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Abstract

LLM-based agents represent a paradigm shift
in Al, enabling autonomous systems to plan,
reason, and use tools while interacting with
dynamic environments. This paper provides
the first comprehensive survey of evaluation
methods for these increasingly capable agents.
We analyze the field of agent evaluation across
five perspectives: (1) Core LLM capabilities
needed for agentic workflows, like planning,
and tool use; (2) Application-specific bench-
marks such as web and SWE agents; (3) Evalu-
ation of generalist agents; (4) Analysis of agent
benchmarks’ core dimensions; and (5) Evalu-
ation frameworks and tools for agent develop-
ers. Our analysis reveals current trends, includ-
ing a shift toward more realistic, challenging
evaluations with continuously updated bench-
marks. We also identify critical gaps that future
research must address—particularly in assess-
ing cost-efficiency, safety, and robustness, and
in developing fine-grained, scalable evaluation
methods .

1 Introduction

LLMs have recently made remarkable progress,
tackling a wide range of challenging tasks. Yet,
LLMs are static, having fixed knowledge, and
confined to text-to-text interaction. LLM-based
agents address those gaps by building on LLMs
as a backbone, integrating them into multi-step
workflows and equipping them with external
tools (Wang et al., 2024a). Hence, LLM agents can
perform computations, retrieve up-to-date informa-
tion, and interact with their environment. Crucially,
they can autonomously plan, execute, and adapt
complex strategies in real-world settings. This
agency enables them to tackle problems once be-
yond the reach of Al, unlocking innovative applica-
tions across diverse domains.

'Our GitHub repository tracks works in the field.

The shift from static models to adaptive, inter-
active agents calls for a new paradigm for evaluat-
ing LLM-based agents. Such evaluation must go
beyond measuring LLLM textual outputs to assess
an agent’s capacity for sequential decision-making
and operation within dynamic environments. It
requires benchmarks that can assess the agent’s
ability to accomplish user tasks via a sequence of
actions and interactions. Moreover, benchmarks
must co-evolve with agent capabilities, accommo-
dating new classes of tasks and domains.

In this survey, we present the first overview of
LLM-based agent evaluation. We aim to benefit
developers, benchmark creators, practitioners, and
researchers by mapping the current evaluation land-
scape and identifying key gaps for future research.

We begin by discussing the evaluation of funda-
mental LLM-based agent capabilities (§2). These
include planning, tool use, self-reflection, and
memory. We then review benchmarks and evalua-
tion strategies for prominent types of agentic appli-
cations: web agents, software engineering agents,
scientific agents, and conversational agents (§3).
We continue to describe benchmarks and leader-
boards for evaluating generalist agents (§4). Con-
sequently, we define and analyze core dimensions
of agent benchmarks (§5). §6 reviews current eval-
uation frameworks for agent developers. These
frameworks integrate with the agent’s development
environment, and support its evaluation through-
out the entire development cycle. We conclude
with a discussion (§7) of current trends and future
research directions in agent evaluation. Figure 1
offers a visual summary of the survey’s structure.

2 Agent Capabilities Evaluation

LLM-based agents are composed of a backbone
LLM and an agent harness (Yao et al., 2022b).
Thus, evaluating the core suite of LLM abilities re-
quired for agentic tasks is paramount to understand-
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et al., 2024); Natural Plan (Zheng et al., 2024)
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Function Calling
& Tool Use (§2.2)

1

BFCL (Yan et al., 2024); ToolBench (Qin et al.,
2023); ComplexFuncBench (Zhong et al., 2025);

Self-Reflection (§2.3)

LLM-Evolve (You et al., 2024); LLF-Bench (Cheng et al., 2023); ]

Memory (§2.4)

| Web Agents (§3.1)

StreamBench (Wu et al., 2024a); MemBench (Tan
et al., 2025); MemoryAgentBench (Hu et al., 2025);

WebShop (Yao et al., 2022a); Mind2web (Deng et al.,
2023); WebArena (Zhou et al., 2023); AssistantBench
(Yoran et al., 2024); ST-WebAgentBench (Levy et al., 2024);

Application-Specific
Agent Evaluation (§3)

Software Engineering
Agents (§3.2)

Agent Evaluation «{

il

SWE-bench (Jimenez et al., 2023); SWE-bench Veri-
fied (OpenAl, 2024); SWELancer (Miserendino et al., 2025)

4 Scientific Agents (§3.3)

ScienceAgentBench (Chen et al., 2025b); CORE-Bench (Siegel et al.,
2024); PaperBench (Starace et al., 2025); SciCode (Tian et al., 2024);

Conversational
Agents (§3.4)

1

7-Bench (Yao et al., 2024); 72-Bench (Barres et al., 2025); IntellA-
gent (Levi and Kadar, 2025); ALMITA (Arcadinho et al., 2024);

Generalist Agents

Evaluation (§4)

Frameworks for

| Agent Evaluation (§6) —[

Development
Frameworks

Gym-like Environments

T T 1T T T T T T

Gaia2 (Andrews et al., 2025); OSWorld (Xie et al., 2024); Ap-
pWorld (Trivedi et al., 2024); TheAgentCompany (Xu et al.,
2024); AgentBench (Liu et al., 2023); HAL (Stroebl et al., 2025)

LangSmith (LangChain, 2023); Langfuse (Langfuse, 2023);
Galileo (Galileo, 2025); Vertex Al (Google Cloud, 2025);

MLGym(Nathani et al., 2025); BrowserGym(Chezelles
et al., 2024); SWE-Gym(Pan et al., 2024a)

Figure 1: Overview of the paper with core works.

ing the potential and limitations of LLM-based
agents. Each ability can be evaluated in isolation or
as part of a full agent workflow. Here, we shortly
describe four such core agent abilities. In Appendix
§B we provide a more detailed review of each one.

Planning and Multi-Step Reasoning enables
agents to decompose problems into smaller, more
manageable subtasks and create strategic execution
paths toward solutions (Gao et al., 2023a).

LLM reasoning benchmarks requiring multiple
logical steps, such as HotpotQA (Yang et al., 2018;
Cobbe et al., 2021; Suzgun et al., 2022), have been
used to evaluate agent-based approaches like Re-
Act. More specialized planning benchmarks, such
as PlanBench (Valmeekam et al., 2023), adapt clas-
sical planning tasks to assess LLMs and reveal gaps
in long-term planning (Stein et al., 2023). Agent-
oriented planning benchmarks further evaluate an
agent’s ability to follow structured workflows (Xiao
et al., 2024) or to manage real-world planning tasks
expressed in natural language (Zheng et al., 2024),
with focus on long-horizon planning with verifi-
able constraints (Zhang et al., 2026). Results show
that even SOTA models struggle with long-horizon
planning.

Function Calling & Tool Use is a fundamen-
tal ability for agents to deliver updated, contex-
tually accurate responses (Qin et al., 2023; Tang

et al., 2023). Function calling involves several sub-
tasks that work together seamlessly, including in-
tent recognition, function selection, and parameter-
value pair-mapping.

Initial benchmarks for tool use focused on these
sub-tasks, providing relatively simple, one-step in-
teractions with explicitly predefined parameters.
Benchmarks such as ToolAlpaca (Tang et al., 2023),
ToolBench (Qin et al., 2023), and the Berkeley
Function Calling Leaderboard vl (BFCL) (Yan
et al., 2024) represent this early stage, relying on
synthetic data and rule-based matching to measure
metrics like pass rates and structural accuracy.

Later versions of BFCL (v2 and v3) introduced
multi-turn interactions, organizational tools, and
multi-step logic, emphasizing continuous state
management. Furthermore, NESTFUL (Basu
et al., 2024b) introduces cases where calls are
dependent on previous ones, while Complex-
FuncBench (Zhong et al., 2025) presents scenar-
ios requiring implicit parameter inference, adher-
ence to user-defined constraints, and efficient long-
context processing.

To better reflect real-world scenarios, recent eval-
uations have become increasingly agentic (Patil
et al., 2025a), requiring longer interactions and
scaling the number of domains and tools by
sourcing them from real MCP servers (Anthropic,
Nov 2024). Two current frontier benchmarks,
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Scale’s MCP Atlas (Bandi et al., 2026) and Tool-
Decathlon (Li et al., 2026), further push in this
direction. Despite significant model advancements,
these benchmarks continue to pose challenges.

Self-Reflection enables agents to self-correct by
dynamically adjusting reasoning or actions based
on feedback (Renze and Guven, 2024a).

Early evaluation efforts repurposed existing
benchmarks into multi-turn feedback loops to
gauge LLM’s abilities to self-correct (Renze and
Guven, 2024b; Huang et al., 2024; Shinn et al.,
2023; You et al., 2024). In agentic settings, works
like LLM-Evolve (You et al., 2024) reuse past
feedback as in-context examples to evaluate self-
reflection. Similarly, LLF-Bench (Cheng et al.,
2023) utilizes feedback to assess decision-making
in diverse environments. Despite these efforts, a
standardized benchmark or methodology for assess-
ing self-reflection remains a critical gap.

Memory mechanisms enable LLM agents to
manage information and reason across extended
interactions (Park et al., 2023), supporting differ-
ent memory types: episodic (past interactions), se-
mantic (factual knowledge), and procedural (opera-
tional information) (Hatalis et al., 2023).

Early studies employed long-context bench-
marks (Liu et al., 2024b; Pang et al., 2021) to as-
sess memory mechanisms (Packer et al., 2024; Xu
et al., 2025b). More recently, dedicated bench-
marks for agentic memory have been introduced.
For episodic memory, Benchmarks evaluate how
agents leverage prior interactions and feedback
to support continual improvement across multi-
session agentic tasks (Wu et al., 2024a; He et al.,
2026). For semantic memory, benchmarks assess
retrieval effectiveness and long-range understand-
ing, revealing that current methods remain limited
in maintaining long-range consistency and han-
dling dynamic memory (Tan et al., 2025; Hu et al.,
2025; Wu et al., 2025).

3 Application-Specific Agents Evaluation

The landscape of application-specific agents is ex-
panding, with an increasing number of specialized
agents emerging across tasks and domains such as
web, software, game, embodied, search, and scien-
tific agents (Wang et al., 2024a). Here, we focus
on four representative and prominent applications.
We review these agents while implicitly addressing
several core benchmark dimensions, such as data

curation, environment type, and metrics, which we
discuss systematically in §5.

3.1 Web Agents

Web agents handle web-related tasks, including
e-commerce, information search, and personal as-
sistant tasks. Early work presented simplified sim-
ulation environments with limited interaction op-
tions (Shi et al., 2017; Liu et al., 2018). For exam-
ple, WebShop (Yao et al., 2022a) simulates online
shopping tasks, from product search to checkout.

More recently, the field shifted toward more
realistic evaluation environments. The two most
widely used offline and sandboxed online environ-
ments are Mind2Web (Deng et al., 2023) and We-
bArena (Zhou et al., 2023), respectively. These
environments serve as the foundation for most cur-
rent evaluation efforts. Mind2Web provides an
offline environment with real websites across di-
verse domains, supporting rich user interactions
(e.g., clicking, selecting, or typing into any ele-
ment) and enabling intermediate goal evaluation by
comparing predicted operations with gold-standard
actions. In contrast, WebArena introduces a dy-
namic environment featuring fully functional web-
sites across multiple domains, enriched with auxil-
iary tools and knowledge sources. It also defines di-
verse, long-horizon human tasks, with correspond-
ing functional correctness tests.

Subsequent works build on these environments
to evaluate specific dimensions of web interac-
tion, focusing on multi-turn dialogue (Lu et al.,
2024), office and enterprise workflows performed
by knowledge workers (Drouin et al., 2024;
Boisvert et al., 2025), and multi-site, time-intensive
tasks (Yoran et al., 2024). Other works refine the
evaluation process, offering a more granular analy-
sis of agent performance (Pan et al., 2024b), or em-
ploying LLM-as-a-judge methods for more seman-
tic, human-aligned evaluation (Xue et al., 2025).
Importantly, Levy et al. (2024) emphasizes safety
and trustworthiness by assessing policy compli-
ance and risk mitigation, which are important to
real-world deployment.

An important line of research emphasizes the
multimodal nature of the modern web, with bench-
marks that require agents to integrate visual and tex-
tual information, typically interacting via a graphi-
cal interface (Koh et al., 2024; Zhang et al., 2024).
Notably, WebVoyager (He et al., 2024) has gained
significant commercial interest due to its realistic
multimodal online evaluation. However, recent
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work suggests it exhibits over-optimistic perfor-
mance estimates, and proposes Online-Mind2Web
as a more rigorous alternative that remains chal-
lenging for current agents (Xue et al., 2025).

3.2 Software Engineering Agents

The evaluation of software engineering (SWE)
agents began with benchmarks that measured
LLM fundamental coding capabilities (Chen et al.,
2021b; Austin et al., 2021). These early bench-
marks focused on short, self-contained, algorithm-
specific tasks, thus falling short of addressing the
full complexity of real-world SWE tasks.

SWE-bench (Jimenez et al., 2023) was intro-
duced to address the above shortcomings by provid-
ing an end-to-end evaluation framework grounded
in real-world GitHub issues. Each task includes a
detailed issue description, full repository context,
executable environments (e.g., Docker), and vali-
dation tests, enabling agents to generate and ver-
ify code patches automatically. Several follow-up
works identified evaluation issues, like overly spe-
cific or unrelated unit tests, underspecified issue de-
scriptions, and problematic environmental setups,
and thus proposed new variants (SWE-bench Lite,
2024; Xia et al., 2024; OpenAl, 2024; Aleithan
et al., 2024). The most widely adopted of these,
SWE-bench Verified (OpenAl, 2024), carries ex-
tensive human filtration and validation to yield a
high-quality subset of 500 samples. It also stan-
dardizes execution through containerized environ-
ments and provides difficulty annotations, enabling
more reproducible and interpretable evaluations.
These improvements make SWE-bench Verified
the de facto benchmark for assessing SWE agents.

Following the success of SWE-bench, multi-
lingual (Zan et al., 2024; Yang et al., 2025) and
multimodal (Yang et al., 2024) versions were pro-
posed. Complementary benchmarks explore addi-
tional SWE tasks, including the ability to gener-
ate and validate tests from GitHub issues (Ahmed
et al., 2024; Miindler et al., 2024), or solving real-
world IT automation tasks (Jha et al., 2025). No-
tably, Terminal-Bench (Merrill et al., 2025) focuses
on interactive terminal usage, assessing agents’
command-line proficiency.

More recent benchmarks push toward more chal-
lenging and realistic evaluation. SWE-Lancer (Mis-
erendino et al., 2025) collected 1,400 freelance
tasks from Upwork with total payouts over $111.
Tasks include both technical fixes and managerial
decisions, evaluated via verified tests or compari-

son to human managers’ choices. Results expose
gaps in long-term reasoning and decision-making.
Similarly, SWE-bench Pro (Deng et al., 2025) in-
troduces 1,865 human-verified tasks spanning 41
repositories, often requiring multi-file edits and
hours of effort. Model performance remains below
25% Pass@1, highlighting current limitations in
handling long-horizon, complex code changes.

3.3 Scientific Agents

Scientific agents automate core research tasks by
integrating domain knowledge and scientific tools.
Their evaluation has progressed from basic rea-
soning benchmarks to comprehensive frameworks
assessing diverse scientific research capabilities.
Early efforts focused on knowledge recall and rea-
soning (Clark et al., 2018; Lu et al., 2022; Wang
et al., 2022a), and literature understanding (Dasigi
et al., 2021; Lee et al., 2023; DeYoung et al.,
2021). More recent benchmarks like SciRiff (Wad-
den et al., 2024) broaden the scope to instruction-
following across scientific domains.

Recent advancements have shifted the focus to-
ward developing and assessing scientific agents
in accelerating scientific research. New bench-
marks span the full research pipeline: (1) Scien-
tific Ideation: Evaluates agents’ ability to gen-
erate novel, expert-level research ideas, empha-
sizing creativity, relevance, and scientific feasi-
bility (Si et al., 2025). (2) Experiment Design:
Benchmarks like AAAR-1.0 (Lou et al., 2025)
assess systematic experiment planning, hypothe-
sis formulation, appropriate use of methodologies,
and rigor of experimental procedures. (3) Code
Generation: Benchmarks such as SciCode (Tian
et al., 2024), ScienceAgentBench (Chen et al.,
2025b), CORE-Bench (Siegel et al., 2024), and
PaperBench (Starace et al., 2025) test the agent’s
ability to produce accurate, executable scientific
code (Chan et al., 2025). (4) Peer Review: Evalu-
ates whether agents can generate substantive, high-
quality reviews (Chamoun et al., 2024). Ultimately,
the field is moving toward benchmarks that encom-
pass the full research cycle, leading to the evalua-
tion of innovative scientific discovery.

3.4 Conversational Agents

Conversational agents are agents designed to per-
form goal-directed, multi-turn dialogue with a user
to accomplish a specific task, such as booking a
flight or resolving a customer support issue. This
field builds on Task-Oriented Dialogue Systems
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(TODS), extending it from purely textual tasks to
real-world tasks requiring environment interaction.
Early TODS benchmarks focused on
multi-turn conversations across different do-
mains (Budzianowski et al., 2018; Andreas et al.,
2020), and distinct user intents (Chen et al., 2021a).
Yet these benchmarks were confined to textual
interaction. To address that, Sierra proposed 7-
Bench (Yao et al., 2024). It assesses agents’ ability
to interact with simulated users to accomplish
their tasks by effectively utilizing API tools, while
adhering to domain-specific policies. 7-Bench
spans domains like retail and airline customer
service. However, it is limited in scale, user simu-
lation setup, and focuses solely on coarse-grained
end-to-end metrics, overlooking policy violations
and dialogue flow errors. 72-Bench (Barres et al.,
2025) addresses these limitations by introducing
a Telecom domain, where the user utilizes tools
to act in a shared, dynamic environment, and
by adding a compositional task generator that
programmatically creates diverse, verifiable tasks.
Although 7-Bench is the most dominant bench-
mark in this category, it builds on prior work that
automates benchmark creation and enables dy-
namic evaluation. IntellAgent (Levi and Kadar,
2025) proposes an automated process for generat-
ing synthetic test scenarios from database schemas
and policy documents. They showed a high corre-
lation between 7-Bench and their synthetic bench-
mark results. ALMITA (Arcadinho et al., 2024)
used a hybrid approach that starts from user intents
and a sequence of intermediate LLM-generated
graphs, followed by manual filtering to generate
diverse, realistic customer support scenarios.

4 Generalist Agent Evaluation

Similar to the evolution of LLMs from task-specific
into general-purpose models, agents are also tran-
sitioning from application-specific toward general-
purpose agents (Bandel et al., 2026b). Such tasks
require integrated capabilities, from planning, rea-
soning, and tool use to web interaction, file han-
dling, code execution, and more. This shift has
led to the development of two complementary ap-
proaches to generalist agent evaluation.

One approach aims to address this gap by propos-
ing benchmarks that inherently require a wide
range of capabilities. A key benchmark in this
category is Gaia (Mialon et al., 2023). Gaia is
composed of real-world questions that require abil-

ities such as reasoning, multi-modality handling,
web browsing, and tool-use proficiency. Over time,
model performance on Gaia improved, saturating
the easier portion of the benchmark and emphasiz-
ing the need for an updated version. Andrews et al.
(2025) proposed Gaia2 as a mobile environment
with apps such as email, messaging, and calendar.
The set of required capabilities was extended to
include handling ambiguity, noise, temporal con-
straints, and multi-agent collaboration.

This work continues a class of benchmarks that
evaluate agents in full computer environments. OS-
World (Xie et al., 2024), AppWorld (Trivedi et al.,
2024), and more (Kapoor et al., 2024a; Bonatti
et al., 2025) test the agent’s ability to execute
complex tasks across applications, manage con-
trol flows, and ensure stable performance in real
settings. They differ in the way the agent interacts
with the environment. In OSWorld, the agent inter-
acts via UI, while in AppWorld and Gaia2, it uses
code and API calls.

The second approach for generalist agent eval-
uation relies on unifying several task-specific
benchmarks into one. AgentBench (Liu et al.,
2023) introduces interactive environments span-
ning OS operations, databases, games, and house-
hold tasks—highlighting core skills like flexibility
and tool-based problem solving. HAL (Holistic
Agent Leaderboard; Stroebl et al., 2025) provides
a unified platform for benchmarks across domains,
including coding and web. Yet, this approach
does not support the same agent harness evalua-
tion across any benchmark environment. Harbor
and Exgentic aim to solve that by providing frame-
works with a unified protocol for general agent
assessment (Harbor Framework Team, 2026; Ban-
del et al., 2026a). These represent the first steps
toward holistic, standardized, cross-environment
agent evaluation (Lacoste et al., 2026).

5 Core Benchmark Dimensions

The preceding sections reviewed benchmarks orga-
nized by agent type and application domain. Here,
we take a broader perspective and analyze bench-
marks along shared orthogonal dimensions: data
curation, environment, interface, metric, and safety.
This analysis reveals common structural patterns
and gaps. In Table 1, we compare representative
benchmarks based on these dimensions.

Data Curation High-quality benchmarks rarely
rely solely on human-curated data; most employ a
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hybrid curation strategy. For example, SWE-bench
Verified refines the original harvest of GitHub is-
sues through human validation to improve the ro-
bustness and reliability of the benchmark. Simi-
larly, AppWorld constructs tasks using a synthetic
"world" of 100 fictitious users but validates them
with programmatic checks. Other benchmarks, like
Mind2Web, derive data from real-world interac-
tion logs, which are then cleaned and annotated.
In contrast, GAIA specifically utilizes humans for
crafting and validating the questions, ensuring chal-
lenging, unambiguous questions that are concep-
tually simple for humans but require complex tool
usage for agents. This raises the tension between
the reliance on human annotation for ensuring data
validity and the need to automate the data cura-
tion and validation process, allowing scalable and
adaptable evaluation. This tension emphasizes the
need for methods that automate this process with-
out compromising its quality.

Environment Evaluation environments generally
fall into two categories: static and dynamic. Static
environments, such as the original Mind2Web, rely
on offline traces or cached web pages where agents
predict the next action without influencing the state.
While scalable, these fail to capture the cascading
effects of errors: incorrect actions have no down-
stream consequences, missing compounding fail-
ures that can ultimately cause task failure. Dy-
namic environments, conversely, allow agents to
interact with a live or simulated world (e.g., Docker
containers for SWE, browser sandboxes for web
agents), where their actions alter the state the agent
observes, enabling diagnosis of failure modes in
long-horizon tasks. As agents become more ca-
pable, benchmarks must embrace dynamic envi-
ronments that assess the agent’s ability to evaluate
long-horizon interactions with the environment.

Interaction Interface The interface defines the
communication protocol between the agent and
the environment, governing the action and observa-
tion spaces. We categorize benchmarks into three
primary interfaces: Code and Terminal interface
requires agents to generate executable scripts, e.g.,
Python, Bash, or SQL. This interface is predom-
inant in SWE and scientific benchmarks, where
success depends on logic and syntactic correctness.
Tools interface restricts actions to predefined func-
tion calls. Benchmarks such as 7-Bench and App-
World rely on tool calling with schema adherence
to achieve their goal. Graphical User Interfaces

Benchmark Data Env. Interface Metric Safety
SWE-bench Ver. Hybrid Dynamic Code Unit Tests No
SWE-Lancer Hybrid Dynamic Code End-to-end No
Mind2Web Hybrid Static GUI Action Match No
WebArena Hybrid Dynamic GUI Mix No
PaperBench Hybrid Dynamic Code End-to-end No
TAU-Bench Hybrid Dynamic Tools State Match Yes
AppWorld Hybrid Dynamic Tools State Match No
GAIA Human Dynamic Mix Answer Match No

Table 1: Comparative analysis of representative agent
benchmarks. We characterize each benchmark by its
data curation strategy, environment dynamicity, interac-
tion interface, evaluation metric, and whether it explic-
itly incorporates safety constraints.

(GUI) simulate human interaction via accessibil-
ity trees (e.g., HTML DOM) or visual UI. Web
and consumer-facing applications benchmarks uti-
lize this modality to evaluate visual grounding and
computer or web navigation.

Metric The most ubiquitous metric is task com-
pletion, yet its implementation varies depending
on the application and expected output. For SWE
tasks, where the output is a piece of functional
code, SWE measures are adopted, like execution-
based unit testing. Tasks that require modifying
the environment state, like 7-Bench, deploy state
matching against the gold state to assess the modi-
fication correctness. For multi-step reasoning tasks,
such as GAIA, answer matching is used to verify
unambiguous short-form responses against a gold
standard. This metric divergence emphasizes the
need for targeted verification steps to ensure the
benchmark’s validity (Zhu et al., 2025). Notably,
such binary outcome metrics are insufficient to un-
derstand the intermediate agent’s progress, and call
for fine-grained evaluation solutions (See §7).

Safety and Robustness Metrics While most
benchmarks prioritize capability, safety, and ro-
bustness are critical for enterprise adoption. Ro-
bustness is often quantified via pass”k, the fraction
of tasks where the agent succeeds across all k inde-
pendent runs. Beyond robustness, enterprise agents
must adhere to strict policies, such as data privacy
and access control, which are rarely tested in stan-
dard benchmarks. For instance, SWE-Lancer does
not inherently penalize risky behaviors unless they
interfere with replicating the target behavior. Fu-
ture benchmarks must integrate "guardrail" met-
rics, penalizing agents that achieve task success via
non-compliant actions (e.g., deleting production
databases).
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6 Frameworks for Agent Evaluation

To meet the growing need for systematic assess-
ment of LLM agents, several general-purpose
frameworks have emerged, offering developers
tools for continuous monitoring, evaluation, error
analysis, and performance optimization. Unlike
the benchmarks discussed in the preceding sec-
tions, which assess fully developed systems using
fixed scenarios and standardized test datasets, these
frameworks integrate into the development process,
enabling flexible, custom scenario design and sup-
porting a broad range of general use cases across
both development and deployment.

There are many frameworks supporting the eval-
uation of a wide range of agent types, including
LangSmith (LangChain, 2023), Langfuse (Lang-
fuse, 2023), Google Vertex Al evaluation ser-
vice (Google Cloud, 2025), Arize Al’s Evaluation
Framework (Arize Al, Inc, 2025), Galileo Agentic
Evaluation (Galileo, 2025), Patronus Al (Patronus
Al Inc., 2023), W&B Weave (Weights&Biases,
2023), LangChains’ AgentEvals (LangChain,
2025); Databricks Mosaic Al Agent Evalua-
tion (Databricks, 2023), which is mostly designed
for RAG like tasks; Botpress Multi-Agent Evalua-
tion System (Kargwal, 2025) and AutoGen (Dibia
et al., 2024) for multi-agent systems; and more.

All evaluation platforms provide continuous
monitoring of agent trajectories, assessing key per-
formance metrics such as task completion rates, la-
tency, execution speed, and, in some cases, through-
put and memory usage (LangChain, 2023). Some
frameworks utilize the OpenTelemetry (Blanco,
2023) observability framework and their infrastruc-
ture, including Langfuse and Google Vertex Al

Beyond observability, each framework applies
quality assessment methods across multiple levels
of granularity:

Final Response Evaluation. Frameworks often
incorporate LLM-based judges to evaluate agent
responses against predefined criteria (such as faith-
fulness or politeness), with some offering propri-
etary judge models (e.g., Databricks Mosaic and Pa-
tronusAl). Additionally, most platforms allow for
customizable assessment metrics, enabling domain-
specific evaluation of output quality and relevance.
Final-response evaluation is fast, inexpensive, and
easy to automate, making it well-suited for large-
scale monitoring and regression testing. However,
it offers limited insight into agent behavior, as it
cannot assess intermediate decisions, execution ef-

ficiency, or failure causes within complex work-
flows.

Stepwise Evaluation. Most frameworks sup-
port granular assessments of individual agent steps,
such as LLM generations, tool invocations, and
routing decisions, enabling error localization and
systematic analysis of where and how multi-step
executions fail. A common approach evaluates
each step independently using predefined or cus-
tomizable judges, often LLM-based or lightweight
classifiers, that assess quality attributes such as cor-
rectness, relevance, or instruction adherence. Ad-
ditionally, many frameworks perform tool-specific
evaluation by validating tool choice, parameter
schemas, and output usability. To better align eval-
uation with agent structure, Arize Phoenix provides
agent-specific step templates, which tailor evalu-
ation criteria to particular stages such as routing,
planning, retrieval, or reflection.

These approaches assume that each action can
be meaningfully assessed in isolation, overlook-
ing dependencies between steps. To address this
gap, Galileo Agentic Evaluation incorporates a
goal-progress-oriented action advancement met-
ric, which measures whether each step successfully
contributes to or advances toward a user-defined
goal.

Trajectory-Based Assessment. Some plat-
forms, such as Google Vertex Al and LangSmith,
also support trajectory-based assessments, which
move beyond individual steps and analyze how
an agent navigates toward task completion. Cur-
rent approaches fall into two broad categories.
Reference-Based methods compare the trajectory
against an expected optimal path, measuring align-
ment between the observed and gold action se-
quences. Platforms such as LangSmith, Vertex Al,
and AgentEvals support various alignment modes,
including exact, partial, unordered, and subset
matching. AgentEvals further extends this through
graph-based evaluation: for frameworks that model
agents as graphs, it assesses whether the agent vis-
its the expected nodes and transitions rather than re-
quiring alignment over a flat sequence of tool calls.
However, reference-based methods are inherently
limited, as multiple valid paths typically exist and
manual reference specification is often infeasible.
Reference-Free methods use LLM-based judges
to evaluate trajectory quality without a predefined
gold path, assessing properties such as coherence,
efficiency, or goal directedness directly from the
observed sequence.
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Framework

Stepwise Assessment  Monitoring  Trajectory Assessment Human in the Loop ~ Synthetic Data Generation = A/B Comparisons

LangSmith (LangChain)

Langfuse (Langfuse)

Google Vertex Al evaluation (Google Cloud)
Arize AI's Evaluation (Arize Al Inc)
Galileo Agentic Evaluation (Galileo)
Patronus Al (Patronus Al, Inc.)

AgentsEval (LangChain)

Mosaic AI (Databricks)

AN S NENENENENEN
AN S NENENENENEN

v X

X N X X X N X
NI NE NN NEN
A X N X SN X X
ENEPIENENENENENEN

Table 2: Supported evaluation capabilities of major agent frameworks. Note that some of these capabilities are still
in initial phases of development, as discussed further in the text.

A core methodological consideration is the
choice between reference-based and reference-free
evaluation. Reference-based methods offer preci-
sion and reproducibility but depend on predefined
expected behavior. Reference-free methods, typi-
cally relying on LLM-based judges, provide greater
flexibility at the cost of reliability. This tension ex-
tends to judge design: general-purpose judges offer
broad coverage but lower precision, while task-
specific judges excel on their target criteria at the
cost of a narrower scope.

Supporting Capabilities. Beyond quality as-
sessment, frameworks provide supporting capabil-
ities for data management and experimentation.
Most offer integrated annotation tools and sup-
port human-in-the-loop evaluation, enabling the
extraction of evaluation datasets from production
logs. Platforms such as Patronus Al and Databricks
Mosaic additionally facilitate synthetic data gener-
ation using proprietary seed data. Current frame-
works also support A/B comparisons, enabling side-
by-side analysis of inputs, outputs, and metrics
across runs, and in some cases (e.g., Patronus Al)
of aggregated results across experimental setups.

Table 2 presents key frameworks for agent eval-
uation along with their support for the evaluation
features discussed in this section.

Overall, current evaluation frameworks show
great value but still face several open challenges.
First, while analyzing individual traces is well sup-
ported, deriving insights across large collections
of runs remains difficult. Thus, understanding
root causes for agent failures at scales is still
unsupported. A/B comparisons partially address
this by allowing side-by-side analysis of different
experimental setups. Yet, causally attributing
outcome differences to specific steps or decisions
is not yet possible. Second, current frameworks
overlook the cost incurred by the evaluation
process itself, specifically when scaling over
a large number of traces with expensive LLM
judges. This emphasizes the need for more

efficient evaluation processes, with better resource
allocation techniques. Finally, most current
frameworks lack built-in support for evaluating
safety and policy compliance (See §7).

Gym-like Environments.

Gym-like Environments provide controlled, in-
teractive environment simulations for agent evalua-
tion. Inspired by OpenAl Gym (Brockman et al.,
2016), originally designed for training and eval-
uating Reinforcement Learning algorithms, these
frameworks have been adapted to the training and
evaluation of LLLM agents using realistic task sim-
ulations, allowing them to interact with dynamic
environments. Moreover, these frameworks enable
standardized evaluation across various benchmarks,
with environments made for web agents (Chezelles
et al., 2024), Al research agents (Nathani et al.,
2025), and SWE agents (Pan et al., 2024a).

7 Discussion

7.1 Current Trends

Our review identifies two key trends shaping the
current landscape of agent evaluation:

Realistic and Challenging Evaluation. While
early evaluations often employed simplified, static
environments, there is a clear shift toward more
realistic and complex benchmarks. Web agents
evolved from basic simulations to dynamic, real-
world settings such as WebArena. In software en-
gineering, benchmarks like SWE-bench utilize real
GitHub issues, moving beyond synthetic coding
tasks. Furthermore, there is increasing interest in
long-horizon tasks typically performed by highly
trained human experts, pushing evaluation closer
to real-world professional workflows. This change
reflects the growing need to assess agents’ ability to
derive practical value in realistic settings, to stress-
test their limitations, and guide their progress.

Live Benchmarks. The rapid pace of LLM
and agent development necessitates adaptive and
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continuously updated evaluation methods. Static
benchmarks quickly become obsolete, saturated,
and abandoned. In response, we see a rise in
“live” benchmarks. For instance, the few versions
of BFCL, and the refinement of the SWE-bench
family (Verified, Pro, and more). These ongoing
adaptations serve several purposes: matching the
increased capabilities of agents, addressing short-
comings of previous versions (e.g., by conducting
human verification and refining success metrics),
and adapting to evolving research ecosystems such
as MCP-based tool calling. This dynamic bench-
marking approach is essential to maintain relevance
in a fast-moving field.

7.2 Future Directions

We also recognize critical gaps in current agent
evaluation that future research must address.

Advancing Granular Evaluation. Many cur-
rent benchmarks rely on coarse-grained, end-to-end
success metrics that, while useful for gauging over-
all performance, fall short in diagnosing specific
agent failures. This lack of granularity obscures
insights into intermediate decision processes such
as tool selection and reasoning quality. Addressing
this limitation calls for the development of stan-
dardized, fine-grained evaluation metrics targeting
the trajectory of an agent’s task execution. Future
work should explore detailed, step-by-step assess-
ments to provide richer feedback and guide targeted
improvements.

Cost and Efficiency Metrics. Current eval-
uations often prioritize performance while over-
looking cost and efficiency measurements. This
emphasis can inadvertently drive the development
of highly capable but resource-intensive agents,
limiting their practical deployment Kapoor et al.
(2024b). Future evaluation frameworks should inte-
grate cost efficiency as a core metric, tracking fac-
tors such as token usage, API expenses, inference
time, and overall resource consumption. Establish-
ing standardized cost metrics will help guide the
development of agents that balance performance
with operational viability.

Scaling & Automating. The reliance on static,
human-annotated evaluation data poses significant
scalability challenges. It is resource-intensive, and
the resulting benchmarks quickly become outdated
in this rapidly evolving field. This shortcoming
underscores the need for scalable, automated eval-
uation, which may be addressed via synthetic data
generation techniques. Another avenue is automat-

ing evaluation by employing an LLM or agent as a
Judge Zhuge et al. (2024). This approach not only
reduces the reliance on resource-intensive human
annotation but also holds the potential to capture
more nuanced aspects of agent performance.

Safety and Compliance. Current benchmarks
lack sufficient focus on safety, trustworthiness, and
policy compliance. While early efforts have begun
to address these dimensions, evaluations still lack
comprehensive tests for robustness against adver-
sarial inputs, bias mitigation, and organizational
and societal policy compliance. Future research
should include safety metrics in benchmarks as
well as developing safety benchmarks that simulate
real-world scenarios, particularly in multi-agent
scenarios where emergent risks may arise (Ham-
mond et al., 2025). This can ensure that agents are
not only effective but also safe and secure.

Decoupling LLM & Harness Evaluation.
Most current agent benchmarks conflate two dis-
tinct evaluation targets: (1) the inherent capabili-
ties of the backbone LLM, and (2) the design of
the agent Harness (a.k.a. scaffold). Disentangling
these is essential for enabling systemic attribution
of performance gains. Efforts like Harbor and Ex-
gentic begin to address this by standardizing agent
evaluation across models and agent harness set-
tings. Future work should develop controlled evalu-
ation protocols that vary each factor independently,
enabling systematic comparison and isolating the
contribution of individual components, whether
LLM capabilities, harness design, or specific mod-
ules such as memory or planning, to overall agent
performance.

8 Conclusion

This survey presents an overview of the evolving
field of LLLM-based agent evaluation, outlining its
progression from assessing isolated capabilities in
simplified settings to evaluating agents in realistic,
dynamic, and challenging environments. While
notable progress has been made, several challenges
remain. Future research should focus on develop-
ing fine-grained, scalable evaluation methods that
extend beyond overall success rates, establishing
standardized metrics for cost-efficiency, safety, and
robustness for responsible deployment. For prac-
tical guidance, we provide actionable benchmark
recommendations in Appendix §E.
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Limitations

While this survey provides a comprehensive
overview of the evaluation landscape for LLM-
based agents, it is important to acknowledge certain
limitations inherent to a review of such a rapidly
evolving field.

First, the domain of LLM-based agents and their
evaluation is exceptionally dynamic. New bench-
marks, evaluation frameworks, agent architectures,
and research findings are being published at an
unprecedented pace. Although we have striven to
incorporate the most current and impactful work up
to the time of writing, this survey inevitably repre-
sents a snapshot. Some very recent or forthcoming
developments might not have been included. Our
commitment to maintaining a continuously updated
GitHub repository, as mentioned in the abstract,
aims to mitigate this challenge over time for the
community.

Second, the selection of benchmarks and frame-
works, while intended to be representative, is sub-
ject to the breadth of the field. To maintain clarity
and focus, we prioritized works that illustrate key
trends or address significant aspects of agent evalu-
ation. Consequently, some specific or niche eval-
uation approaches may not have received detailed
coverage.

Third, in covering a wide array of topics, the
depth of analysis for each individual benchmark or
framework is necessarily constrained. Readers re-
quiring an exhaustive understanding of a particular
evaluation tool or methodology are encouraged to
consult the primary research articles cited through-
out this survey.

Finally, the discussion on “Future Directions”
(§7.2) and the identification of “critical gaps” in-
herently involve a degree of foresight and interpre-
tation based on current trends. While these are in-
formed by our analysis of the existing literature, the
actual trajectory of future research and the relative
importance of these identified areas will continue
to evolve.

Despite these limitations, we believe this survey
offers a valuable and structured synthesis of the
current state of LLM-based agent evaluation, serv-
ing as a useful resource for researchers, developers,
and practitioners in the field.
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A Literature Review Methodology

To ensure the comprehensiveness and validity of
this survey, we employed a rigorous, multi-stage
literature review process designed to capture the
rapidly evolving landscape of LLM agent evalua-
tion. Our methodology consisted of three primary
phases: systematic search, structured selection, and
expert validation.

Search Strategy and Citation Chasing Our ini-
tial data collection involved a systematic search
across major academic repositories and archives,
including Google Scholar, the ACL Anthology,
HuggingFace Papers, and arXiv. We utilized a tar-
geted set of keywords and their combinations, such
as “LLM agent evaluation,” “agent benchmark,”
“tool use evaluation,” and “web agent benchmark.”
Following the identification of seminal and highly
cited works, we applied an iterative “snowballing”
technique. We performed both forward and back-
ward citation chasing on these seed papers to un-
cover foundational prior art as well as emerging
methodologies that might not yet be indexed by
standard keywords.

Inclusion and Exclusion Criteria We defined
strict criteria to maintain the survey’s focus and
quality. Papers were included if they introduced a
novel benchmark, an evaluation framework, or a
significant methodological contribution to the as-
sessment of LLM-based agents. Conversely, we
excluded works that: 1. Proposed new agent archi-
tectures without a distinct contribution to evalua-
tion methodology. 2. Focused solely on traditional
LLM evaluation (e.g., reasoning on static datasets),
lacking dynamic, agentic, or interactive compo-
nents. While acceptance to top-tier conferences
was utilized as a primary indicator of quality, we
also included high-impact preprints to ensure the
survey reflects the most recent advancements in
this fast-paced field.

Expert Consultation To mitigate coverage gaps
and ensure an accurate representation of specific
subdomains, we consulted with domain experts cor-
responding to the key categories in our taxonomy
(e.g., SWE and web agent researchers). We specifi-
cally engaged with creators of leading benchmarks
and dominant agent architectures to discuss the se-
lected manuscripts. This validation step ensured
that our survey captures the nuances of state-of-the-
art evaluation protocols.

B Agent Capabilities Evaluation

In this appendix, we expand on the evaluation of
LLM-based agent capabilities. While the main pa-
per presents the core information, here we offer a
more detailed account of each benchmark, its inter-
relations, and how the evaluation of each capability
evolves.

B.1 Planning and Multi-Step Reasoning

Planning and multi-step reasoning form the foun-
dation of an LLM agent’s ability to tackle complex
tasks effectively which enables agents to decom-
pose problems into smaller, more manageable sub-
tasks and create strategic execution paths toward
solutions (Gao et al., 2023a).

Multi-step reasoning in LLMs typically involves
executing sequential logical operations—typically
requiring 3-10 intermediate steps—to arrive at so-
lutions that cannot be derived through single-step
inference (Cobbe et al., 2021; Yang et al., 2018;
Suzgun et al., 2022). This foundational need for
multi-step planning has led to the development
of specialized benchmarks and evaluation frame-
works that systematically assess these capabilities
across diverse domains, including: mathematical
reasoning (GSM8K (Cobbe et al., 2021), MATH
(Hendrycks et al., 2021b), AQUA-RAT (Ling et al.,
2017)), multi-hop question answering (HotpotQA
(Yang et al., 2018), StrategyQA (Geva et al., 2021),
MultiRC (Khashabi et al., 2018)), scientific rea-
soning (ARC (Clark et al., 2018)), logical reason-
ing (FOLIO, P-FOLIO (Han et al., 2024, 2022))
constraint satisfaction puzzles (Game of 24 (Yao
et al., 2023)), everyday common sense (MUSR
(Sprague et al., 2023)), and challenging reasoning
tasks (BBH (Suzgun et al., 2022)). Several of
these benchmarks, particularly HotpotQA, ALF-
Worlds, and Game of 24, have been specifically
adapted for evaluating agent-based approaches like
ReAct, where planning and calling the tools pro-
posed by the agent are interleaved in interactive
problem-solving settings.

Recent work has developed more specialized
frameworks targeting LLM planning capabili-
ties. ToolEmu (Ruan et al., 2024) introduces a
simulator-based approach for evaluating tool-using
agents, revealing that successful planning requires
explicit state tracking and the ability to recover
from errors. The MINT benchmark (Wang et al.,
2023) evaluates planning in interactive environ-
ments, demonstrating that even advanced LLMs
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Figure 2: Overview of the paper.

struggle with long-horizon tasks that require multi-
ple steps.

PlanBench (Valmeekam et al., 2023) provides a
comprehensive evaluation framework specifically
designed to assess planning capabilities in LLM
agents across diverse domains, revealing that cur-
rent models excel at short-term tactical planning
but struggle with strategic long-horizon planning.

Complementing this, AutoPlanBench (Stein et al.,
2023) focuses on evaluating planning in everyday
scenarios, demonstrating that even SoTA LLM
agents lag behind classical symbolic planners.

FlowBench (Xiao et al., 2024) evaluates work-
flow planning abilities, with a focus on expertise-
intensive tasks. ACPBench (Kokel et al., 2024) fo-
cuses on evaluating LLMs on core reasoning skills.
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The Natural Plan benchmark (Zheng et al., 2024) is
designed to evaluate how LLMs handle real-world
planning tasks presented in natural language. SoTA
LLM agents perform poorly on this benchmark,
particularly as complexity increases.

These benchmarks highlight key abilities essen-
tial for effective agent planning: (1) task decom-
position for breaking down complex problems, (2)
state tracking and belief maintenance for accurate
multi-step reasoning, (3) self-correction to detect
and recover from errors, (4) causal understanding
to predict action outcomes, and (5) meta-planning
to refine planning strategies.

B.2 Function Calling & Tool Use

The ability of LLMs to interact with external tools
through function calling is fundamental for build-
ing intelligent agents capable of delivering real-
time, contextually accurate responses (Qin et al.,
2023; Tang et al., 2023). Early works utilized tar-
geted tools, such as retrieval in approaches by aug-
mented language models with retrieval capabilities
(Lewis et al., 2020; Gao et al., 2023b; Nakano et al.,
2021). Later developments included more general-
purpose tools, exemplified by ToolFormer (Schick
et al., 2023), Chameleon (Lu et al., 2023), and
MRKL (Karpas et al., 2022).

Function calling involves several sub-tasks that
work together seamlessly. Intent recognition iden-
tifies when a function is needed based on user re-
quests. Function selection determines the most
appropriate tool for the task. Parameter-value-pair
mapping extracts relevant arguments from the con-
versation and assigns them to function parameters.
Function execution invokes the selected function
with those parameters to interact with external sys-
tems. Finally, response generation processes the
function output and incorporates it into the LLM’s
reply to the user. This integrated process ensures
accurate and efficient function calling within the
LLM’s workflow.

Early evaluation efforts offered approaches to
evaluate the above sub-tasks while focusing on
relatively simple, one-step interactions with ex-
plicitly provided parameters. Benchmarks such
as ToolAlpaca (Tang et al., 2023), APIBench (Patil
etal., 2025b), ToolBench (Qin et al., 2023), and the
Berkeley Function Calling Leaderboard vl (BFCL)
(Yan et al., 2024) exemplify this phase, employ-
ing synthetic datasets and rule-based matching
(e.g., via Abstract Syntax Trees) to establish base-
line metrics like pass rates and structural accuracy.

However, these methods were limited in captur-
ing the complexities of real-world scenarios, which
might include multistep conversations, parameters
that are not explicitly mentioned in the conversa-
tion, and tools with complex input structures and
long, intricate outputs. BFCL v2 and v3 address
these gaps by adding organizational tools and inte-
grated multi-turn, multi-step evaluation logic, of-
fering a more realistic simulation and highlighting
the need for continuous state management.

Complementing this evolution, several bench-
marks have broadened the evaluation landscape.
For example, ToolSandbox (Lu et al., 2024) dif-
fers from previous benchmarks by incorporating
stateful tool execution, implicit state dependencies,
on-policy conversational evaluation with a built-in
user simulator, and dynamic evaluation strategies
for intermediate and final milestones across arbi-
trary trajectories. Seal-Tools (Wu et al., 2024b)
adopts a self-instruct (Wang et al., 2022b) method-
ology to generate nested tool calls, effectively mod-
eling layered and interdependent interactions. In
parallel, API-Bank (Li et al., 2023) emphasizes
realistic API engagements by utilizing dialogue-
based evaluations and extensive training datasets.
Frameworks like NexusRaven (team, 2023) fur-
ther enrich this landscape by focusing on general-
ized tool-use scenarios that mirror the diverse chal-
lenges encountered in practice. API-Blend (Basu
et al., 2024a) suggested a comprehensive approach
focusing on identifying, curating, and transforming
existing datasets into a large corpus for training
and systematic testing of tool-augmented LLMs.
API-Blend mimics real-world scenarios involving
API tasks such as API/tool detection, slot filling,
and sequencing of detected APIs, providing utility
for both training and benchmarking purposes. Rest-
Bench (Song et al., 2023) facilitates exploration
of utilizing multiple APIs to address complex real-
world user instructions. APIGen (Liu et al., 2024c)
provides a comprehensive automated data genera-
tion pipeline that synthesizes high-quality function-
calling datasets verified through hierarchical stages.
StableToolBench (Guo et al., 2024) addresses the
challenges of function-calling evaluation by intro-
ducing a virtual API server with caching and simu-
lators to alleviate API status changes.

Addressing the inherent complexity of multi-
step interactions, ComplexFuncBench (Zhong
et al., 2025) was specifically designed to assess
scenarios requiring implicit parameter inference,
adherence to user-defined constraints, and efficient
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long-context processing. NESTFUL (Basu et al.,
2024b) focuses on adding complexity by evaluat-
ing LL.Ms on nested sequences of API calls where
outputs from one call serve as inputs to subsequent
calls.

B.3 Self-Reflection

An emerging line of research focuses on whether
agents can self-reflect and improve their reasoning
through interactive feedback, thereby reducing er-
rors in multi-step interactions. This requires the
model to understand the feedback and dynamically
update its beliefs to carry out adjusted actions or
reasoning steps over extensive trajectories.

Early efforts to gauge LLM agent self-reflection
were often indirect, repurposing existing reasoning
or planning tasks, such as AGIEval (Zhong et al.,
2023), MedMCQA (Pal et al., 2022), ALFWorld
(Shridhar et al., 2021), MiniWoB++ (Liu et al.,
2018), etc., into multi-turn feedback loops, to see if
models could recognize or correct their own errors
given external feedback in confined settings (Renze
and Guven, 2024b; Huang et al., 2024; Shinn et al.,
2023; You et al., 2024; Sun et al., 2023; Liu et al.,
2025). Improvement was typically measured by
determining if the final answer was corrected, pro-
viding only a coarse evaluation and potentially ill-
defined measurement, as observed improvements
may depend on specific prompting techniques lack-
ing proper standardization (Huang et al., 2024; Liu
et al., 2025).

LLF-Bench (Cheng et al., 2023) was introduced
to standardize benchmarks for interactive self-
reflection. It includes diverse decision-making
tasks and treats task instructions as part of the envi-
ronment. To reduce overfitting, it allows random-
ization of task instruction descriptions and agent
feedback.

Similarly, LLM-Evolve (You et al., 2024) was in-
troduced to evaluate LLM agents’ self-reflection ca-
pabilities on standard benchmarks such as MMLU
(Hendrycks et al., 2020). This approach evaluates
agents based on past experiences by collecting pre-
vious queries with feedback and extracting them as
in-context demonstrations. To provide more gran-
ular insights into different feedback types, (Pan
et al., 2025) focused specifically on coding agents,
extending existing coding benchmarks like APPS
(Hendrycks et al., 2021a) and LiveCodeBench (Jain
et al., 2024) to interactive settings.

From a cognitive science perspective, Reflection-
Bench (Li et al., 2024) was designed to assess

LLMs’ cognitive reflection capabilities, breaking
down reflection into components like perception of
new information, memory usage, belief updating
following surprise, decision-making adjustments,
counterfactual reasoning, and meta-reflection.

B4 Memory

Memory mechanisms in LLM-based agents im-
prove their handling of long contexts and informa-
tion retrieval, overcoming static knowledge limits
and supporting reasoning and planning in dynamic
scenarios (Park et al., 2023). Unlike tool use, which
connects agents to external resources, memory en-
sures context retention for extended interactions
like processing documents or maintaining conver-
sations. Agents rely on short-term memory for real-
time responses and long-term memory for deeper
understanding and applying knowledge over time.
Together, these memory systems allow LLM-based
agents to adapt, learn, and make well-informed
decisions in tasks requiring persistent information
access.

One prominent line of research focuses on ad-
dressing the challenge of limited context lengths
in LLMs by incorporating memory mechanisms to
enhance reasoning and retrieval across extended
contexts and conversations. Recent works, such as
ReadAgent (Lee et al., 2024), MemGPT (Packer
et al., 2024), and A-MEM (Xu et al., 2025b), in-
vestigate these methods and evaluate their efficacy
through reasoning and retrieval metrics.

Specifically, ReadAgent structures reading by
grouping content, condensing episodes into memo-
ries, and retrieving passages, with effectiveness
shown on datasets like QUALITY (Pang et al.,
2021), NarrativeQA (Kocisky et al., 2018), and
QMSum (Zhong et al., 2021).

Similarly, A-MEM introduces an advanced
memory architecture evaluated using the Lo-
CoMo benchmark (Maharana et al., 2024), while
MemGPT manages a tiered memory system tested
on NaturalQuestions-Open (Liu et al., 2024b) and
multi-session chat datasets (Xu et al., 2021).

For episodic memory evaluation, (Huet et al.,
2025) proposes a specialized benchmark to as-
sess how LLMs generate and manage memories
that capture specific events with contextual details.
This benchmark utilizes synthetically created book
chapters and events with LLMs-based judge eval-
uation metrics to measure accuracy and relevance.
StreamBench (Wu et al., 2024a) represents a more
challenging setting, evaluating how agents lever-
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age external memory components—including the
memory of previous interactions and external feed-
back—to continuously improve performance over
time, with quality and efficiency assessed across
diverse datasets including text-to-SQL tasks (e.g.,
Spider (Yu et al., 2018)), ToolBench (Xu et al.,
2023), and HotpotQA (Yang et al., 2018).

Beyond context length optimization, mem-
ory mechanisms also enhance real-time decision-
making and learning in agent settings, focusing
on action optimization (Liu et al., 2024a; Shinn
et al.,, 2023; Wang et al., 2024b). For exam-
ple, Reflexion (Shinn et al., 2023) tracks suc-
cess rate on tasks like HotPotQA (Yang et al.,
2018) and ALFWorld (Shridhar et al., 2021), while
RAISE (Liu et al., 2024a) enhances the ReAct
framework with a two-part memory system evalu-
ated through human judgment on quality metrics
and efficiency. Similarly, KARMA (Wang et al.,
2024b) tests memory in household tasks using met-
rics such as success rate, retrieval accuracy, and
memory hit rate, demonstrating how memory mech-
anisms significantly improve agent performance
across diverse domains requiring complex reason-
ing and persistent information retention. LTM-
benchmark (Castillo-Bolado et al., 2024) evalu-
ates conversational agents through extended, multi-
task interactions with frequent context switching to
test long-term memory and information integration
capabilities. The results demonstrate that while
LLMs generally perform well in single-task sce-
narios, they struggle with interleaved tasks, and
interestingly, short-context LLMs equipped with
long-term memory systems can match or exceed
the performance of models with larger context win-
dows.

C Application-Specific Agents Evaluation

C.1 Scientific Agents

Scientific frameworks Complementing task-
level benchmarks, unified evaluation frameworks
are introduced to assess agents across sequen-
tial, end-to-end research workflows. These ef-
forts range from gym-style workflow simulators
(Nathani et al., 2025) and virtual discovery envi-
ronments (Jansen et al., 2024) to domain-focused
suites like LAB-Bench (Laurent et al., 2024) for bi-
ologically orientated evaluation. Such frameworks
enable holistic measurement of experimental de-
sign, iterative hypothesis refinement, and capabil-
ities central to autonomous, innovative scientific

discovery.

Deep Research Recently, research agents at the
intersection of search, web, and scientific agents
have become common, due to a wide commercial
offering. Such agents retrieve and synthesize in-
formation before returning comprehensive citation-
backed answers. This process poses a difficult eval-
uation task with multi-step, multi-faceted, time-
insensitive consideration. Patel et al. (2025) pro-
posed evaluating those agents based on three core
functions: retrieval quality, knowledge synthesis,
and verifiability. Gou et al. (2025) utilized agent-as-
a-judge for evaluation, and shows agents achieve
50 — 70% of human performance. This is an active
research field with many works (Wei et al., 2025;
Chen et al., 2025a; Xu et al., 2025a; Bosse et al.,
2025; Du et al., 2025).

D Generalist Agent Evaluation

Realistic Workplaces Benchmarks Another
venue of generalist agent evaluation focuses on re-
alistic workplaces with different roles and personas.
TheAgentCompany (Xu et al., 2024) simulates
a software company where agents must browse
internal sites, write code, and collaborate. CR-
MArena (Huang et al., 2025) replicates a Customer
Relationship Management environment, requiring
agents to use Ul and APIs, follow domain policies,
and integrate diverse data to complete enterprise-
level tasks.

E Benchmark Recommendations

Navigating the extensive landscape of agent evalu-
ation is a prerequisite for effective benchmarking.
In this section, we distill our survey findings into
actionable recommendations for practitioners and
researchers. Our selection criteria prioritize com-
munity adoption, active maintenance status, and
the reporting standards observed in recent litera-
ture from leading LLM and agent developers.

E.1 Web Agents

The choice of benchmark in this domain depends
heavily on the environment’s dynamicity and the
agent’s modality.

* Dynamic Interaction: WebArena remains
the leading option for agents operating in dy-
namic environments. We note that as of April
19, 2026, top performance has reached 74.3%,
based on a submission from February 2026,
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suggesting there is still room for improve-
ment.

* Static Evaluation: For offline evaluation us-
ing cached traces, Mind2Web remains the
standard.

¢ Online & Multimodal: For agents heavily
reliant on visual signals, WebVoyager is the
recommended choice. Researchers seeking
updated, reactive environments should also
consider the new but promising Mind2Web-
Live and Online-Mind2Web.

E.2 Software Engineering (SWE) Agents

SWE-bench Verified continues to serve as the
dominant gold standard for evaluating coding
agents. However, with top performances now reach-
ing approximately 80%, suggesting it is close to
being saturated.

e Higher Difficulty: We recommend SWE-
bench-pro (Scale) as a more rigorous alter-
native, where current state-of-the-art (SOTA)
performance hovers around 46%.

¢ Specialized Contexts: SWE-Lancer is valu-
able for evaluating freelance-style task com-
pletion, while Terminal Bench is essential for
agents specializing in command-line interface
(CLI) interactions.

* Multi options: Multilingual and multi-modal
focused benchmarks are mentioned in the pa-
per.

E.3 Scientific Agents

Evaluation in scientific domains is highly task-
dependent. In the main paper, we try to mention
the best options for each scientific task.

E.4 Conversational Agents

For agents requiring robust user simulation and
tool usage in dialogue, 7-bench is the community
standard. While current models achieve high suc-
cess rates on this benchmark, it remains the most
common option, and no widely adopted alternative
has yet emerged to displace it.

E.5 Generalist Agent Evaluation

For general-purpose agents, the recommendation
varies by the task focus and the agent’s interaction
interface:
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* Reasoning Focus: GAIA remains the pri-
mary recommendation for testing general log-
ical reasoning and tool selection.

* Tools Interface: AppWorld is the preferred
environment for agents that interact via coding
or structured tool calling.

* GUI Interface: For agents interacting via
User Interface, OS-World is the standard.

* Holistic Evaluation: For cross-benchmark
assessment, we recommend starting with the
HAL (Holistic Agent Leaderboard) frame-
work to standardize comparisons across these
disparate domains.



