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Abstract

Large language models (LLMs) have precipi-
tated a dramatic improvement in the legal do-
main, yet the deployment of standalone models
faces significant limitations regarding halluci-
nation, outdated information, and verifiability.
Recently, LLM agents have attracted significant
attention as a solution to these challenges, uti-
lizing advanced capabilities such as planning,
memory, and tool usage to meet the rigorous
standards of legal practice. In this paper, we
present a comprehensive survey of LLM agents
for legal tasks, analyzing how these architec-
tures bridge the gap between technical capa-
bilities and domain-specific needs. Our major
contributions include: (1) systematically ana-
lyzing the technical transition from standard
legal LLMs to legal agents; (2) presenting a
structured taxonomy of current agent applica-
tions across distinct legal practice areas; (3) dis-
cussing evaluation methodologies specifically
for agentic performance in law; and (4) identi-
fying open challenges and outlining future di-
rections for developing robust and autonomous
legal assistants.

1 Introduction

In recent years, large language models (LLMs)
have precipitated a dramatic improvement in the
legal domain, fundamentally altering how legal pro-
fessionals approach complex information process-
ing. These models have demonstrated exceptional
capability across a variety of specialized legal tasks,
ranging from routine document processing to so-
phisticated reasoning challenges. The integration
of LLMs has improved distinct application areas,
including legal judgment prediction (Shu et al.,
2024), legal question answering (Louis et al., 2024),
and contract review (Liu et al., 2025), offering new
efficiencies in workflows that were previously man-
ual and labor-intensive.

However, the deployment of standalone LLMs
for legal tasks faces significant limitations, pri-

marily due to persistent issues such as hallucina-
tion (Farquhar et al., 2024; Sriramanan et al., 2024)
and the generation of outdated information. Given
that legal practice constitutes a high-stakes environ-
ment where precision is mandatory and errors can
have severe consequences, these reliability issues
severely restrict the application of standard LLMs
in real-world scenarios. To address these critical
challenges, the field is shifting toward the develop-
ment of LLM Agents (Li et al., 2025a), which uti-
lize advanced capabilities such as planning, mem-
ory, and tool usage, to mitigate the shortcomings of
base LLM models and meet the rigorous standards
required by the legal profession.

In this paper, we present a comprehensive sur-
vey of LLM Agents for legal tasks, structuring
our analysis to bridge the gap between technical
capabilities and domain-specific needs. We first
examine why LLM Agents are particularly promis-
ing for this domain by contrasting their advantages
against the limitations of standalone models, fol-
lowed by a detailed review of current application
areas. Furthermore, we assess the performance of
existing agents and conclude by highlighting open
challenges and future directions to guide the next
phase of research in legal Al

1.1 Contribution and Uniqueness

Our Contributions. This paper provides a com-
prehensive overview of LLM agents in the legal
domain, with four major contributions: (1) We sys-
tematically analyze the technical transition from
standard legal LLMs to legal agents, detailing how
agentic characteristics address critical deficiencies
in legal applications. (2) We present a structured
taxonomy of current agent applications across five
distinct legal practice areas. (3) We discuss eval-
uation methodologies specifically for agentic per-
formance in law. (4) We identify open challenges
and outline future directions for developing robust,
autonomous legal assistants.
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Differences with Existing Surveys. While several
existing surveys examine Al application in law (Lai
et al., 2024; Hou et al., 2025; Chen et al., 2024),
they differ significantly in scope and focus com-
pared to our agent-centric approach. For instance,
Lai et al. (Lai et al., 2024) focuses on standalone
model capabilities and general ethical challenges
in the judicial system, largely overlooking agentic
architectures that utilize planning and tools to ad-
dress identified limitations. In contrast, our survey
uniquely and exclusively focuses on the depth of
LLM Agents in the legal field, providing a detailed
analysis of agentic principles, workflows, and eval-
uation criteria specific to legal practice.

2 Why LLM Agents for Legal Tasks?

2.1 Why LLMs by themselves are insufficient

LLMs are reshaping legal workflows through the
Transformer architecture’s dynamic semantic cap-
ture and generative reasoning (Shao et al., 2025).
They excel at fundamental legal tasks (Davenport,
2025), with further improvements achieved via
judicial-syllogism-based Chain-of-Thought (CoT)
(Song et al., 2025). Models like LawLLM (Shu
et al., 2024) demonstrates promise in simulating
professional legal reasoning, while newest multi-
modal models extends analysis to audio and video
modalities (vLex Team, 2025). However, LLMs do
not resolve all legal challenges and even introduce
new risks (Lai et al., 2024; Dehghani et al., 2025),
which we categorize into three classes:

e Class A: Persistent Traditional Challenges.
Long-cycle, multi-stage workflows remain diffi-
cult for LLMs to navigate (Mohsin et al., 2025).
Current LLMs struggle with extended task con-
sistency and procedural depth (Fei et al., 2024;
Liu et al., 2024) for legal tasks requiring complex
multi-steps (Guha et al., 2023).

* Class B: LLM-Specific Challenges. Hallucina-
tion is inherent in current generative architec-
tures (Xu et al., 2025; Kalai et al., 2025; Huang
et al., 2025). In law, fabricated citations or docu-
ments pose severe risks and significant real-world
consequences (Dahl et al., 2024; Magesh et al.,
2025; Scott, 2023).

* Class C: Exacerbated or Emergent Risks. Fixed
post-training weights hinder adaption to evolving
regulations(Ferraris et al., 2025), creating hidden
risks where erroneous conclusions are hard to
detect or trace(Dahl et al., 2024). Further, the

“black-box” nature of LL.Ms complicates legal
accountability, ethical frameworks, and societal
trust(Anthropic, 2023; Weidinger et al., 2022).

2.2 LLM Agents Address These Limitations

Although comprehensive lifecycle management
best supports responsible LLM development (Wang
et al., 2025a), it is often cost-prohibitive, prompt-
ing a shift toward agentic frameworks as a practi-
cal alternative to standalone models. Unlike stan-
dalone models, LLM agents serve as reasoning
engines that orchestrate external modules and itera-
tive workflows (Anthropic, 2024; Xi et al., 2025b).
We summarize the core agentic capabilities and
corresponding remedies as follows:

» External Grounding and Knowledge Fresh-
ness. To mitigate hallucinations (Class B) and
knowledge expiration (Class C), agents employ
Tool Use and Retrieval-Augmented Generation
(RAG) (Weng, 2023; Larochelle et al., 2020).
By offloading “authority” from internal parame-
ters to verifiable systems such as legal databases,
statutes, and case law APIs, gents anchor conclu-
sion to explicit evidence (Cui et al., 2023; Guha
et al., 2023; Huang et al., 2023). This is essential
for cross-jurisdictional tasks and rapidly evolv-
ing regulatory updates that static models fail to
reliably trace (Vu et al., 2024).

* Procedural Orchestration and Long-term Consis-
tency. To address persistent traditional challenges
(Class A), agents employ Planning and Mem-
ory modules. Legal workflows are inherently
multi-stage and long-cycle (Li et al., 2025a; Yang
et al., 2025), and planning decomposes complex
tasks, such as due diligence or multi-step litiga-
tion strategy, into manageable sub-goals (Chen
et al., 2025c). Meanwhile, memory preserves
context over time, preventing the “lost-in-the-
middle” phenomenon and maintaining consis-
tent legal reasoning across a case’s lifecycle (Liu
et al., 2024; Cui et al., 2023).

* Multi-layer Verification and Governance. To
tackle accountability and ethical risks (Class
C), agentic frameworks introduce Reflection,
Multi-agent Collaboration, and Human-in-the-
loop (HITL) protocols (Scanlon et al., 2025; Xi
et al., 2025b). Reflection enables post-generation
consistency checks to detect logical contradic-
tions or evidence gaps, effectively mitigating bias
(Shinn et al., 2023; Zhang and Ashley, 2025).
Multi-agent Systems adopt specialized agents
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Figure 1: Overview of paper structure and LLM agent application.

to cross-examine outputs, mimicking the peer-
review process in law firms to enhance inter-
pretability (Jiang and Yang, 2025; Sun et al.,
2024; Jing et al., 2025). HITL positions human
as the final arbiter, ensuring data privacy control
and ultimate legal accountability(School, 2025;
Bommarito et al., 2025).

2.3 Common Architecture of Legal LLM
Agents

Legal agents commonly adopt architectures that
decompose legal reasoning into explicit interme-
diate stages, specialized roles, or iterative refine-
ment loops. Reflection-based agents improve out-
puts through self-critique and revision (Zhang and
Ashley, 2025), debate-style agents compare com-
peting reasoning paths under a judge (Chen et al.,
2025e), and plan-and-execute frameworks sepa-
rate high-level coordination from subtask execu-
tion (Nguyen et al., 2025a). Tool-augmented and
role-based multi-agent systems further improve
grounding, controllability, and specialization by
combining LLMs with retrieval, external APIs, and
role-specific collaboration (Zhu et al., 2025c; Cui
et al., 2023). More recently, agent frameworks
combined with reinforcement learning extend these
designs by enabling procedural strategy discovery
and adaptive behavior through simulation and self-
play (Badhe, 2025). Table 1 in Appendix A sum-
marizes representative agentic architectures used
in legal-domain systems and their core properties.

3 Current LLM Agent Application Areas
in the Legal Domain

In this section, we organize existing work into a
taxonomy consisting of five core categories: (1) Le-
gal search, which support the application of legal
authorities; (2) Litigation and dispute resolution,
where agentic systems enable role specialization
and long-horizon interaction; (3) Compliance and
regulation, where verification and auditability are
essential; (4) Advisory consultation and transac-
tional practice, emphasizing client interaction and
document-centric workflows; (5) Non-substantive
tasks such as administration automation. Figure 2
shows the structure of the taxonomy with repre-
sentative agentic systems. Table 2 and Table 3
summarizes the legal agentic systems proposed by
existing literature and commercial products.

This categorization reflects the structure of real-
world legal practice, closely mirroring how work
is organized within practice groups of legal insti-
tutions. Each category maps to distinct technical
demands on agents, ranging from retrieval and rea-
soning primitives, to long-horizon interaction, pro-
cedural compliance, and workflow orchestration.

3.1 Legal Search & Research

Legal retrieval, legal theory understanding, and le-
gal reasoning form the foundation of legal search
and research system, jointly supporting how users
identify, interpret, and apply legal sources. Le-
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gal retrieval connects user information needs to
cases, statutes, and regulations, while legal the-
ory understanding captures the doctrinal concepts
that govern their interpretation. Legal reasoning
integrates these components through structured de-
duction, analogy, and rule application, supporting
legally valid and defensible conclusions.

Legal Retrieval. Legal retrieval often maps in-
formal queries to authoritative cases, statutes, and
regulations (Liu et al., 2022), and must ensure high
precision, traceability of retrieved evidence, juris-
dictional and temporal correctness, while providing
interfaces that support professional inspection and
control (Liu et al., 2023; Chen et al., 2025d; Wang
and Yuan, 2025). Case retrieval identifies prior judi-
cial decisions relevant to a fact pattern, statutory re-
trieval locates applicable legislative provisions, and
regulation retrieval seeks relevant administrative
rules (Feng et al., 2024; Savelka and Ashley, 2022).
Recent work adopts agentic system designs to sup-
port high-quality legal retrieval. First, structured
query generation enable LLM agents to translate
underspecified user inputs into legally grounded re-
trieval queries, with mechanisms such as candidate
buffers rewriting queries and preserving intermedi-
ate results across turns to improve retrieval stability

and success rates (Liu et al., 2022). Second, ro-
bustness is improved through multi-granular and
logic-aware fusion of legal information, where doc-
uments are modeled at different levels such as facts,
reasoning, and rulings, enabling LLM agent sys-
tems to tolerate paraphrase and noisy expressions
while maintaining legal relevance (Meng et al.,
2025a). Finally, multi-agent and neural-symbolic
workflows are introduced to enhance verification
and trustworthiness. Orchestrated agent systems
explicitly check jurisdictional and temporal valid-
ity before producing answers (Wang and Yuan,
2025), while neural-symbolic approaches formal-
ize statutes and use symbolic solvers to provide
machine-checkable support for retrieved and ap-
plied legal rules (Chen et al., 2025d).

Legal Theory Understanding & Legal Reason-
ing. Legal theory defines the set of concepts and
rules that underpin legal claims and their justifica-
tion, including elements of offenses, duties, rights,
and how these elements relate to one another (Yuan
et al., 2024; Sadowski and Chudziak, 2025). Legal
reasoning is the process of applying legal theory to
facts using deduction, analogy, and rule application.
Recent work shows that standalone LLMs do not
reliably grasp legal theories or their formal struc-
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ture (Yuan et al., 2024; Jing et al., 2025), and they
also struggle to perform reliable legal reasoning
without extra structure or checks (Jing et al., 2025;
Sadowski and Chudziak, 2025).

To improve legal reasoning and theory under-
standing, recent work follows complementary agen-
tic design strategies. First, multi-agent decompo-
sition is used to split complex tasks into focused
sub-tasks, enabling role specialization. Systems
such as MALR and ChatLaw show that a multi-
agent design helps models focus on theory extrac-
tion, fact analysis, and synthesis separately (Yuan
et al., 2024; Cui et al., 2023). Second, some sys-
tems decouple retrieval and reasoning into atomic
primitives that a planner agent composes; the Deter-
ministic Legal Agents work proposes a canonical
primitive API for auditable, point-in-time retrieval
and deterministic steps (de Martim, 2025). Third,
a reflective multi-agent framework is used for legal
argument generation in which specialized agents
iteratively analyze facts and refine arguments, im-
proving factual grounding, ethical reliability, and
robustness of legal reasoning compared to single-
agent approaches (Zhang and Ashley, 2025).

3.2 Litigation & Dispute Resolution

Litigation and dispute resolution covers legal tasks
that arise in adversarial proceedings, which involve
analyzing case facts, applying relevant law, and
engaging in strategic interactions between oppos-
ing parties and judges. Core litigation-related tasks
include predicting judicial outcomes, drafting liti-
gation documents such as motions and briefs, and
simulating courtroom or mediation processes.

Judgment Prediction. On the task of legal judg-
ment prediction, Shui et al. (2023) suggests that
effective legal judgment prediction requires more
sophisticated mechanisms beyond naive LLM-IR
pipelines. Building on this limitation, Jiang and
Yang (2025) propose a multi-agent LLM frame-
work that explicitly models judicial deliberation
through role-based agents, where individual agents
independently reason over cases and iteratively
reach a consensus through discussion, leading to
consistent improvements in both predictive accu-
racy and decision quality. Further advancing agent-
based legal reasoning, Chen et al. (2025¢) intro-
duce a Debate-Feedback framework that augments
multi-agent debate with explicit reliability eval-
uation, mitigating the instability of uncontrolled
debate and yielding more stable and effective legal

judgment prediction.

Courtroom & Dispute Resolution Simulation.
Courtroom simulation must handle dynamic court-
room interactions, including multi-round adversar-
ial debates, real-time responses, and evolving ar-
gument strategies, motivating agent-based frame-
works with role-specialization and long-horizon
interactions. Early works such as AGENTCOURT
introduces adversarial lawyer agents to simulate
courtroom debate and enable automated knowledge
evolution through interaction (Chen et al., 2025a).
Subsequent work further integrate egal knowledge
augmentation and structured court debate to im-
prove judicial decision-making fidelity (He et al.,
2024). Related systems explore courtroom reason-
ing from different perspectives: MASER simulates
scalable synthetic legal scenario data by simulating
interactions between roles such as client, lawyer,
and supervisor (ShengbinYue et al., 2025).

Beyond generic courtroom debate, several works
focus on jurisdiction- or process-specific simula-
tion. SIMCOURT introduces a multi-agent frame-
work to simulate real and well-structured trial pro-
cedures of Chinese criminal courts, showing po-
tentials to outperform human legal practitioners
(Zhang et al., 2025a). Broader institutional simula-
tions further extend this line of work: SAMVAD
models judicial deliberation dynamics in India (De-
vadiga et al., 2025), while LEGALSIM simulates
legal systems to uncover procedurally valid yet
harmful strategies, enabling stress-testing of legal
processes (Badhe, 2025). Besides court simulation,
agentic simulation has also been applied to adjacent
dispute-resolution settings. AGENTMEDIATION,
simulates full five-stage civil dispute mediation
with configurable roles, enabling experiments that
reveal patterns like group polarization and surface
consensus (Chen et al., 2025b).

3.3 Compliance, Governance, & Regulation

Compliance, governance and regulation aim at en-
suring that individuals and organizations adhere
to applicable laws, regulations, and governance
standards. These tasks are largely proactive and
continuous, and often involve analyzing legislation
and regulatory guidance, translating legal require-
ments into organizational policies, and ensuring
accountability through audits and oversight.

Compliance. In financial crime prevention, agen-
tic architectures assign bounded roles to au-
tonomous agents, emphasizing compliance-by-
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design through traceability, explainability, and au-
dit logging (Axelsen et al., 2025). For enterprise
compliance, conversational agentic assistant CBA
routes user queries between a fast RAG-based
mode and a full agentic mode, balancing latency
and capability by dynamically selecting execu-
tion paths (Zhu et al., 2025¢c). Embeddings-driven
graph enable agentic systems such as PACT (Fang
et al., 2025) to link heterogeneous enterprise arti-
facts over metadata, ownership, and compliance
context and reason over privacy-relevant connec-
tions at scale. Complementary work proposes spe-
cialized agentic systems that function as ethics
counsel within legal workflows, providing account-
able guidance and mitigating bias in professional
decision-making (O’Grady and OG, 2024).

Agentic approaches have also been explored in
data-intensive compliance settings. For instance,
a multi-agent system assists drug asset in due dili-
gence, combining a web-browsing agent with an
LLM-as-a-judge to suppress hallucinations and im-
prove precision (Vinogradova et al., 2025). For data
protection and privacy compliance, multi-agent sys-
tems decompose complex regulatory obligations
into planning, execution, and verification roles to
support end-to-end governance and data transfer
validation (Nguyen et al., 2025a; Videsjorden et al.,
2025). At the regulatory level, multi-agent RAG
frameworks construct structured representations
of regulations to enable traceable, ontology-free
compliance question answering (Agarwal et al.,
2025). Beyond enterprise settings, LLM agent
moderation system has been applied to identifying
non-compliant content in decentralized social plat-
forms (La Cava and Tagarelli, 2025), and to context-
aware, jurisdiction-specific child safety moderation
(Fillies et al., 2025).

Additionally, commercial Al agents are emerg-
ing to automate regulatory compliance workflows.
REGOLOGY provides agents for regulatory re-
search and change management (Regology, 2025),
while V7LABS offers regulatory cross-referencing
and compliance verification (V7 Labs, 2025b).
AKIRA Al automates regulatory monitoring, risk
analysis, and policy adjustments (Akira Al, 2025).

Risk Assessment & Fraud detection. Recent
research utilizes multi-agent frameworks to break
down risk assessment and fraud detection tasks into
specialized roles. For example, Park (2024) and
HCLA (Naet al., 2025) assign agents to data trans-
formation, anomaly identification, and reporting.

Other systems, such as FINCON and MASCA, in-
tegrate risk-control agents directly into financial
decision-making and credit assessment pipelines,
embedding risk modeling into the agent’s work-
flow (Yu et al., 2024; Jajoo et al., 2025). Beyond
detection, agentic designs are used to enforce se-
curity and evaluate systemic hazards. A robotic
security framework (Shah and Deshpande, 2025)
combines LLLM agents with blockchain and moni-
toring to safeguard online transactions. To ensure
system safety, M-SAEA employs safety-aware au-
ditor agents to probe multi-agent teams for coordi-
nation and deployment risks (Chen et al., 2025f).
CO-INVESTIGATOR Al divides Anti-Money Laun-
dering tasks into planning, detection, and valida-
tion stages, coordinate through shared memory and
use an Agent-as-a-Judge loop to ensure regulatory
accuracy with human oversight (Naik et al., 2025).
For insider threats and phishing, AUDIT-LLM
(Song et al., 2024) and GABM (Ferraro et al.,
2025) use Decomposer and Supervisor agents
to analyze logs for insider threats. For cyber-
attacks, MULTIPHISHGUARD (Xue et al., 2025a)
and PHISHDEBATE (Li et al.,, 2025c; Nguyen
et al., 2025b) utilize debating and judge agents
to aggregate evidence against deceptive URLs
and emails. Additionally, such agentic internal
control extends to other fields: Gu et al. (2025)
detects greenwashing, WANDAPLAN (Yao et al.,
2025) identifies misinformation, SAFESCIENTIST
(Zhu et al., 2025a) monitors ethical risks in sci-
ence, AGENT4FACEFORGERY (Lai et al., 2025)
uses memory-equipped agents to detect forged fa-
cial data, and Islayem et al. (2025) introduces a
blockchain—LLM agentic framework for detecting
health insurance fraud through smart-contract en-
forcement and retrieval-grounded analysis.

Governance, Regulation & Legislation. In the
governance domain, Agentic legal assistants inte-
grate retrieval-augmented generation with LLM
agents to support interactive querying and reason-
ing over EU GDPR legislation and case law (Ma-
malis et al., 2024). Further, multi-agent simulations
are used to model governance dynamics: LAW
IN SILICO combines individual and institutional
agents to simulate lawmaking, adjudication, and
enforcement (Wang et al., 2025b). Other frame-
works simulate cooperative governance in shared-
resource settings, showing how planning, commu-
nication, and moral reasoning shape collective out-
comes (Piatti et al., 2024; Zhou et al., 2025).
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For legislative analysis and simulation, prior
work models U.S. Senate committee discussions us-
ing LLM-driven agents to study debate, reflection,
and bipartisan decision-making under controlled
conditions (Baker and Azher, 2024). LEGALSIM
introduces a multi-agent legal simulation to un-
cover procedurally valid yet harmful strategies, en-
abling stress-testing of legislation (Badhe, 2025).
Other systems simulate legislative behavior to pre-
dict roll-call votes using role-based LLM agents
with interpretable reasoning (Li et al., 2025b).

3.4 Adyvisory Consultation & Transactions

Advisory consultation focuses on responding to
consultation-style inquiries, requiring the transla-
tion of legal rules into practical guidance. Transac-
tional practice, by contrast, centers on the analysis
and negotiation of exchanges of rights, obligations,
and assets among multiple parties. Core transac-
tional tasks include contract review and drafting
and negotiation of deal terms. Transactional work
often extends to specialized domains such as patent
registration, real estate, bankruptcy, and merger and
acquisition (M&A), where domain-specific rule
and procedural constraints are critical.

Query-Based Advisory Consultation. Recent
research adopts agentic, multi-agent LLM systems
to support reliable responses to user-posed legal
queries and consultation-style questions. CHAT-
LAw (Cui et al., 2023) treats legal consultation
as a series of structured question-answering steps,
using role-specialized agents and a knowledge-
graph—enhanced mixture-of-experts to reduce hal-
Iucinations in practical legal Q&A. Similarly,
LAWLUO (Sun et al., 2024) uses role-based agents
to support multi-round Chinese legal consultations,
iteratively clarifying and answering user queries
to produce structured consultation reports. To im-
prove trustworthiness in high-stakes question an-
swering, Xi et al. (Xi et al., 2025a) propose an
agentic hybrid RAG framework that dynamically
routes legal queries between retrieval-based an-
swering and multi-model generation, using a se-
lector agent to choose the most reliable response.
L-MARS (Wang and Yuan, 2025) combines agen-
tic search with multi-agent reasoning to answer
user queries with improved factuality and reduced
uncertainty. Finally, LEGALGPT (Shi et al., 2024)
formalizes legal chain-of-thought reasoning within
a multi-agent framework for query answering.

Contracts, Negotiation, and Transactions. For
contract review and drafting, systems such as PAK-
TON (Raptopoulos et al., 2025) and LAW (Watson
et al., 2025) frame contract question answering and
analysis as role-structured multi-agent pipelines,
enabling traceable reasoning over long agreements.
Complementary retrieval-augmented multi-agent
systems automate the drafting of transactional doc-
uments by combining drafting, validation, and com-
pliance agents (Suravarjhula et al., 2025). RAWL-
SIAN AGENTS applies agentic reasoning grounded
in fairness principles to evaluate and draft bilat-
eral agreements (Ferro et al., 2025). In addition
to academic advances, industrial practice has in-
creasingly adopted Al agents for contract review
and drafting. Top international law firms are col-
laborating with legal Al companies to incorporate
agentic Al for complex legal tasks such as review-
ing loan documents for leveraged finance transac-
tions (A&O Shearman, 2025; Pearson Labs, 2024).
Similarly, SPELLBOOK Al ASSOCIATE provides
agentic services covering streamlined agreement
revision for commercial lawyers (Spellbook, 2025).
Other non-legal focused Al agent startups also in-
creasingly expand their services and products into
contract review and analysis domains by provid-
ing customizable legal agents to assist in contract
drafting (Harvey Al, 2025), extracting key con-
tract clauses to streamline contract reviews (that
makes you shine., 2025), and autonomous con-
tract revision and drafting (ZBrain Al, 2025; Flank
Al 2025; Aline, 2025; Legora, 2025; Spellbook,
2025).

In the context of negotiation, agentic sys-
tems investigate autonomous bargaining and deal-
making behaviors. Work such as NEGOTIA-
TIONGYM (Mangla et al., 2025) simulates itera-
tive negotiation dynamics among self-optimizing
agents. Other studies use large-scale simula-
tions to study strategic dynamics and risks in
agent-to-agent negotiations and consumer trans-
actions (Vaccaro et al., 2025; Zhu et al., 2025b).
In addition to contract and business negotiation,
some recent works focus on specialized transac-
tional domains including agentic systems for auto-
mated patent analysis, filing, and document draft-
ing (Wang et al., 2024b,a; Shea and Yu, 2025;
Sakhinana et al., 2024), real estate transactions
and housing services (Haurum et al., 2024), cor-
porate bankruptcy analysis (Maturo et al., 2025),
tax preparation (Gogani-Khiabani et al., 2025), and
M&A evaluation (Mirzayev et al., 2025).
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3.5 Workflow Automation

Non-substantive tasks focus on supporting internal
operations rather than legal analysis itself. Legal
practitioners and vendors use Al agents to automate
repetitive and high-volume steps around intake and
internal measures. For instance, intelligent intake
agents collect case information and schedule con-
sultations by interacting with calendaring systems
(Voiceflow, 2025). Email-management agents sup-
port inbox triage, summarization, and draft gener-
ation (Jace Al, 2025; Relevance Al, 2025). Legal
Al agents also assist in monitoring system states
and triggering actions across tools without requir-
ing constant user prompts (Matt, 2025). Workflow
automation agents are also applied to internal co-
ordination tasks such as document routing and ver-
sion control. AGENTIVEAIQ enable firms to build
branded agents that combine retrieval-augmented
generation with knowledge graphs to autonomously
perform client triage and internal insights delivery
(AgentiveAIQ, 2025). AIQLABS provides agentic
services on operational services including invoice
automation, knowledge management, and recruit-
ing automation (Aiqlabs.ai, 2025). ODIN Al offers
a business Al agent focusing on meeting notes sum-
marization and task automation (that makes you
shine., 2025). LAWBOT Al provides legal-specific
voice assistant agents for automatically handling
client inquiries, scheduling consultation, and deliv-
ering case information (LawBot.ai, 2025).

4 Legal LLM Agent Evaluation

Evaluating LLM agents for legal tasks requires
criteria that go beyond standard language model-
ing metrics. This section reviews recent work on
common evaluation dimensions, benchmarks, and
empirical results, and summarizes current progress
of legal agent systems. Table 4 in Appendix C sum-
marizes the commonly used legal benchmarks and
their key properties.

4.1 Common Evaluation Criteria for the
Legal Domain

Substantive Correctness. Substantive correct-
ness measures whether the final conclusion is
legally correct under the applicable law. Existing
work operationalizes this notion mainly through
two paradigms: (i) task-based paradigms that as-
sesses whether LLMs or agents successfully com-
plete legal tasks with varying complexity using task
completion or final-answer accuracy as the primary

metric (Fei et al., 2024; Li et al., 2024, 2025a; Jia
et al., 2025). and (ii) legal Q&A settings, in which
models’ answers to legal questions and are eval-
uated against expert-authored reference answers,
using fine-grained relational judgments, such as
equivalence or contradiction, to capture outcome-
level correctness (Bhambhoria et al., 2024).

Legal Reasoning Correctness. Existing work
evaluates the reasoning capabilities of legal agents
by validating intermediate steps and structured ar-
gumentation, including keyword-matching rates
in function-calling outputs (Li et al., 2025a), and
the Issue—Rule—Application—Conclusion (IRAC)
structure (Guha et al., 2023). Other studies as-
sess syllogistic reasoning by examining the log-
ical coherence and alignment of LLM-generated
responses, premises, and legal principles, jointly
evaluating both reasoning correctness and citation
quality (Zhang et al., 2025b). Similarly, Dai et al.
(2025) categorize legal reasoning capabilities into
fundamental information retrieval, legal principle
inference, and advanced legal applications.

Ethics. Existing work also emphasizes the need
to evaluate whether LLMs behave in ethically ap-
propriate ways in legal contexts, and several studies
argue that such evaluation requires domain-specific
metrics rather than generic Al ethics principles. For
instance, Wright (2020) calls for context-sensitive,
measurable criteria that reflect how Al systems are
deployed and used. Zhang et al. (2024) propose
an operational framework for ethical evaluation
in legal LLMs, covering legal instruction follow-
ing, legal knowledge consistency, and robustness
to misleading or adversarial prompts.

4.2 Performance of Legal Agent

Performance across legal tasks Across legal
tasks, agent-based systems show strong but uneven
performance, with the clearest gains appearing in
legal search, reasoning, and compliance. In le-
gal search and reasoning, systems such as L4M
(Chen et al., 2025d) achieve strong results, includ-
ing an F1 score of 0.75 for specific provision predic-
tion. In litigation, agents such as LegalSim (Badhe,
2025) deliver more moderate performance, with
reported win rates around 0.742, indicating mean-
ingful capability but also the greater difficulty of ad-
versarial and strategy-intensive tasks. Compliance-
oriented agents also perform well: Multi-Agent Le-
gal Verifier Systems (Nguyen et al., 2025a) reach
an F1 score of 0.725 and accuracy of 0.72. By
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contrast, performance on commercial and transac-
tional tasks is more variable: Synedrion (Gogani-
Khiabani et al., 2025) achieves high pass rates on
simple tasks but drops to 45% in complex settings,
while ChatLaw (Cui et al., 2023) attains only a
moderate average score of 60.08, with several sub-
categories below 50. Overall, these results suggest
that legal agents currently perform best on struc-
tured, grounded, and verification-friendly tasks,
while more open-ended and complex legal problem-
solving remains comparatively challenging.

Improvements over vanilla LLMs Across the
reported studies, legal agents consistently outper-
form vanilla LLMs across multiple evaluation di-
mensions. In final output correctness, agentic
methods improve over strong general-purpose base-
lines, with Debate-Feedback (Chen et al., 2025¢)
increasing F1 by about 12% over GPT-40 and PAK-
TON (Raptopoulos et al., 2025) improving accu-
racy by about 19.7%. Agents also substantially mit-
igate hallucination-related reasoning failures, with
MALR (Yuan et al., 2024) improving reasoning ac-
curacy by 67% over Qwen-2-1.5B and 4.1% over
Qwen-2-72B. Preference-based evaluations show a
similar trend: ChatLaw (Cui et al., 2023) achieves
a 66% win rate over GPT-4, while LawLuo (Sun
et al., 2024) attains a 52% win rate over GPT-3.5.

5 Challenges and Future Directions

5.1 Remaining Challenges

Despite recent progress, legal agents still face sub-
stantial domain-specific challenges. In legal search
and reasoning, a central difficulty is reasoning
under interdependent legal constraints dispersed
across long documents (Raptopoulos et al., 2025);
these systems also remain sensitive to factual per-
turbations, often failing to revise conclusions reli-
ably under counterfactual edits (Han et al., 2025).
In litigation and dispute resolution, current agents
still struggle to reproduce realistic courtroom con-
ditions and to remain procedurally stable across
multi-turn interactions, especially in dynamic, long-
horizon settings involving evolving evidence (Jia
et al., 2025; Chen et al., 2025a). In consulta-
tion and transactional practice, practical usabil-
ity can be constrained by system latency (Watson
et al., 2025) and by the need to satisfy professional-
responsibility requirements such as competence
and confidentiality.

Current evaluation of legal LLMs and agent-
based systems remains limited along several core

dimensions. First, many benchmarks still under-
measure law-specific properties, especially pro-
cedural compliance, fairness, and bias (Jia et al.,
2025; Xue et al., 2025b). Second, current datasets
still provide limited coverage beyond Chinese and
English-speaking jurisdictions. Third, agent-based
evaluation often relies on simulated legal actors and
prompt-sensitive setups whose realism, stability,
and comparability remain insufficiently validated
(Chen et al., 2025a; Jia et al., 2025), while princi-
pled evaluation frameworks for multi-agent coor-
dination and workflow coherence are still largely
missing (Jiang and Yang, 2025; Li et al., 2025a).

5.2 Future Directions

Future research should design legal agents with
stronger legal-specific structure and validation. For
legal search and reasoning, long-context retrieval
should be coupled with intermediate representa-
tions that explicitly track cross-references and tem-
poral validity, together with step-level verifiers
(Wang and Yuan, 2025). For litigation, future
systems should monitor the procedural state over
multi-turn interactions (Jia et al., 2025; Chen et al.,
2025a). In consultation and transactional settings,
low-latency architectures with bounded tool use
and compliance-aware safeguards will be important
for practical deployment (Watson et al., 2025). Fi-
nally, evaluation should move beyond final-answer
accuracy toward legal-specific protocols that mea-
sure procedural legality, citation faithfulness, fair-
ness, jurisdictional robustness, and multi-agent co-
ordination under realistic, adversarial, and cross-
jurisdiction settings (Xue et al., 2025b; Li et al.,
2025a; Jing et al., 2025).

6 Conclusions

In this survey, we provided a comprehensive exam-
ination of LLM agents as a solution for complex
legal tasks. We systematically analyzed the tech-
nical transition toward agentic architectures and
presented a structured taxonomy of applications
ranging from litigation assistance to workflow au-
tomation. While these agents effectively mitigate
persistent issues like hallucination and outdated
information through modular execution and tool
usage, several challenges regarding long-horizon
reliability, procedural correctness, and citation fi-
delity remain. Lastly, we outline promising direc-
tions for future research.
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Limitations

This survey has several limitations. First, our sur-
vey focuses primarily on LLM-based agents for
legal tasks, and our coverage skews toward English-
language publications and systems. Although we
tried to cover varying jurisdictions, including com-
mon law jurisdictions (e.g. the US and UK), India,
and Chinese legal systems. However, the scope
may potentially under represents non-English pa-
per or products in other regions. Second, our cover-
age of commercial legal Al agents relies primarily
on publicly available information such as press
releases, product documentation, and vendor web-
sites. We lack access to proprietary system archi-
tectures, internal evaluations, or user adoption data.
Consequently, our characterization of commercial
systems may be incomplete, as we cannot indepen-
dently verify vendor claims about system capabili-
ties or performance. Third, given the complexity of
legal work, distinctions between task categories are
not always clear-cut, and real-world practice often
encompasses multiple task types simultaneously.
Although our categorization of legal domains and
tasks is grounded in established legal practice, the
boundaries between categories such as litigation
support and legal consultation, or compliance and
fraud detection, are inherently fluid, and certain
systems may reasonably be classified under multi-
ple categories.
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A Representative Legal Agent Structure

Table 1: Representative agentic architectures used in legal-domain systems and their core properties.

Agentic Architecture Example Agents Author, Year Properties

Reflection REFLECTIVE MULTI- Zhang and Ashley Generate — Self-critique — Revise
AGENT (2025)

Debate Agent DEBATE-FEEDBACK Chen et al. (2025¢) Multiple proposing agents + centralized

Plan-and-Execute

Agent + RL LEGALSIM
Tool-Augmented Agent

SISTANT
Role-based Multi-Agent ~ CHATLAW

LEGAL VERIFIER

COMPLIANCE BRAIN As-

Nguyen et al. (2025a)
Badhe (2025)
Zhu et al. (2025¢)

Cui et al. (2023)

judge agent

Planner coordinates — Executor agents per-
form subtasks

Multi-agent simulation + RL policy learn-
ing

LLM + Retrieval/Tool Router + External
APIs

Multiple agents with distinct roles collabo-

rating

B Legal Agentic Systems

Table 2: Comprehensive overview of representative LLM agents for legal tasks (literature and academic report).

Domain Agentic System Author, Year Agentic Design Pattern Task

L-MARS Wang and Yuan (2025)  Reasoning—search—verification Multiple choice le-

Leoal Retrieval loop gal question
cgal Retrieva L4M Chen et al. (2025d) Neural-symbolic workflow  Chinese legal case

retrieval

L-MARS Wang and Yuan (2025)  Reasoning—search—verification Multiple choice le-

loop gal question
MLTDB Meng et al. (2025b) Human-in-the-loop on Multilingual legal

REFLECTIVE MULTI-
AGENT
DETERMINISTIC LE-
GAL AGENTS
MALR

Legal Reasoning

Zhang and Ashley
(2025)
de Martim (2025)

Yuan et al. (2024)

multi-agent
Reflective multi-agent

Canonical primitive API,
point-in-time retrieval
Non-parametric  learning
multi-agent

terminology extrac-
tion

Legal  Argument
Generation

Legal Q&A

Confusing Charge
Prediction Task

DEBATE-FEEDBACK
Judgment Prediction

Chen et al. (2025¢)

Multi-agent debate & verifi-
cation

Trial Prediction &
Article Prediction

AGENTSBENCH Jiang and Yang (2025) Multi-agent simulation of Criminal  Prison-
judicial bench’s discussion ~ Term Prediction
AGENTCOURT Chen et al. (2025a) Adversarial evolutionary  Civil Court Debate
multi-agent simulation & Legal Reasoning
o AGENTSCOURT He et al. (2024) Multi-agent simulation of Judicial Decision-
Litigation & trial procedures Making Process
Dispute Resolution SIMCOURT Zhang et al. (2025a) Multi-agent simulation of Criminal  Judge-
trial procedures ment Prediction &
Trial Process
SAMVAD Devadiga et al. (2025) Multi-agent simulation of Criminal  Judge-
trial procedures ment Prediction &
Trial Process
LEGALSIM Badhe (2025) Multi-agent simulation of Litigation procedu-
adversarial legal proceed- ral strategy discov-
ings ery
AGENTMEDIATION  Chen et al. (2025b) Multi-agent simulation of  Civil Dispute Medi-

dispute mediation process

ation
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Table 2 — Continued from previous page

Domain Agentic System Author, Year Agentic Design Pattern Task
MASER ShengbinYue et al. Multi-agent simulation of le- Legal consultation
(2025) gal service interactions & Complaint draft-
ing
CBA Zhu et al. (2025¢) Combination of RAG and Legal Q&A
Compliance agentic mode
PACT Fang et al. (2025) Embeddings-driven graph Enterprise search
HCLA Na et al. (2025) Multi-role conversational ~ Anomalous transac-
agents tion detection
M-SAEA Chen et al. (2025f) Multi-agent system with au-  Financial risk evalu-

Fraud Detection

CO-INVESTIGATOR
Al

FINCoN

MASCA
AUDIT-LLM
GABM

MULTIPHISHGUARD

PHISHDEBATE
WANDAPLAN

SAFESCIENTIST

Naik et al. (2025)
Yu et al. (2024)
Jajoo et al. (2025)
Song et al. (2024)
Ferraro et al. (2025)
Xue et al. (2025a)

Li et al. (2025¢)
Yao et al. (2025)

Zhu et al. (2025a)

AGENT4FACEFORGERY Lai et al. (2025)

ditor role

Multi-role  agents
Agent-as-a-Judge loop
Multi-agent system with
risk control module

Multi-agent system with
risk control module

Multi-agent system for de-
tection simulation
Hierarchical pipeline with
specialists and supervisor

Multi-role agents and adver-
sarial simulation

Multi-role debating agents
Multi-role agentic pipeline

and

Research simulation with
defense and attack modules
Behavior simulation and
adaptive rejection sampling

ation

Anti-Money Laun-
dering compliance
Financial decision
making

Credit assessment

Insider threat detec-
tion

Insider threat detec-
tion

Phishing detection

Phishing detection
Misinformation and
fraud detection
Scientific discovery
safety

Face forgery detec-
tion

Regulation

LAW IN SILICO

GovSIM

LEGALSIM

POLITICAL ACTOR
AGENT

Wang et al. (2025b)
Piatti et al. (2024)
Badhe (2025)

Li et al. (2025b)

Multi-agent law system sim-
ulation

Cooperation simulation and
moral reasoning
Multi-agent pipeline for le-
gal system simulation
Legislative behavior sim-
ulation with role-playing
agents

Legal theory study

Social sustainability
study
Legislation
provement
Roll-call vote pre-
diction

im-

RAWLSIAN AGENTS  Ferro et al. (2025) Bilateral agent negotiation Contract negotia-
under law theory tion
CHATLAW Cui et al. (2023) Role-specialized workflow Legal Q&A
. (MoE)
Legal Consultation LAwLUO Sun et al. (2024) Multi-role conversational —Legal Q&A
agents
LEGALGPT Shi et al. (2024) Chain-of-thought orchestra- Legal Q&A
tion with role-based agents
PAKTON Raptopoulos et al. Document-centric agent Contract / legal
. (2025) pipeline agreements
Contract Analysis LAW Watson et al. (2025) Legal agentic workflow for ~Custody and fund
contracts services  contract
analysis
NEGOTIATIONGYM  Mangla et al. (2025) Multi-agent negotiation sim- Business negotia-
ulation tion
) ARCADIA Maturo et al. (2025) Agentic causal reasoning Corporate
Transaction pipeline bankruptcy analysis
PATENTAGENT Wang et al. (2024b) Role-specialized patent  Patent application &
analysis agents filing

15786

Continued on next page



Table 2 — Continued from previous page

Domain Agentic System Author, Year Agentic Design Pattern Task
AUTOPATENT Wang et al. (2024a) Multi-agent patent drafting  Patent application &
pipeline filing
AUTOSPEC Shea and Yu (2025) Agentic specification gener-  Patent application &
ation workflow filing
SYNEDRION Gogani-Khiabani et al. Multi-agent  deliberation = Collaborative
(2025) and synthesis decision-making
and agreement
synthesis
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Table 3: Commercial Al agent products for legal tasks (industrial products).

Task Category Product / Com- Website Use Cases
pany
HARVEY AGENT Harvey AI (2025) Multi-model agents for legal research, contract re-
) view, due diligence, litigation support
Comprehensive
Legal Tasks COCOUNSEL LE- Reuters (2025) Legal research by Deep Research with agentic plan-
GAL ning, drafting with guided workflows, bulk docu-
ment review
LEXISNEXIS PRO-  Fitzpatrick (2025) Legal research, drafting, document analysis through
TEGE multiple agents
VINCENT Vincent (2025) Legal research, litigation, transactions through Agen-
tic Workflow Engine with 20+ pre-built workflows,
cross-jurisdictional reasoning
LUMINANCE Luminance (2025) Autonomous contract review, compliance analysis,
negotiation
Legal Search DEEPJUDGE DeepJudge Al Leggl reasoning and multi-step legal search or infor-
(2025) mation retrieval
e CLEARBREIF Clearbrief (2025) Litigation focused tasks; offering Microsoft Add-ons
Litigation .
for legal document processing
. REGOLOGY Regology (2025) Al agents for research, regulatory change, and com-
Compliance & pliance workflows
Regulatory
V7LABS V7 Labs (2025a) Regulatory cross-referencing and compliance verifi-
cation
AKIRA Akira Al (2025) Automates regulatory monitoring, analyzes risks,
and ensures timely policy adjustments
FLANK AGENTS Flank AI (2025) Autonomous enterprise legal system covering re-
viewing contracts, answering compliance questions,
and drafting legal documents
Contract & SPEELBOOK Al  Spellbook (2025) Streamlined legal agreement/contract revision for
Transaction ASSOCIATE commercial transactions
ALINE Aline (2025) Contract lifecycle and Al-assisted contract automa-
tion for in-house legal teams
PEARSON Pearson Labs  Automating corporate transactions, including M&A
(2024) due diligence and financing
LEGORA Legora (2025) Customizable agentic workflows for lawyers cover-
ing varying perspectives of commercial transactions
LEAH ContractPodAi Contract lifecycle management, legal workflows,
(2025) procurement through agentic Al platform
JURO Juro (2025) Contract lifecycle management, contract drafting,
negotiation through workflow-embedded playbook
redlining, risk surfacing
LiTo Litera (2025) Contract review, due diligence, and contract sum-
maries
AGENTIVEAIQ AgentiveAIQ Client triage & internal insights delivery
Supporting (2025)
Legal Tasks AIQLABS Aiglabs.ai (2025) Invoice automation, knowledge mgmt, recruiting
ODIN Al that makes you Meeting notes summarization & task automation
shine. (2025)
LAawBoT Al LawBot.ai (2025) Client inquiries, scheduling, case info delivery
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Table 3 — Continued from previous page

Task Category Product / Com- Website Use Cases
pany
CASEFLOOD.AI Caseflood.ai (2024)  Administrative tasks including phone intake and

client follow-up.
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C Extended Discussions of Legal LLM
Agent Evaluation

C.1 Benchmarks Overview

Table 4 summarizes a diverse set of benchmarks for
evaluating LLLM-based agents on legal tasks. These
benchmarks span procedural accuracy, legal reason-
ing, judgment quality, ethics, and fairness across
simulated and real-world settings. Evaluation meth-
ods include rule-based metrics, statistical models,
human annotation, and LLLM-as-judge frameworks.
Task formats range from single-turn classification
to multi-agent simulations and adversarial court
scenarios: COURTREASONER examines whether
LLM agents can reason like judges through struc-
tured deliberation (Han et al., 2025); to evalu-
ate agent-based court simulation systems, SIMU-
COURT provides a benchmark comprising 420 real-
world Chinese judgment documents across crim-
inal, civil, and administrative cases in first- and
second-instance settings (He et al., 2024); MASLE-
GALBENCH provide strict, deductive testbeds to
compare multi-agent designs and measure progress
on formal legal reasoning tasks (Jing et al., 2025).

C.2 Fidelity of Evaluation Metrics

Many existing evaluation benchmarks rely heav-
ily on human-authored reference data, which is
costly and difficult to scale. To reduce annota-
tion overhead, recent work has proposed LLM-as-
a-judge approaches that automate evaluation by
using LLMs to assess generated outputs. However,
this paradigm raises concerns about fidelity, defined
as the degree to which an evaluation metric aligns
with how legal experts assess quality. Low-fidelity
evaluation can undermine both the reliability and
the practical effectiveness of benchmarking results.

Several studies have proposed methods to im-
prove fidelity by better approximating expert legal
judgment. For example, Enguehard et al. (2025) de-
compose long-form legal answers into fine-grained
legal data points, enabling evaluation at a level
that more closely reflects how lawyers assess cor-
rectness and omissions. Other work incorporates
external legal context into the evaluation process:
retrieval-based evaluation methods for legal QA,
where model outputs are judged against retrieved
supporting documents, improving correlation with
lawyer assessments relative to purely model-based
evaluators, and reducing reliance on surface-level
similarity (Ryu et al., 2023). In addition, Raju et al.
(2024) improve evaluation fidelity by constructing

domain-specific benchmarks and data pipelines that
better align model assessment with human prefer-
ences. Beyond that, Cheong et al. (2024) focus
more on the practical side, and expert-centered
studies show that appropriate LLM systems may
prioritize helping users ask the right questions and
avoid unauthorized practice of law, implying that
efficacy must be assessed relative to realistic legal-
use objectives rather than only answer correctness.

C.3 Challenges in Evaluation

We identify several key challenges in the current
evaluation of legal LLMs and agent-based systems:

* Metric-related limitations. Existing evaluations
largely lack coverage of law-specific, substan-
tively important metrics, such as procedural com-
pliance and bias or fairness assessment. Only
a limited number of studies explicitly address
these dimensions. For example, (Jia et al., 2025)
evaluates procedural correctness, while (Xue
et al., 2025b) examines judicial fairness and bias.
Given the centrality of such properties to legal
reasoning and decision-making, more systematic
investigation of law-specific evaluation metrics
is urgently needed.

* Distributional bias across legal systems. Current
benchmarks and empirical studies exhibit limited
diversity in legal systems and traditions. We ob-
serve that most existing datasets and evaluations
are grounded in the Chinese legal system, with
relatively few benchmarks derived from U.S., Eu-
ropean, or other legal jurisdictions. Because le-
gal rules, procedures, and normative standards
vary substantially across jurisdictions, conclu-
sions drawn from a single legal system may not
generalize and may introduce systemic bias.

* Evaluation fidelity in agent-based settings. Many
agent-based evaluations rely on LLM-driven role-
play to simulate legal actors such as lawyers or
judges, e.g., (Chen et al., 2025a; Jia et al., 2025).
However, the realism, stability, and reliability of
these simulated agents remain insufficiently vali-
dated. It is unclear to what extent their behavior
reflects real-world legal practice, how sensitive
they are to prompt variations, or how their limita-
tions may confound evaluation outcomes.

* Limited evaluation of multi-agent systems. Al-
though recent work has begun to explore multi-
agent legal systems, e.g., (Jiang and Yang, 2025;
Cui et al., 2023; Chen et al., 2025d), dedicated
evaluation frameworks for multi-agent settings
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are still lacking. In particular, reliability-oriented
dimensions, such as workflow coherence, agent
coordination, and inter-agent consistency, are
rarely assessed in a principled manner.

* Fairness in prompt tuning and agentic frame-
work adaptation. Many evaluations do not ade-
quately account for model-specific prompt tuning
or agentic framework adaptation, which can lead
to suboptimal performance and undermine the va-
lidity of cross-model comparisons. While some
studies explore zero-shot and few-shot prompt-
ing strategies for LLMs, e.g., (Fei et al., 2024; Li
et al., 2024) or vary agent architectures to obtain
a more comprehensive view (Li et al., 2025a),
there is no widely accepted standard for ensuring
fair and comparable evaluation across models.
Given the sensitivity of LLM behavior to prompt-
ing and system design, standardized protocols
are needed to support meaningful comparative
conclusions.
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