, agents
must reason over incomplete and noisy informa-
tion, make sequential decisions, and revise their
strategies as market conditions evolve. However,
although LLM agents have demonstrated such ca-
pabilities and the potential to simulate firms en-
gaging in complex reasoning and decision-making,
existing benchmarks remain inadequate for rigor-
ously evaluating their performance in real-world
scenarios.

Evaluating real-world decision-making is inher-
ently challenging, as such tasks often lack well-
defined datasets, objective ground-truth answers,
or clear evaluation boundaries, in contrast to math-
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ematical (Glazer et al., 2024, Fan et al., 2024) or
programming benchmarks (Jimenez et al., 2023).
However, enterprise environments provide a prac-
tical and representative entry point for studying
complex decision-making in realistic settings. En-
terprise decisions involve frequent and consequen-
tial reasoning supported by rich documentation,
established workflows, and partially quantifiable
outcomes. Although such decisions rarely admit a
single optimal solution, their costs, risks, and long-
term impacts can often be compared and analyzed.
As a result, enterprise contexts offer a complex
yet structured environment that is both tractable
for benchmarking and representative of broader
real-world decision-making challenges involving
uncertainty, long-term planning, and competing
objectives.

Motivated by this, we introduce Enter-
priseBench, a comprehensive benchmark for eval-
uating LLLM agents across multiple levels of real-
world reasoning and decision-making. Enter-
priseBench covers four core capability domains:
Information Extraction, which evaluates evidence
retrieval from text; Numerical Calculation, which
assesses quantitative reasoning including code-
based inference; Domain Knowledge, which fo-
cuses on specialized financial and business knowl-
edge such as XBRL tagging, financial formulas,
and professional exams; and Complex Reasoning,
which targets decision-making under uncertainty.
Beyond factual answering, Complex Reasoning
requires agents to determine appropriate actions
given a situation. This category includes decision-
oriented questions from professional financial ex-
ams, human-curated interview-style questions, and
interactive environments. It is worth mentioning
that we introduce two novel evaluation formats, i.e.,
management consulting cases and high-fidelity se-
rious games, which require reasoning under partial
information, delayed feedback, and long decision
horizons.

Through extensive evaluations across a diverse
set of state-of-the-art agent architectures, we
observe that no single approach performs well
across all capability domains and difficulty lev-
els. Lightweight models tend to excel at simpler
reasoning tasks, while more complex decision-
making benefits from stronger, more expressive
agents. This empirical finding reflects a fundamen-
tal property of real-world decision-making: effec-
tive performance often emerges from a division
of labor rather than a single universally optimal

strategy. Inspired by this observation, we propose
the Agent-of-Agents (AOA) framework that co-
ordinates specialized agents with complementary
strengths. AOA achieves competitive and consis-
tently strong performance with an overall score of
0.729, slightly outperforming the best baselines.
Our contributions are summarized as follows:

* We introduce EnterpriseBench, the first bench-
mark that integrates static reasoning, interac-
tive consulting, and dynamic serious games to
evaluate LLM agents in firm simulations.

* We conduct a comprehensive study of various
agent architectures, revealing key bottlenecks
in enterprise-level reasoning and strategic ex-
ecution.

* We propose AOA, an agentic adaptive
framework that leverages the complemen-
tary strengths of different agent architectures
through learned routing rules.
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Figure 1: Overview of EnterpriseBench, illustrating
its capability taxonomy and representative task types.
EnterpriseBench evaluates four complementary capabil-
ities: Information Extraction, Numerical Calculation,
Domain Knowledge (knowledge-centric), and Complex
Reasoning (decision-centric), covering a wide range of
enterprise and financial reasoning scenarios.

2.1 The Taxonomy of EnterpriseBench Tasks

Traditional benchmarks often categorize tasks
based on their dataset source or broad domain.
However, in enterprise environments, the complex-
ity of a task is defined more by the underlying rea-
soning patterns required than by its origin. We pro-
pose an agent-based taxonomy as figure 1, where
each sample is re-evaluated to determine its re-
quired cognitive capabilities and intrinsic difficulty.



We define four core capability categories: (i) Infor-
mation Extraction: Tasks requiring the identifica-
tion and retrieval of verbatim text spans explicitly
mentioned in the context. (ii) Numerical Calcu-
lation: Tasks requiring arithmetic operations, nu-
merical reasoning, or the synthesis of executable
code to perform mathematical computations. (iii)
Domain Knowledge: Tasks testing specialized ex-
pertise and conceptual understanding, requiring
the agent to recall and apply domain-specific stan-
dards and terminology. (iv) Complex Reasoning:
Tasks requiring high-level judgment and decision-
making under constraints, often involving strategic
planning or handling situational ambiguity.

Beyond categorical classification, our taxonomy
assigns a continuous difficulty score (0-10) to each
sample, accounting for context length and reason-
ing depth. This enables a granular analysis of
agent strengths across different reasoning regimes.
Specifically, we utilize an expert LLM with dedi-
cated prompts (provided in Appendix A.2) to auto-
matically categorize all samples into these capabil-
ity buckets.

2.2 Task Corpus and Data Sources

The EnterpriseBench corpus is composed of three
distinct segments: 10 structured reasoning datasets,
interactive consulting cases, and dynamic serious
games. Dataset statistics can be found in A.7.

Structured Reasoning Datasets. We unify 10
distinct datasets into a standardized format to probe
static reasoning capabilities. These are derived
from: (1) Financial Reports: FinQA (Chen et al.,
2021), ConvFinQA (Krumdick et al., 2024), and
TAT-QA(Krumdick et al., 2024) (numerical reason-
ing over tables/text); finer (XBRL tagging) (Zhang
et al., 2025b); and SEC-NUM (numerical retrieval)
(Krumdick et al., 2024). (2) Exams: The Fin-
Know (Krumdick et al., 2024) dataset, which cu-
rates professional questions from CFA exams and
business-related MMLU subjects. (3) Symbolic
and Code: FormulaEval (Krumdick et al., 2024)
and formula (financial formula application) (Zhang
et al., 2025b); FinCode (business programming)
(Krumdick et al., 2024); and code-centric versions
of financial QA (CodeFinQA (Krumdick et al.,
2024) and CodeTAT-QA) (Krumdick et al., 2024).

Consulting Task. As shown in Fig. 2, the consult-
ing task places agents in the role of a job intervie-
wee and evaluates their ability to solve real-world
consulting interview problems through interactive

dialogue. Unlike standard QA tasks that emphasize
answer correctness, this task focuses on structured
problem solving, strategic reasoning, and effective
communication under partial information.

The task is implemented using an LLM-based
interviewer and judge interacting with the tested
agent over curated consulting cases. We collect
60 consulting-style interview cases, each carefully
cleaned to ensure a well-defined problem and a
corresponding solution, with most cases contain-
ing hidden information that is only revealed when
the agent asks appropriate clarification questions.
During the interview, the agent must proactively
acquire information, organize analyses, and even-
tually present a coherent solution.

After the interview concludes, an LL.M-based
judge evaluates the agent using the original case so-
lution and the full dialogue transcript. Performance
is assessed along four dimensions—structure, quan-
titative reasoning, business sense, and communi-
cation—and an overall score is computed as their
average ( see Appendix A.4).

Consulting Serious Games
Lo~ a Beer Game
\ ~
&‘D AN (Factory  Distributer Wholeseller  Retailer customer
\| Vi .
P ~ ThoiEs o Te
|

\
! - |V
1
\

’ ) Beer Game b
- - J Supply Chain u quantities?
SNIT S L (17| R il

>~
e results config
Q).
THW LLM as a judge qé% earnings rg{@ consultants
. &), costs ﬂ. 5 ) L risks
Interviewer ) B LJ =y .
@ utilization L@ projects

. simulation
7 Interviewee

Enterprise Digital Twin

Figure 2: Overview of consulting and serious game
tasks.

Serious Game Tasks. To evaluate financial rea-
soning under dynamic decision-making, we further
introduce two serious game tasks: the Beer Game
and the Enterprise Digital Twin (EDT), as illus-
trated in Fig. 2. In both settings, agents interact
with an environment that provides feedback based
on their actions, while the internal dynamics and
governing equations remain hidden. Each action
involves explicit trade-offs, and effective perfor-
mance requires understanding system dynamics
rather than applying fixed heuristics.

The Beer Game. The Beer Game, originally
developed in the system dynamics community and
formalized by Sterman as the Beer Distribution



Game (Sterman, 1989), simulates a four-stage sup-
ply chain consisting of a retailer, wholesaler, dis-
tributor, and factory. The tested agent plays the role
of the retailer and observes only local information
such as inventory levels, backlogs, shipments, and
realized customer demand. At each time step, the
agent decides the order quantity placed to its up-
stream supplier. Under-ordering may lead to backo-
rder costs, while over-ordering increases inventory
holding costs. Other supply-chain participants fol-
low fixed equation-based policies unknown to the
agent. Additionally, the environment features deliv-
ery delays and a sudden demand shift, introducing
delayed feedback and non-stationarity. We run the
Beer Game for 25 time steps and evaluate agents
based on the total accumulated cost, where back-
order penalties dominate inventory holding costs
(see Appendix A.5).

Enterprise Digital Twin. EDT task adapts
agent-based enterprise simulation and system dy-
namics modeling to evaluate enterprise-level strate-
gic decision-making. EDT models a consulting
company composed of consultants, projects, and
control mechanisms, where agents must jointly rea-
son about project selection, workforce allocation,
and risk management to maximize long-term prof-
itability. Given a fixed scenario template, the tested
agent configures the enterprise by selecting the
number of consultants, setting a continuous rev-
enue risk level, and deciding project acceptance as
well as their start times and deadlines. The result-
ing configuration is executed in the EDT simula-
tor, which returns outcomes including accumulated
earnings. Each agent is evaluated over multiple
runs on the same template and may adjust strate-
gies based on feedback from previous simulations
(details in Appendix A.6).

3 Experiment Setup
3.1 Agent Methods

We evaluate a comprehensive suite of agent archi-
tectures, ranging from single-agent reasoning to
complex multi-agent collaborative frameworks: We
consider a diverse set of representative reasoning
and agentic baselines. CoT (Wei et al., 2022) serves
as a fundamental baseline that elicits step-by-step
reasoning via chain-of-thought prompting. Self-
refine (Madaan et al., 2023) extends this by itera-
tively generating an initial response, providing self-
feedback, and refining the output, while Reflexion
(Shinn et al., 2023) further incorporates long-term

memory of past failures to guide future reason-
ing. Debate (Du et al., 2023) employs adversarial
multi-agent argumentation, where LLM instances
critique and defend competing solutions to resolve
conflicts. Discussion (Li et al., 2023) uses a cooper-
ative multi-agent process in which LLM instances
share and iteratively refine reasoning to reach con-
sensus. DC (Dynamic Cheatsheet) (Suzgun et al.,
2025) is a retrieval-augmented method that dynam-
ically selects relevant reasoning patterns from a
curated expert knowledge base. GEPA (Agrawal
et al., 2025) focuses on numerical and financial
coding tasks through domain-specific tool integra-
tion, whereas ACE (Zhang et al., 2025b) adaptively
evolves its reasoning strategy by constructing and
following a procedural “playbook” distilled from
historical successes. Finally, AMEM (Xu et al.,
2025) augments agents with external memory to
store and retrieve context-relevant reasoning traces.
Notably, for Debate and Discussion, we adopt sim-
plified implementations while preserving their core
collaborative and adversarial philosophies.

3.2 Tasks and Metrics

To provide a granular assessment of agent perfor-
mance, our evaluation is organized around four
core capability domains. While the underlying im-
plementation and data sources map to ten structured
datasets and two interactive simulators (detailed in
Appendix A.1), we analyze the results through the
lens of these distinct cognitive requirements:

Information Extraction. Focuses on the re-
trieval of specific textual information from a given
context. Agents are required to identify and extract
verbatim text spans or specific entities explicitly
mentioned in enterprise documents. Accuracy is
measured via exact or normalized string matching.

Numerical Calculation. Assesses quantitative
reasoning abilities, ranging from multi-step arith-
metic to the synthesis of executable code for fi-
nancial modeling. For tasks requiring program
generation, we use a sandboxed environment with
a hybrid tolerance model (absolute 10~ for near-
zero values and relative 0.01 for others) to verify
numerical correctness.

Domain Knowledge. Evaluates specialized ex-
pertise and conceptual understanding in corporate
and financial domains. This includes assigning ap-
propriate financial tagging (e.g., XBRL labels in
finer), applying specialized financial formulas, and



answering knowledge-centric questions from pro-
fessional examinations. We include CFA (Char-
tered Financial Analyst) practice questions and
business-related MMLU subjects (e.g., Business
Ethics, Microeconomics, and Accounting) that fo-
cus on terminological and conceptual mastery.

Complex Reasoning. Targeting high-level strate-
gic judgment and decision-making, this domain
incorporates: (i) decision-centric questions from
professional exams (e.g., “given these conditions,
what action should the manager take?”); (ii) interac-
tive consulting case interviews requiring structured
problem-solving and communication under partial
information; and (iii) Serious games (i.e., Beer
Game and EDT) that simulate dynamic enterprise
ecosystems with delayed feedback and conflicting
objectives. Performance is evaluated through multi-
dimensional scoring (consulting), cost-efficiency
(Beer Game), and long-term earnings (EDT).

4 Experiment Results

4.1 Main Result

We present comprehensive quantitative results
across four key domains and multiple tasks in
Table 1. Our analysis reveals several important
findings regarding the comparative effectiveness of
single-agent and multi-agent approaches.

A division of labor emerges across task com-
plexity. As shown in Table 1, task complexity
strongly moderates the effectiveness of agent ar-
chitectures. For simpler tasks such as Information
Extraction and low-difficulty Numerical Calcula-
tion, lightweight single-agent methods already per-
form competitively (e.g., CoT at 0.824 on Infor-
mation Extraction), with multi-agent approaches
offering only marginal improvements (e.g., AMEM
at 0.857). As numerical difficulty increases, perfor-
mance degrades across all methods, and the benefit
of collaboration diminishes, suggesting these tasks
are limited by core computational challenges. In
contrast, multi-agent methods exhibit clear advan-
tages on more complex reasoning tasks. On hard
Domain Knowledge and Complex Reasoning set-
tings, collaborative approaches substantially out-
perform single-agent baselines (e.g., ACE at 0.464
vs. 0.386 on Domain Knowledge-Hard, and GEPA
at 0.882 vs. 0.810 on Consulting). Overall, these
results indicate a natural division of labor: simpler
tasks favor lightweight single agents, while com-
plex, open-ended decision-making benefits from

stronger, collaborative multi-agent systems.

Consulting task highlights multi-agent collab-
oration strengths. The Consulting task, which
requires comprehensive case analysis and strate-
gic recommendation generation, reveals the most
pronounced advantages of multi-agent approaches.
GEPA achieves the highest overall performance
at 0.882, representing a 9.3% improvement over
the best single-agent baseline (CoT, 0.807). DC
also demonstrates strong performance at 0.842, sur-
passing all single-agent methods. Notably, even
the lowest-performing multi-agent method (ACE,
0.798) remains competitive with the top single-
agent baseline. Among single-agent approaches,
performance varies substantially (ranging from
0.681 to 0.807), while multi-agent methods exhibit
more consistent high performance (0.798 to 0.882).
This pattern suggests that structured collaboration
mechanisms are particularly effective for tasks re-
quiring integration of multiple analytical perspec-
tives and holistic business judgment.

Beer Game results reveal mixed performance
patterns. In the Beer Game simulation (where
normalized scores represent cost efficiency, with
higher being better), the results show interesting
patterns across agent categories. The multi-agent
method Discussion achieves the highest perfor-
mance (1.000), outperforming all other approaches.
Among single-agent methods, AMEM demon-
strates superior strategic planning with a score
of 0.917. Notably, simple CoT (0.837) substan-
tially outperforms more complex single-agent ap-
proaches like Self-refine (0.256) and Reflexion
(0.140), while most multi-agent methods show
competitive or superior performance compared to
the average single-agent baseline. This suggests
that for dynamic sequential decision-making tasks
requiring long-term strategic planning, structured
collaborative discussion or memory-augmented
single-agent reasoning is more effective than it-
erative self-correction mechanisms.

EDT task. The EDT results show modest perfor-
mance differences between single-agent and multi-
agent methods. While AMEM attains the highest
score (1.000), the CoT baseline still demonstrates
strong effectiveness with a score of 0.861, exceed-
ing the performance of more than half of the eval-
uated methods. This observation suggests that in
complex enterprise decision-making tasks domi-
nated by numerical reasoning and optimization, the



Single-agent

Multi-agent

Domain Task
CoT Self-refine Reflexion AMEM Debate Discussion DC GEPA ACE
Information Extraction All 0.824 0.826 0.791 0.857 0.798 0.830 0.801 0.846 0.853
Easy 0.840 0.825 0.816 0.847 0.776 0.624 0.834 0.836 0.825
Numerical Calculation Middle  0.730 0.697 0.712 0.711 0.588 0.527 0.700 0.736 0.712
Hard 0.500 0.500 0.500 0.563 0.375 0.375 0.438 0.563 0.500
Easy 0.925 0.906 0.981 0.925 0.906 0.925 0.793 0.925 0.925
Domain Knowledge Middle 0.817 0.819 0.808 0.827  0.790 0.829 0.708 0.797 0.826
Hard 0.339 0.329 0.386 0.349  0.367 0.349 0.357 0.355 0.464
QA 0.576 0.727 0.515 0.636  0.606 0.636 0.606 0.697 0.697
Complex Reasonin Consulting 0.807 0.722 0.681 0.810  0.708 0.737 0.842 0.882 0.798
P € BeerGame 0.837 0.256 0.140 0917 0.723 1.000 0.000 0.830 0.688
EDT 0.861 0.640 0917 1.00 0.757 0.794 0.894 0.893 0.833

Table 1: Performance comparison of single-agent and multi-agent methods across different domains and tasks.

Beer

Game scores are normalized to [0, 1] where higher values indicate lower total costs (the better). EDT results are

normalized by dividing each method’s mean accumulated earnings by the mean earnings of the best method.

Single-agent

Multi-agent

Dimension
CoT  Self-refine Reflexion AMEM Debate Discussion DC GEPA ACE
Structure 0.818 0.748 0.710 0.819 0.745 0.780 0.857 0.888 0.805
Quantitative Reasoning  0.733 0.643 0.646 0.732 0.642 0.695 0.796  0.792 0.748
Business Sense 0.813 0.754 0.708 0.815 0.767 0.777 0.851 0.882 0.807
Communication 0.821 0.725 0.668 0.826 0.705 0.720 0.813 0.892 0.787
Overall 0.807 0.722 0.681 0.810 0.708 0.737 0.842 0.882 0.798

Table 2: Performance of different agent methods on the Consulting task across multiple capability dimensions.

marginal benefits of advanced agent frameworks
may be limited.

4.2 Detailed capability analysis on complex
reasoning tasks.

To better understand the sources of performance
gains, we decompose the Consulting task results
across four evaluation dimensions in Table 2.
GEPA consistently achieves the highest or near-
highest scores across all dimensions: Structure
(0.888), Quantitative Reasoning (0.792), Business
Sense (0.882), and Communication (0.892). No-
tably, the performance gaps vary across dimen-
sions. The largest advantage appears in Commu-
nication (0.892 vs. 0.821 for CoT, +8.7%) and
Structure (0.888 vs. 0.818 for CoT, +8.6%), while
Quantitative Reasoning shows relatively smaller
gains (0.792 vs. 0.733 for CoT, +8.0%). This pat-
tern suggests that multi-agent collaboration partic-
ularly enhances higher-order cognitive skills such
as structured problem decomposition and effective
information communication, rather than purely an-
alytical capabilities. Among single-agent meth-
ods, CoT demonstrates the most balanced perfor-
mance across dimensions, while specialized meth-

ods like Reflexion and Self-refine show significant
performance drops in Communication and Busi-
ness Sense, indicating potential overfitting to their
specific optimization objectives.

We further investigate the performance of differ-
ent agent methods on the EDT task, as summarized
in Table 3. The results show that all evaluated
methods achieve positive profits, and most of them
maintain utilization rates above 0.8. This obser-
vation indicates that LLM-based agents possess a
baseline capability for complex financial reasoning
and enterprise-level planning.

Despite comparable overall outcomes, different
agent methods solve the EDT task in distinct ways,
and the detailed results reveal meaningful insights
into their respective strengths and limitations. No-
tably, online learning mechanisms do not consis-
tently lead to improved performance, even though
such methods are able to leverage experience from
previous runs. AMEM, as a memory-based ap-
proach, demonstrate relatively strong and stable
performance, whereas ACE fail to translate their
online updates into clear gains. In addition, al-
though Self-refine does not achieve competitive
mean earnings, its large performance variance sug-



Method  Simple CoT  Self-refine Reflexion AMEM Debate Discussion DC  GEPA ACE
Enorm 1.05  0.861 0.640 0.917 1.00 0.757 0.794 0.894 0.893 0.833
Emean M)  7.12 5.82 432 6.20 6.76 5.12 5.36 6.04 6.04 563
Esta M)  0.000 0.457 4.48 0.113 0.322 1.43 0.000 0.323  0.000 0.381
Util 0934 00913 0.729 0.933 0.907  0.843 0.888 0.925 0922 0.902
Online X X X v v X X v X v

Table 3: Detailed EDT analysis. Eorm, Emean, and Egtq denote the normalized, mean, and standard deviation
of accumulated earnings, respectively, where earnings are reported in millions (M). Enorm uses AMEM as the
reference baseline (AMEM = 1.0). Util indicates the average consultant utilization, and Online denotes whether the

agent leverages experience from previous episodes.
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Figure 3: Performance comparison of our AOA method
against baseline approaches on QA tasks.

gests a higher degree of policy exploration.

To further contextualize these results, we com-
pare agent performance against a simple human-
designed baseline. This baseline accepts all avail-
able projects, sets the project start time at the first
step and the deadline at the final step, and disables
revenue risk to avoid delays and follow-on projects.
We then select the minimum number of consul-
tants required to satisfy the total contracted effort.
The resulting performance, reported as the “Sim-
ple” method in Table 3, surpasses all agent-based
approaches which tend to employ sophisticated
project timeline control strategies. This outcome
suggests that current LLM agents still have substan-
tial room for improvement in mastering advanced
financial reasoning techniques.

4.3 AOA: Agent-of-Agents Framework

Given the complex and task-dependent perfor-
mance patterns observed across different agent
methods (Table 1), we propose AOA, an adaptive
agent-of-agents framework that leverages the col-
lective strengths of existing approaches through
intelligent routing and ensemble.

Framework Design. AOA operates as a meta-
agent that dynamically selects the most suitable
base agent for each individual sample based on
learned experience. The framework consists of
two key components: (1) experience learning
from execution traces, which extracts actionable in-

sights from the reasoning processes and outcomes
of all base agent methods across diverse tasks,
and (2) adaptive routing mechanism, which em-
ploys either rule-based policies synthesized from
meta-analysis or LLM-based routing that considers
sample-specific characteristics.

Experience Extraction. Rather than relying
solely on aggregated performance statistics, AOA
learns from actual agent execution traces. For
each (task, agent) combination, we stratify sam-
ple across capability dimensions, difficulty buckets,
and correctness outcomes to ensure balanced cover-
age. We then prompt an LLM to analyze each trace
and extract experience bullets using a specialized
trace-based experience extraction prompt (see Ap-
pendix A.3), describing what worked well and what
failed, along with diagnostic reasoning. These in-
dividual experiences are subsequently synthesized
into a unified routing policy through meta-level
aggregation using a meta-level experience synthe-
sizer prompt (see Appendix A.3), which identifies
robust patterns such as “GEPA excels at structured
business cases requiring multi-perspective integra-
tion” or “CoT suffices for straightforward numeri-
cal reasoning but struggles with complex multi-hop
calculations.”

Adaptive Sample-Level Routing. AOA imple-
ments sample-level routing where each test in-
stance is assigned to the base agent most likely
to succeed based on deterministic rules synthesized
during the experience learning phase. These rules
(summarized in Table 4) map specific sample char-
acteristics—such as domain, task type, difficulty,
and structural features—to the most appropriate
agent method. By reusing existing predictions in-
stead of re-executing agents, AOA maintains high
computational efficiency.

Empirical Results.
tasks by ensembling nine base methods.

We evaluate AOA on all QA
AOA



Routing Condition Selected Agent
IE A has_table DC

DK A Difficulty: Hard ACE
DK A Task: finer AMEM
NC A has_code GEPA
CR ADifficulty: Middle Discussion
Default Strategy GEPA

Table 4: Core routing policy synthesized by AOA. The
framework dynamically maps task domains and sample
features to the most specialized agent method.

achieves 0.729 accuracy, outperforming the best
individual method (ACE, 0.725) and demonstrat-
ing consistent improvements over all baseline ap-
proaches. As shown in Table 4, the framework
successfully identifies method-task affinity at a
granular level. For instance, it correctly routes
table-intensive extraction tasks to DC and complex
financial reasoning to ACE, confirming the effec-
tiveness of our experience-driven rule synthesis.
These results demonstrate that explicit modeling
of method-task affinity through synthesized rules
can yield measurable performance improvements
while maintaining computational efficiency.

5 Related Work

Reasoning and decision-making benchmarks.
A wide variety of benchmarks have been proposed
to evaluate reasoning and decision-making capabil-
ities of agentic systems. Some focus on contextual
and multi-hop reasoning, requiring models to in-
tegrate information across long contexts (Kuratov
et al., 2024; Yang et al., 2018). Others emphasize
planning and decision-making through interaction
with environments, including web-based settings
(Miyai et al., 2025; Zhou et al., 2023; Deng et al.,
2023; Tian et al., 2025; Yao et al., 2022) and embod-
ied or world-like simulations (Shridhar et al., 2020;
Wang et al., 2022; Chevalier-Boisvert et al., 2018).
Reasoning benchmarks have also been explored in
complex domains such as research-oriented tasks
(Mialon et al., 2023; Chen et al., 2025a) and tool-
use scenarios (Qin et al., 2023). Despite their diver-
sity, these benchmarks generally do not evaluate
strategic decision-making that requires the integra-
tion of professional domain knowledge, proactive
information acquisition, and long-horizon reason-
ing.

Financial benchmarks. Prior work on financial
and business-domain evaluation has largely fo-
cused on numerical reasoning and information ex-

traction from static data sources. Early benchmarks
such as FinQA (Chen et al., 2021) and DocFinQA
(Reddy et al., 2024) target arithmetic reasoning
over tables and long financial documents. Subse-
quent efforts, including BizBench (Krumdick et al.,
2024), Sec-QA (Lai et al., 2025), and CFLUE (Zhu
et al., 2024), expand task coverage across quantita-
tive analysis and multilingual financial understand-
ing, while FinLLMs (Yuan et al., 2024) explores
scalable benchmark construction via automatic gen-
eration. More recent holistic benchmarks, such as
FinBen (Xie et al., 2024) and XFINBENCH (Zhang
et al., 2025¢), provide broader task coverage, com-
plemented by specialized datasets like FinTagging
(Wang et al., 2025) and FinChain (Xie et al., 2025)
for fine-grained information structuring and rea-
soning verification. However, these benchmarks
predominantly adopt a static QA paradigm, lim-
iting their ability to assess interactive, sequential,
and strategic decision-making processes that char-
acterize real-world enterprise environments.

Our proposed EnterpriseBench addresses these
limitations by incorporating management consult-
ing cases and serious games beyond standard QA,
requiring multi-step strategic planning and cross-
functional decision-making. By emphasizing in-
teractive execution over static comprehension, En-
terpriseBench offers a more realistic evaluation of
agent readiness for enterprise deployment.

6 Conclusion

In this paper, we present EnterpriseBench, a
benchmark for evaluating LLM agents in com-
plex, dynamic enterprise decision-making settings.
By combining static reasoning tasks with interac-
tive simulations, including management consult-
ing cases and serious games, EnterpriseBench en-
ables a realistic assessment of agent readiness for
real-world deployment. We introduce an agent-
oriented taxonomy that organizes evaluation by
cognitive capability and intrinsic difficulty. Experi-
ments across nine agent architectures show that no
single method excels universally: simpler tasks fa-
vor lightweight agents, whereas complex reasoning
requires stronger models. Our adaptive ensemble
strategy AOA captures this principle through ex-
plicit division of labor, enabling agents to special-
ize in tasks they handle best.



Limitations

Despite its comprehensive design, EnterpriseBench
has several limitations. First, our evaluation primar-
ily follows an online setting, which better reflects
real-world enterprise dynamics but differs from tra-
ditional offline train—test protocols; extending of-
fline baselines across all tasks remains future work.
Second, performance on interactive components
such as Consulting and Serious Games may be sen-
sitive to the prompting and behavioral design of
the LLM-based environment. Third, while Enter-
priseBench covers a broad range of financial and
management scenarios, it currently focuses on gen-
eral enterprise settings, and extending to more spe-
cialized industries and organizational scales would
improve coverage. Finally, our experiments rely on
a single backbone model (DeepSeek-V3), and the
taxonomy is derived from expert LLM judgments;
future work should incorporate multiple LLMs and
human expert validation to assess robustness and
generalizability.
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A Appendix
A.1 Detailed Task Descriptions and Metrics

Structured Reasoning (QA) We evaluate our
agents on a comprehensive set of financial and log-
ical reasoning tasks covering four key domains: In-
formation Extraction, Numerical Calculation, Do-
main Knowledge, and Complex Reasoning. Met-
rics: We employ task-specific evaluation protocols
to ensure rigorous assessment:

* Program Synthesis: For tasks requiring code
generation, we use a sandboxed Python en-
vironment. Correctness is determined by a
hybrid tolerance model: using an absolute tol-
erance of 10~ for values near zero and a rel-
ative tolerance of 0.01 for larger magnitudes.

* Strict Quantity Extraction: For tasks like
TAT-QA, we enforce a zero-relative-tolerance
policy. Predictions must match ground truth
within a strict absolute epsilon of 107°, or
match the normalized text span exactly.

* Numerical Formula Evaluation: For the for-
mula task, agents must perform multi-step
financial calculations. Correctness is veri-
fied by extracting the final numerical answer
(supporting JSON-formatted or free-text re-
sponses) and performing exact or standardized
floating-point comparison.

* Multiple Choice & Tagging: For knowledge
tasks, we use regex to extract option letters.
For financial tagging (finer), we evaluate the
exact match of comma-separated entity labels,
supporting both raw string and evaluated nu-
merical comparisons.

Consulting Case Analysis This task simulates
management consulting interviews where agents
must solve complex business problems. Adapta-
tion: Each agent method is instantiated as a “can-
didate” who receives a detailed business case and
must provide structured recommendations. Met-
rics: Evaluation is performed across four dimen-
sions: Structure, Quantitative Reasoning, Business
Sense, and Communication, with an Overall score
computed as the weighted average.

Beer Game (Serious Game) A multi-turn supply
chain simulation where agents manage inventory
levels across multiple tiers. Adaptation: Agents
take on roles (e.g., Wholesaler) and must make re-
plenishment decisions based on dynamic market



demand and lead times. Metrics: The performance
is measured by Total Cost, which includes inven-
tory holding costs and backlog penalties. A lower
cost indicates superior strategic planning.

Enterprise Digital Twin (EDT) A high-fidelity
simulation of an entire enterprise ecosystem requir-
ing long-term strategic decision-making. Adapta-
tion: Each agent jointly decides project selections
and workforce allocations, which are evaluated
through BPTK (Business Process Tool Kit) simula-
tion environment. Each agent repeats the process
for six iterations, where experience from previous
runs can be utilized to inform later decisions. Met-
rics: The primary metric is Accumulated Earnings,
representing the total profit generated by the enter-
prise during the simulation period.

A.2 Agent-based Classification Prompts

We use the following prompt template to catego-
rize each sample in EnterpriseBench. The variables
{task_name} and {question_block} are dynami-
cally populated during the classification process.

You are an expert in question quality
review and capability evaluation.

Do NOT solve the question. Your task is
to analyze what the question is
testing.

TaskName: {task_name}

### Capability Categories
Select ONLY ONE primary capability from
the following four categories:

1. Information Extraction
The question requires locating,
extracting, or restating specific
information
explicitly present in the given text,
without external knowledge or
calculations.

2. Numerical Calculation
The question requires arithmetic
operations, numerical reasoning,
formula-based
computation, or writing code to
perform calculations.

3. Domain Knowledge

The question primarily tests
specialized knowledge itself,
such as:

- Finance, accounting, XBRL, or US
GAAP concepts and tags

- Financial formulas or accounting
standards

- CFA exam questions focused on
knowledge recall or understanding
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- MMLU questions in business ethics,
microeconomics, or professional
accounting

that assess knowledge rather than
decision-making

4. Complex Reasoning
The question requires judgment or
decision-making under constraints
, such as:
- Scenario-based CFA exam questions
- MMLU questions involving business
ethics, microeconomics, or
professional
accounting that ask what should be
done in a given situation

### Decision Rules (IMPORTANT)

Use these rules to avoid confusion
between Information Extraction and
Numerical Calculation:

- Information Extraction ONLY IF:

- The final answer can be directly
copied from the provided text/
table/verbatim span, AND

- NO arithmetic/computation is
required.

- Numerical Calculation IF ANY
computation is needed, even if very
simple, including but not limited to

- subtraction / difference / net

change (e.g., "2015 - 2014")
- addition / sum / total across years
or rows

- division / ratio / percentage /
percent change / growth rate

- max/min/average over a set of
numbers

- any formula-based computation, or
any need to write/execute code

Examples:
- If the context contains two values and
the question asks "net change” / "
difference” / "by what percentage”,
this is Numerical Calculation (even
though the values are extracted
from the context).
- If the question asks "What is X in
2017?" and X is explicitly stated as
a single value in the table,
this is Information Extraction.

### Your Task

Analyze the following question and
provide:

1. The primary capability category (
choose exactly one)

2. A difficulty score from @ to 10 (0 =
trivial, 10 = extremely hard)

3. A brief justification explaining both

the capability classification and

the difficulty level

### Output Format (strictly follow):
Capability: <Information Extraction |
Numerical Calculation | Domain




Knowledge | Complex Reasoning>
DifficultyScore: <0-10>
Reasoning: <Up to 4 sentences>

### Scoring Guidance (IMPORTANT)

Be critical and use the full 0-10 range
as much as possible. Avoid
clustering scores in 0-5.

Assign higher scores (6-10) to genuinely
challenging questions (long/complex
context, multi-step computation,

tricky domain knowledge, ambiguity,
or decision-making).

Assign lower scores (0-3) only to truly
trivial questions (single-value
lookup, no computation,
straightforward knowledge recall).

### Special Difficulty Rules for Label-
Selection / Classification Tasks (
IMPORTANT)

Some tasks look short but are hard
because the model must choose the
correct label from a large,
confusing label space

(e.g., US-GAAP XBRL tag selection,
grained schema mapping).

fine-

- If the input contains a long list of
candidate labels/tags (dozens to
hundreds), difficulty should be HIGH

(often 7-10),
even if the sentence is short, because
many labels are semantically
overlapping.

- If there are multiple independent sub-
questions in one sample (e.g., "
answer the following 4 questions”),
difficulty increases.

- If the correct label is not explicitly

named and requires semantic
interpretation to disambiguate
between similar labels, difficulty
increases.

- Reserve 0-3 only for cases where the
label set is tiny and the mapping is

obvious/unambiguous.

### Question to Analyze:
{question_block}

You are an expert evaluator of LLM-agent
reasoning traces.

You will be given ONE sample and ONE
agent’s full reasoning trace/output
for that sample.

Your task is to extract ONE reusable
experience item that can help:

- improve future usage of this agent,
and/or

- decide when to route similar samples
to a different agent.

## Hard constraints

- Output **JSON only=*x*.
extra text.

- Be concrete: reference the failure/
success mode, not generic advice.

- If the sample is incorrect, diagnose
the likely cause (format mismatch,
sign error, unit conversion, missing

table lookup, etc.).

- If the sample is correct, extract what

made it work (e.g., robust checks,
careful parsing, etc.).

No markdown. No

## Output JSON schema (strict)

"bullet"”: "<one actionable experience
sentence, English>",
"tags": {
"agent_method": "<string>",
"task_name"”: "<string>",
"capability": "<string>",
"difficulty_bucket"”: "<easy|middle|
hard |NA>"
}Y
"outcome"”: "<correct|incorrect>",
"diagnosis"”: "<short root-cause /
success-factor>",
"routing_hint": {

"prefer_agent": "<agent_name or

empty>",
"avoid_agent": "<agent_name or empty
>
"when": "<short condition
description>"
}’
"confidence": "<high|medium|low>"

The classification is performed using the
deepseek-v3 model to ensure consistency across
the entire benchmark.

A.3 AOA Experience Extraction Prompts

AOA utilizes two specialized prompts for learn-
ing from execution traces and synthesizing routing
policies.

Trace-based Experience Extraction Prompt
This prompt is used to analyze individual agent
reasoning traces and extract actionable experience
bullets.

Meta-level Experience Synthesizer Prompt
This prompt is used to aggregate individual ex-
periences into a unified, executable routing policy.

# AOA Trace-based Experience Extractor (
Per-sample)

# AOA Meta Experience Synthesizer
You are an expert in LLM-agent routing
and evaluation.

You will be given a set of extracted
experience bullets across many tasks
and agent methods.
Your task is to produce a **meta-level
routing playbookx* that helps an AOA
router decide
which agent to use for a new sample.

## Hard constraints




- Qutput **xJSON only**x (no markdown, no
extra text).

- Your routing_policy rules must be
executable based on: task_name,
capability, difficulty_bucket, and

simple text features.

- meta_findings can include both
executable and non-executable
insights; the LLM router can use
them even if deterministic rules
cannot.

- Prefer simple, robust rules. Avoid
overfitting to tiny evidence.

- Use a conservative default_agent.

## Output JSON schema (strict)
{
"meta_findings": [
{
"id": "M1",
"summary": "<one sentence>",
"evidence": "<short evidence based
on provided bullets/stats>",
"confidence"”: "<high|medium]|low>"
3
] y
"routing_policy”": {
"default_agent"”: "<agent_name>",
"tie_breaker"”: "prefer_default|
prefer_simpler |prefer_ace”,
"min_margin”: 0.01,
"rules”": [
{
"when": {
"task_name”: "<name|ALL>",
"capability"”: "<name|ALL>",
"difficulty_bucket"”": "<easy|
middle | hard|NA|JALL>",
"feature_conditions"”: {
"has_table": "<true|false|
omit>",
"has_code":
omit>",
"num_numbers_min":
omit>",
"num_numbers_max":
omit>",
"context_chars_min":
number |omit>",
"context_chars_max":
number |omit>"
"question_chars_min":
number |omit>"
"question_chars_max":
number |omit>",
"table_row_estimate_min":
number |omit>",
"table_row_estimate_max":
number |omit>"

"<true|false|
"<number |
"<number |
"<
"<

"<

"<

"<

}
}’
"choose"”: "<agent_name>",
"rationale”: "<one sentence>",
"confidence": "<high|medium|low
S

A.4 Consulting Prompts

Interviewer prompt The interviewer prompt is
designed to guide the LLM interviewer to conduct
a realistic consulting-style case interview based
on predefined consulting cases. It instructs the
interviewer to paraphrase case descriptions, con-
trol the interview pace, selectively reveal hidden
information only when explicitly requested, and
avoid leaking solutions or internal guidance. The
interview proceeds as a turn-based interaction with
a maximum of 12 rounds and terminates using a
dedicated end-of-interview token.
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You are the interviewer in a consulting-
style case interview with an LLM
candidate.

Each turn you receive:
1) These instructions.

2) The full text of ONE case (problem/
background, any sections such as
"Information to be provided if
requested”, "If asked for market
information”,

"Hints"”, "Key questions”, "Analysis”,
"Possible recommendations /
approaches”,

"Solution", "Case wrap-up", "
Interviewer notes”, etc.).

3) The chat history so far.

Your job is ONLY to produce the next
interviewer message.

1. What you may reveal
- The problem statement, scenario
description, and general background
are information
the candidate is allowed to know.
- Sections like "Information to be

provided if requested”, "If asked
for ...",
"Further information”, "Hints" or

similar are GATED facts.

- Sections like "Key questions”,
Possible recommendations /
approaches”, "Analysis",

"Solution”, "Case wrap-up”,
Interviewer notes” are INTERNAL
GUIDANCE ONLY.

"

n

Rules for gated facts:
- Reveal a gated fact only when the
candidate’s question clearly targets
that dimension
(e.g., market size,
customers,
, risks).
- Reveal one logical piece at a time,
not the whole section at once.
- Never quote or expose "Solution”,
Analysis"”, "Case wrap-up",
"Possible recommendations / approaches
" or "Interviewer notes"” directly.
Use them only to decide what to probe
and which facts matter.

growth
competition,

costs,
operations

n




Do NOT invent or assume new facts beyond
the case. If the candidate asks for

information that is not in the case and
not covered by any gated section,
say that the

case does not provide that detail and
invite them to proceed with
reasonable assumptions

or move to another relevant angle.

2. How to run the interview

First turn:
- Briefly set up the situation in your
own words (1-3 sentences).
- End by asking the candidate to clarify
the objective and outline a high-
level structure.

Later turns:

- Read the latest candidate answer and
the history.

- Answer their concrete questions using
only allowed and already-unlocked
information

(plus any newly unlocked gated facts).

- Ask ONE focused follow-up at a time,
pushing them toward structured
business

reasoning (e.g., profitability, market
/ customer / competition,
operations, risks).

- Do not restate the entire case;
mention only what is needed for the
current step.

Pacing and depth:

- Use the case length hint (e.g. "Short
15 Minutes”, "Medium 3@ Minutes",

"Long 45 Minutes"”) and the
conversation so far to manage
depth:

* Short cases: aim for at least 3-4
candidate answers before closing.

* Medium cases: aim for 5-7 candidate
answers

* Long cases: aim for 7-10 candidate
answers with deeper quantitative
or conceptual work.

- If the candidate keeps asking for more

data without analyzing, gently
redirect them to:

(a) summarize what they know, and (b)
propose a structure or hypothesis
BEFORE you give more data.

- If the candidate is stuck, you may
give a small hint or suggest one
missing dimension,

but do NOT present a full framework or

full solution.

3. Ending the case

You may end the interview ONLY when ALL
of the following are true:
- The candidate has clearly stated a
recommendation that answers the main
question
of the case.

- They have given at least a brief
supporting structure (2-3 key
drivers or arguments).

- You have given short, high-level
feedback and, if appropriate,
one or two

important missing points.

added

Ending protocol:
- NEVER end the interview in your very
first message.
- In your FINAL closing message:
* Do NOT ask any new questions or
invite further analysis.
* Optionally give concise feedback and
highlight key drivers.
* Append the exact token {
INTERVIEW_END_TOKEN} as the VERY
LAST characters.
- In all earlier messages you MUST NOT
output {INTERVIEW_END_TOKEN}.

4. Style and constraints

- Speak as a professional human
interviewer: concise, neutral,
business-like.

- Ask at most one or a small cluster of
closely related questions per turn.

- Never mention "case text"”, "sections”,
"gated information”, "solutions”,
or any

internal labels; to the candidate you
are simply an interviewer.

- Use only information from the case
text and the chat history; do not
bring in

outside knowledge.
- Keep each interviewer message concise:
at most 500 words in each turn. Do
not write long essays.

Your output each turn must be ONLY the
next interviewer utterance to the
candidate.

nnn
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Judge prompt The judge prompt is designed to
provide a consistent and fine-grained evaluation of
agent performance in the consulting task. Given
the complete consulting case text and the full in-
terview transcript, the judge assesses only the can-
didate’s behavior and reasoning, independent of
the interviewer’s actions. The prompt enforces
a multi-dimensional evaluation framework com-
monly used in real-world consulting interviews and
outputs structured numerical scores together with
concise qualitative feedback.
The evaluation dimensions are as follows:

* Structure: Evaluates whether the candidate
clearly understands the problem and proposes
a coherent, logically organized, and adaptable
problem-solving structure.




* Quantitative Reasoning: Assesses the candi-
date’s ability to request, interpret, and apply
numerical information to derive meaningful
quantitative insights.

¢ Business Sense: Measures whether the candi-
date identifies key business drivers and trade-
offs and provides commercially reasonable
conclusions and risk-aware recommendations.

* Communication: Examines the clarity, con-
ciseness, and professionalism of the candi-
date’s communication throughout the inter-
view.

* Overall: Provides a holistic judgment of the
candidate’s suitability for a consulting role,
beyond a simple aggregation of individual di-
mension scores

To ensure consistency and reproducibility, the
judge produces a single JSON object containing nu-
merical scores for each evaluation dimension and a
short textual feedback summary. The scoring is cal-
ibrated on a 0-10 scale with strict guidelines to dis-
courage inflated ratings and to penalize verbosity,
hallucinated facts, or unsupported conclusions.

You are a senior consulting interviewer
evaluating the performance of a
CANDIDATE

in a case interview.

You will receive:
- case_text: the full written case (
problem, background, solution, etc.)
- transcript_text: the complete dialogue
between INTERVIEWER and CANDIDATE,
in chronological order. Each line
clearly indicates who is speaking.

Your job is to assess ONLY the CANDIDATE
, not the interviewer.

Evaluate the candidate along FOUR
dimensions plus an overall score:

1) structure (0-10)

- How well does the candidate
understand and restate the
problem and objective?

- Do they propose a clear, logical,
and MECE-enough structure or
approach early on?

- Do they use hypothesis-driven
thinking and adjust their
structure as new information
appears?

2) quant (0-10)
- Does the candidate ask for the
right type of information or data
when needed?
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- Do they correctly interpret and use
the numerical information
provided in the case
(e.g., doing rough calculations,
sanity checks, comparisons)?
- Do they derive meaningful
quantitative insights rather than
just repeating numbers?
3) business_sense (0-10)
- Does the candidate identify the key
drivers, root causes, and trade-
offs in the case?

- Are their conclusions and
recommendations commercially
reasonable and consistent

with the information given?

- Do they recognize important risks/
uncertainties and, when
appropriate, suggest

sensible next steps or mitigations?

4) communication (0-10)

- Is the candidate’s communication
clear, concise, and well-
structured?

- Do they signpost their thinking (e.
g., "first/second/third"”) without

being verbose?

- Do they interact professionally
with the interviewer, responding
to questions,

picking up on hints, and keeping a
natural case-interview flow?

In

addition, provide:

5) overall (0-10)

- Your holistic judgment of the
candidate’s performance on this
case.

- This is NOT just an arithmetic
average; it reflects whether you
would be

comfortable recommending this
candidate for a consulting role

Scoring guidelines (be strict and well-
calibrated across many cases):

- 0-2: very weak (almost no useful
contribution or completely off-track
).

- 3-4: clearly below average (some
relevant points, but major gaps or
confusion).

- 5-6: average candidate (generally

reasonable but shallow, incomplete,

or inconsistent).
above average (solid performance
with notable but fixable weaknesses)

- 7:

- 8: very strong (consultant-level
performance with only minor issues).

- 9-10: truly exceptional (outstanding
on almost all dimensions; reserve
for rare cases).

Additional rules:

- If the candidate barely speaks, never




proposes a clear structure,
gives a
concrete recommendation, most scores
should be in the ©-3 range.
- Do NOT reward verbosity alone; reward
clear, structured, business-relevant
thinking.
- Penalize hallucinated facts that
contradict or go beyond the
case_text.

or never

Output format:
Return ONLY a single valid JSON object
with this exact schema:

{
"structure”: float,
"quant"”: float,
"business_sense":
"communication”:
"overall”: float,
"feedback"”: string

}
No extra text before or after the JSON.

float,
float,

A.5 Beer Game Configuration

Configuration parameters The Beer Game sim-
ulation follows a discrete time setting with a fixed
horizon of 25 time steps. Customer demand is ob-
served only by the retailer and follows a stepwise
demand script: demand remains at a low level of
100 units during the initial phase and increases to a
high level of 400 units starting from week 2. This
sudden demand shift introduces non-stationarity
and tests the agent’s ability to adapt to changing
market conditions.

Information and material flows are subject to
delays. Orders placed by downstream agents are
transmitted upstream with a one-week information
delay, while physical shipments experience a two-
week delivery delay. The system is initialized in
a steady state with a target inventory level of 400
units to avoid transient effects at the beginning of
the simulation.

Inventory dynamics incur explicit economic
costs. Each unit of inventory held generates a hold-
ing cost of 0.5 per time step, while each unit of
unmet demand (backorder) incurs a higher penalty
of 1.0, reflecting the greater economic impact of
stockouts. In addition, a minimum inventory cost
of 200 is imposed to model fixed operational ex-
penses independent of inventory fluctuations.

In all experiments, the evaluated agent controls
the retailer role, which is closest to customer de-
mand and therefore most exposed to demand un-
certainty. All other supply-chain roles (wholesaler,
distributor, and factory) follow predefined equation-
based policies.

Opponent policies Non-controlled agents in the
supply chain follow fixed equation-based ordering
rules. Under the typical policy, the order quantity
at time step ¢ is determined by an inventory and
backlog correction rule:

@ =di+ao(I"— 1)+ BBy, (D

where d; denotes the observed demand, I is the
current inventory level, I* is the target inventory,
and B; represents the backlog. The parameters
« and f control the adjustment speed toward the
target inventory and backlog compensation, respec-
tively. And in our experiment we set « = 1 and
B =1 as fix parameters.

Under the smoothing_4 policy, demand is first
smoothed using a four-step moving average:

- 1 3
dp= 7 dik,
k=0

and the smoothed demand a?t is then substituted
for d; in the ordering rule:

2

g = dy +a(I* = I,) + BBy, 3)

A.6 Enterprise Digital Twin (EDT)
Implementation Details

This appendix provides low-level execution details
of the Enterprise Digital Twin (EDT) task, comple-
menting the main text description. We focus on (i)
scenario specification, (ii) step-wise simulation dy-
namics, (iii) project life-cycle and stochastic events
(extension and follow-on), (iv) firm-level account-
ing and metrics, and (v) the evaluation protocol
used in our benchmark.

Here is a brief version of the scenario applied in
our task, and we use it as an example for illustrating
the mechanism of EDT environment. The details
of this task scenario can be found in our codes.
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"scenarios": {
"interactive": {
"runspecs”: {
"starttime”: 1,
"stoptime": 96,
"dt": 1
}’
"properties”: {
"revenue_risk_level”: {
"type": "Double”,
"value”: 0.5
}’
"fixed_cost": {
"type": "Double",




"value”: 20000.0
3
}Y
"agents": [
{
"name"”: "consultant”,
"count”: 1,
"properties”: {

"name": {

"type": "String",
"value”: "Consultant 1"

}’

"salary": {

"type": "Double",
"value"”: 6000.0

}’

"workplace_cost"”: {
"type": "Double",
"value"”: 2000.0

}

}
}’
# 11 other consulatant agents
{
"name"”: "project”,
"count": 1,
"properties”: {

"name": {

"type": "String"”,
"value”: "Project 1: Core
Upgrade”

}’

"contracted_effort"”: {
"type": "Double",
"value"”: 70.0

1,

"contracted_probability": {
"type": "Double",
"value”: 1.0

3,

"extension_probability"”: {
"type"”: "Double”,
"value": 0.25

3,

"extension_effort”: {
"type"”: "Double”,
"value": 10.0

3,

"follow_on_probability"”: {
"type”: "Double”,
"value": 0.1

1,

"is_follow_on": {
"type"”: "Boolean",
"value": false

1,

"deadline”: {

"type": "Double”,
"value": 30.0

}l

"consultants”: {
"type"”: "Double”,
"value"”: 2.0

}l

"start_time": {
"type"”: "Double”,
"value”: 1.0

} ’

"billing_rate”: {
"type": "Double”,
"value”: 16000.0

3

# 9 other project agents

A.6.1 Scenario specification

An EDT episode is defined by a JSON scenario
under a scenario manager (e.g., smEDT), consist-
ing of three top-level blocks: runspecs, properties,
and agents. The runspecs block defines the discrete
simulation horizon via starttime, stoptime, and dt.
In our benchmark implementation, the simulator
advances by discrete step calls until termination,
and stoptime acts as a step limit . The scalar dt
is used as a per-step scaling factor for both work
delivery and cost accrual.

The properties block contains firm-level param-
eters, most importantly the global fixed_cost and
revenue_risk_level. The agents block instantiates
a multiset of consultant agents and project agents,
plus a controlling component that aggregates flows
into evaluation metrics.

A tested agent does not act during the episode.
Instead, it outputs a compact scenario-level de-
cision schema {C, R, P}, where C is the re-
tained number of consultants, R is the global rev-
enue_risk_level, and P encodes per-project accep-
tance and start/deadline windows. This schema
is applied as a constrained transformation to a
template scenario to produce a materialized sce-
nario JSON. Non-controllable template fields (e.g.,
salary, workplace cost, and baseline project param-
eters) remain unchanged. The simulator then exe-
cutes the materialized scenario for the full horizon
and returns step-wise and terminal outcomes.

A.6.2 Consultant dynamics and capacity
constraints

Each consultant agent is characterized by two per-
step cost parameters: salary and workplace_cost.
These costs are counted every step regardless of
utilization and same for every consultant in our
experiment settings. Let N, denote the retained
number of consultants (set by the tested agent), s
denote the salary and w denote the workplace cost.
At each step ¢, the total consultant operating cost




contribution is

Cost; = N.-(s+w) - dt. 4)

Consultants provide the only labor capacity for
project delivery. At any step, a consultant can
contribute to at most one project. Moreover, each
project j has an integer staffing requirement req;
(scenario field consultants) that caps concurrent
workers on that project: at any step, no more than
req; consultants can deliver effort to project j. The
simulator enforces sticky assignment: once a con-
sultant begins working on a project, it remains as-
signed to that project until the project finishes its
current workload (base scope and any triggered ex-
tension), after which the consultant becomes avail-
able for reassignment. This stickiness induces non-
trivial opportunity costs: starting a long project
early can lock capacity and delay higher-margin
projects.

Per-step work delivery is modeled in units of
effort. For a working consultant, delivered effort
per step is scaled by dt. Let k;; be the number of
consultants actually working on project j at step ¢,
with 0 < kj; < req;. Then the delivered effort to
project j at step t is upper bounded by

€4t < kj,t - dt. (5)

This definition is consistent with the main-text
statement that a consultant produces one unit of
effort per step when dt = 1 in our settings.

A.6.3 Project state

Each project j is parameterized by:
contracted_effort: base scope Effort?ase
billing_rate: per-unit revenue Rate;
consultants: staffing cap req;
start_time: start time start;

deadline: deadline dead;

base

contracted_probability: reliability m;

extension_probability: the probability that a
project will extend and requires more effort.

extension_effort the required effort in exten-
sion scope Effortjf"t

follow_on_probability follow-on probability
of a project 7rjf.°
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A project is active only within its permissible
window. Work can accrue only when ¢t > start;
and ¢t < dead; and the episode has not terminated.
Projects maintain a remaining workload state £; ;
(initialized to Effort?ase). Given delivered effort
ej.¢, the update is

(6)

Ej7t+]_ = maX(O, Ejﬂg —6]'7,5).

Revenue is generated proportional to delivered
effort. The instantaneous revenue contribution
from project j at step ¢ is

Rerﬂg = €5t~ Ratej, (7)
and total step revenue is
Rev;, = Z Rev;. (8)

J

If the project reaches its deadline with £; ; > 0, the
unfinished portion is not deliverable after dead;,
meaning it cannot produce further revenue within
that project instance.

A.6.4 Extensions and follow-on projects

EDT introduces two stochastic mechanisms that
can create additional revenue opportunities while
consuming capacity and increasing uncertainty: ex-
tensions (scope growth) and follow-on projects.

Extensions. If a project completes its base scope
strictly before its deadline (i.e., E;; = 0 at some
t < dead;), an extension event may trigger. Let
g(R) be the risk gating function induced by the
global revenue_risk_level R € [0,1]. Opera-
tionally, the extension triggers when a project-level
draw passes a threshold that depends on both W?Xt
and R. When triggered, the project remaining
workload is increased by Effortht:

Ej + Ej; + Effort ™. )

The project then continues to consume consultant
capacity and can generate additional revenue as the
extension workload is delivered, subject again to
the deadline and episode termination.

Follow-on projects. At a project’s deadline step
t = dead;, a follow-on opportunity may be instan-
tiated. As with extensions, instantiation is gated by
the global risk level R and the project parameter
7rjf-°. A follow-on project is created as a new project
agent with is_follow_on = true. It inherits the pri-
mary economic structure of its parent project (e.g.,



similar staffing requirement and billing rate) while
suppressing further follow-on chaining (follow-on
probability set to zero), preventing infinite cascades.
The follow-on has its own start time after creation
and competes for the same consultant pool.

These stochastic mechanisms create non-linear
portfolio effects. High R increases the chance of
extensions and follow-ons, potentially improving
earnings but also locking capacity and raising un-
certainty; low R yields more predictable revenue
trajectories but less upside.

A.6.5 Firm-level accounting and returned
metrics

At each step t, the firm accrues expenses and rev-
enue, which are aggregated by the controlling com-
ponent into cumulative metrics. Let Cost!™
fixed_cost - dt denote step fixed cost, and let Costy
denote consultant costs from Eq. (1). Then total
step expenses are

Exp, = Costi® + Cost. (10)

Cumulative revenue and expenses are computed as
running sums:

T
AcRevy = Z Revy,

(1)
t=1
T
AcExpyr = Z Exp,. (12)
t=1
Cumulative earnings (profit) are then
Earningsy = AcRevy — AcExpp.  (13)

Utilization is computed from the fraction of con-
sultant capacity actively engaged in delivery. Let
busy, denote the number of consultants assigned
to any project at step ¢. Then step utilization is

busy,
Ne

Utily, = , (14)
with Util; = 0 when N, = 0. The simulator
reports both per-step utilization and an overall av-
erage utilization computed across steps.

A.6.6 Evaluation protocol in the benchmark

For each tested model, evaluation proceeds over a
fixed set of template scenarios. For each episode,
the model is provided with a structured description
of (i) horizon, (ii) cost parameters, and (iii) project
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parameters. It outputs the schema {C, R, P} sub-
ject to strict formatting constraints. The evalua-
tor materializes a new scenario by applying the
schema to the template (disabling projects, adjust-
ing start/deadline windows, setting 2, and selecting
the first C' consultants). The BPTK server is then
launched to execute the scenario, and the evaluator
reads step-wise outputs to compute and store met-
rics (including cumulative earnings, revenue, ex-
penses, cash, utilization, and revenue risk). When
multiple runs per scenario are enabled, the model
may adapt its schema based on prior-run feedback,
enabling learning-style search over scenario con-
figurations under a fixed action space.

A.7 Dataset Statistics

We provide the detailed sample distribution of the
FirmBench task corpus. Table 5 summarizes the
number of samples in the training, validation, and
testing sets for each component. Note that for
our currently implemented online evaluation mode,
only the fest set is utilized for evaluation and se-
quential adaptation.

In addition, we introduce the Beer Game and
Enterprise Digital Twin (EDT) as simulation-based
serious game tasks, which differ fundamentally
from the sample-based datasets.

Dataset Train  Valid  Test Total
Structured Reasoning

CodeFinQA 4,409 200 788 5,397
CodeTAT-QA 2,654 200 288 3,142
ConvFinQA 133 - 132 265
FinCode 7 2 47 56
finer 1,000 500 441 1,941
FinKnow 100 50 589 739
formula 500 300 200 1,000
FormulaEval 50 - 50 100
SEC-NUM 6,646 200 2,000 | 8,846
TAT-QA 120 - 120 240
Interactive Consulting 12 - 48 60
Total 15,631 1,452 4,706 | 21,789

Table 5: Statistics of FirmBench tasks across training,
validation, and testing splits.

A.8 Al Assistance Disclosure

Al-based tools were used during the preparation
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