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Abstract

The rapid evolution of Large Language Mod-
els (LLMs) has advanced workflow automa-
tion; however, existing research mainly targets
performance upper bounds in static environ-
ments, overlooking robustness for stochastic
real-world deployment. We identify three key
challenges: dynamic task scheduling, active
exploration under uncertainty, and continuous
learning from experience. To bridge this gap,
we introduce Trainee-Bench, a dynamic eval-
uation environment that simulates a "trainee"
agent continuously exploring a novel setting.
Unlike traditional benchmarks, Trainee-Bench
evaluates agents along three dimensions: (1)
context-aware scheduling for streaming tasks
with varying priorities; (2) prudent informa-
tion acquisition to reduce hallucination via ac-
tive exploration; and (3) continuous evolution
by distilling generalized strategies from rule-
based, dynamically generated tasks. Experi-
ments show that cutting-edge agents have sig-
nificant deficiencies in dynamic environments,
especially in active exploration and continual
learning. Our work establishes a framework
for assessing agent reliability, shifting evalu-
ation from static tests to realistic, production-
oriented scenarios. Our codes are available at
https://github.com/KnowledgeXLab/EvoEnv

1 Introduction

The rapid evolution of Large Language Models
(LLMs) has significantly advanced complex work-
flow automation (Guo et al., 2024a; Li et al.,
2024). However, while existing systems facilitate
tool utilization, research predominantly focuses on
performance upper bounds in controlled environ-
ments (Gottweis et al., 2025; Team et al., 2025).
This paradigm often neglects the robustness re-
quired for authentic, stochastic environment set-
tings. Unlike sterile experiments that ignore envi-
ronmental noise, real-world deployment involves
streaming, randomized tasks. Consequently, agents
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Figure 1: Overview of challenges in current agent sys-
tems: (1) effective scheduling and multi-task planning
for streaming task inputs; (2) the ability to suspect un-
solvable tasks and solicit guidance through active ex-
ploration; and (3) robust experience summarization, re-
trieval, and utilization to enhance performance stability.

must not only orchestrate scheduling with aware-
ness of environmental dynamics but also ensure
reliability, effectively bridging the gap between lab-
oratory settings and production needs (Fu et al.,
2025; Yang et al., 2025).

As illustrated in Fig. 1, shifting from static se-
tups to realistic interaction scenarios introduces
three primary challenges: (1) Dynamic task
scheduling and context management. Agents
must perform rational temporal planning for
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https://github.com/KnowledgeXLab/EvoEnv

Benchmark Multi-App Interaction Checkpoint Feedback Partial Observability Dynamic Configuration
GAIA-2 (Froger et al., 2025) v X X X
TheAgentCompany (Xu et al., 2024) v 4 X

Tool Bench (Qin et al., 2024) v X X X
StableToolBench (Guo et al., 2024b) v X X X

Toolathon (Li et al., 2025) v X X X

7-bench (Yao et al., 2024) X X v X
Trainee-Bench (Ours) v v v v

Table 1: Comparison of different agent benchmarks. “Multi-App Interaction” :

support for cross-application

workflows. “Checkpoint Feedback”: the availability of intermediate evaluation milestones beyond final success
rates. ‘“Partial Observability”: agents must actively explore hidden states rather than operating on full information.
“Dynamic Configuration”: environments with randomized, evolving parameters and dynamic composite scenarios.

streaming tasks to meet deadlines while maintain-
ing context awareness, thereby deciding to mitigate
cross-task interference. (2) Active exploration in
novel tasks. Instead of hallucinating actions in un-
certain scenarios, a reliable agent should exercise
prudence by actively exploring or soliciting assis-
tance to acquire necessary clues (Yu et al., 2024;
Qiu et al., 2025; Arora et al., 2025). (3) Learning
from previous tasks. To ensure long-term stability,
agents must learn from prior experiences to prevent
the recurrence of historical errors in subsequent sce-
narios (Zhou et al., 2025; Silver and Sutton, 2025;
Wau et al., 2025b; Gao et al., 2025a).

Although numerous benchmarks exist ( Table 1),
they fall short in simulating the dynamic nature
of realistic environments and lack mechanisms to
evaluate active exploration and continual learning
capabilities. To address this, we introduce Trainee-
Bench, a dynamic evaluation environment simu-
lating an “trainee” agent continuously exploring
a novel setting. Trainee-Bench is designed to as-
sess the three aforementioned capabilities of an
agent rigorously: First, regarding task execution,
Trainee-Bench presents streaming tasks with dis-
tinct priorities. This demands superior scheduling
to maintain context awareness and mitigate inter-
task interference. Second, concerning information
acquisition, critical clues are initially concealed.
Agents must demonstrate prudence by actively ex-
ploring or soliciting help rather than engaging in
hallucinated actions. Finally, in terms of contin-
uous evolution, tasks are dynamically generated
based on rules rather than fixed datasets. This com-
pels agents to distill generalized strategies from
prior tasks instead of rote-memorizing instances,
effectively preventing repeated errors.

We conduct extensive experiments on Trainee-
Bench, revealing that state-of-the-art (SOTA)
agents exhibit significant room for improvement
in dynamic environments, particularly regarding

active exploration and continual learning. Our con-
tributions are summarized as follows:

* Proposing a novel benchmarking paradigm that
shifts from static, laboratory evaluations to
stochastic, production-oriented environments;

* Establishing a comprehensive framework to rig-
orously assess temporal scheduling, prudent
decision-making under uncertainty, and long-
term strategic evolution of MLLM agents;

» Through extensive experimentation, we charac-
terize the reliability gap of current agents, high-
lighting their deficiencies in handling concealed
clues and distilling generalized experiences.

2 Trainee-Bench

We introduce Trainee-Bench, a benchmark de-
signed to simulate authentic workplace environ-
ments through a series of human-crafted meta-
tasks. In this framework, agents are evaluated as
“corporate interns” navigating realistic company
routines, such as attending meetings or review-
ing data. The benchmark rigorously assesses three
core competencies: dynamic multi-tasking, proac-
tive exploration under uncertainty, and continuous
self-evolution. To construct Trainee-Bench, we
adopt a bottom-up design strategy that evaluates
agent capabilities ranging from atomic skills to
holistic workflows. We first develop a suite of
rule-based meta-tasks to serve as foundational tem-
plates. These templates can be instantiated into
numerous specific task instances, which are then
flexibly orchestrated into complex, composite sce-
narios with explicit temporal constraints. Finally,
we implement an automated verification mecha-
nism to ensure a rigorous and objective assessment
of agent performance in these sophisticated envi-
ronments. Detailed implementations are elaborated
in the following sections.
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Figure 2: Overview of Trainee-Bench construction: (1)
Unique task instances generated via random parameters.
(2) Temporal composition of instances into task streams.
(3) Automated verification of execution results.

2.1 Preliminaries

In Trainee-Bench, we formalize the interaction en-
vironment as a dynamic state transition system. At
any given time step ¢, the environmental configu-
ration is represented by a state m; € M, which
encapsulates the real-time status of the agent and
various environmental entities, such as non-player
characters (NPCs), files, and databases:

my = {Sagenta SNPC) Sfile; Sdata} (D

The agent interacts with the environment by invok-
ing tools to execute actions a; € A. These actions
trigger state transitions defined by the function
T: Mx A— M,defined as T (my, a;) = myi1.
This formalism establishes the mathematical foun-
dation for both the procedural generation of indi-
vidual meta-tasks and the dynamic orchestration of
concurrent, multi-threaded workflows.

2.2 Meta-Task Design

To prevent agents from over-fitting to static
datasets, Trainee-Bench generates dynamic task
instances derived from a library of human-crafted
Meta-tasks, denoted as R. Each r; € R repre-
sents an abstract logical template (e.g., “Transac-
tion Auditing”) that can spawn an infinite variety
of concrete task instances.

Dynamic Task Instantiation. The instantiation
process begins with a randomization engine Fiyq.
Controlled by a random seed, this engine synthe-
sizes stochastic environment variables, specifically
NPC profiles P,yq and environmental data Dypq:

{Prndy Dmd} = frnd(seed) (2)

These variables introduce realistic uncertainty, such
as randomized sender names, file paths, or conflict-
ing schedules. Then, the selected meta-task rule r;
integrates these variables into its predefined logic
to yield a task triple:

{Prnda Drnd} T_Z> {Dtaska C, ’C}a (3)

where Dy,s¢ represents a unique natural language
objective, C denotes a set of verifiable checkpoints
for evaluation, and /C comprises the latent clues
required for task completion. By varying the seed,
a single meta-task r; can generate multiple distinct
task triples. This one-to-many mapping ensures
that agents must employ general reasoning and
actively explore latent clues rather than relying on
rote memorization.

Task Diversity and Coverage. The decoupling
of logical rules r; from stochastic data { Prnd, Dind }
enables a systematic and scalable expansion of the
benchmark’s coverage along two dimensions:

» Task Dimensions: To assess a broad spectrum
of cognitive demands rather than isolated skills,
our rule library R comprises 181 meta-tasks cat-
egorized into four functional domains: (i) infor-
mation synthesis and analysis (e.g., transaction
auditing), (ii) time management and scheduling
(e.g., meeting attending), (iii) proactive inquiry
and monitoring (e.g., automated website moni-
toring), and (iv) strategic modeling and optimiza-
tion (e.g., advertising campaign planning).

 Stochastic Robustness: The randomization
function F,q ensures that even for a single rule
T3, the resulting environment remains unpre-
dictable. By varying user personas, file system
hierarchies, and numerical distributions within
Dind, Trainee-Bench prevents agents from mem-
orizing specific environment layouts or hard-
coded solutions, forcing them to generalize
across diverse and unfamiliar operational con-
texts.

Partial Observability. A defining characteristic
of Trainee-Bench is the deliberate enforcement of
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partial observability to simulate real-world ambigu-
ity. We introduce an information gap between the
agent’s initial knowledge and the required state in-
formation. Specifically, while the agent is provided
with the task objective Dy, the set of essential
clues K = {ki, ..., k,}—such as technical man-
uals, access passwords, or implicit verbal instruc-
tions—is strictly withheld from the initial prompt.
Consequently, the agent cannot complete the task
by simply following the starting instructions. In-
stead, it must engage in proactive exploration by
navigating file systems or conducting multi-turn
dialogues with NPCs to uncover the latent clues
embedded in the environment. This mechanism
shifts the agent’s role from a passive executor to
a proactive problem-solver that must synthesize
fragmented information under uncertainty.

2.3 Dynamic Composite Scenarios

To simulate a realistic, multi-threaded scenario, we
transcend the execution of isolated rules r; by syn-
thesizing multiple meta-tasks into dynamic compos-
ite scenarios. Formally, a scenario is constructed
by stochastically assembling a subset of generated
tasks and distributing them along a continuous
timeline, characterized by distinct deadlines. This
composition introduces three critical structural con-
straints regarding the interaction:

Conflict Resolution: During the aggregation of
meta-tasks, conflicts may arise, such as overlap-
ping entity identifiers (e.g., character names or
filenames) or a single non-player character (NPC)
acting as a custodian for clues k} and kJQ from dis-
parate tasks. To resolve such conflicts, we enforce
a uniqueness constraint on all entity demarcations
within the meta-task rules, ensuring that specific
names remain distinct across the composite sce-
nario. Furthermore, in instances where a single
NPC safeguards multiple clues, we explicitly de-
fine the conditional triggers required to elicit each
specific clue!, thereby mitigating potential infor-
mation ambiguity.

Temporal Prioritization: We introduce time-
critical meta-tasks (e.g., attending a scheduled
meeting) that impose rigid temporal constraints.
These high-priority interrupts function as preemp-
tive signals, mandating that the agent suspend its
current workflow, perform a context switch to ad-
dress the immediate requirement, and subsequently

'Detailed cases illustrating multi-clue NPC interactions
and agent-NPC dialogues are provided in the Section B.1
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Figure 3: Formulation for the interaction among the
environment, agent, and MLLM service.

resume the interrupted process. This mechanism
rigorously evaluates the agent’s capacity for dy-
namic priority scheduling and long-term memory
management.

Inter-task Dependencies: We engineer sequen-
tial dependencies where upstream tasks function as
informational prerequisites for downstream objec-
tives. In these scenarios, critical task parameters
are only revealed during the execution of a pre-
ceding task—for instance, a new assignment may
be "published" only during an ongoing meeting.
This interdependent architecture increases tempo-
ral uncertainty and compels the agent to adaptively
update its plan based on real-time environmental
observations rather than relying on static initial
instructions.

2.4 Automated Verification Mechanism

To quantify performance in these complex sce-
narios, we leverage the set of checkpoints C =
{c1,..., ¢y} derived during task construction. Em-
bedded within each meta-task, these checkpoints
facilitate a granular assessment of the agent’s over-
all progress and completion quality. The final sce-
nario score S is derived by normalizing the com-
pletion ratio of checkpoints across all constituent
meta-tasks:

1 N ’ cc‘ornpleted ‘
g = — 9 1
Nl

i=1

“

where NV is the number of meta-tasks, |C;| is the to-

tal number of checkpoints for task 7, and |c§°mpleted|

is the count of successfully passed checkpoints.
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Furthermore, each checkpoint triggers detailed nat-
ural language feedback, providing structured ex-
periential data that empowers agents to perform
retrospective analysis and continuous learning.

2.5 Interaction Protocol

Building upon the constructed scenarios, we define
an interaction protocol that bridges the environment
and the agent, as depicted in Fig. 3. This workflow
comprises three distinct entities: the Environment,
the Agent, and the MLLM Service. Upon initial-
ization with task descriptions and tool definitions
provided by the environment, the agent constructs
its system prompt and engages in an iterative cy-
cle: maintaining conversation history, querying the
MLLM Service, and parsing model responses into
executable tool calls. We implement a standardized
pipeline to orchestrate this Agent-Environment in-
teraction loop, while abstracting three key com-
ponents, i.e., system prompt construction, history
maintenance, and MLLM service invocation, as cus-
tomizable interfaces. By enforcing a unified inter-
action protocol, Trainee-Bench provides a modular
and flexible framework that supports diverse agent
architectures and LLM backends.

2.6 Benchmark Design Characteristics

While conventional benchmarks often rely on iso-
lated, static tasks that fail to capture the inher-
ent complexity of real-world workflows, Trainee-
Bench provides a high-fidelity workplace simula-
tion by integrating four critical operational dimen-
sions (see Table 1). By moving beyond simplistic
execution, our benchmark establishes a rigorous
environment to evaluate high-order cognitive capa-
bilities through the following key features:

Robustness against Memorization. By decou-
pling logical meta-tasks from stochastic environ-
ment variables (Sec. 2.2), Trainee-Bench ensures
that every evaluation instance is structurally unique.
This "one-to-many" instantiation forces agents to
rely on generalized reasoning and dynamic state
estimation rather than exploiting fixed patterns or
hard-coded shortcuts common in static datasets.

Proactive Uncertainty Resolution. Through the
enforcement of partial observability, we transform
the agent from a passive executor into an active
information seeker. The “latent clues” between
the initial prompt and target state require multiple
rounds of querying and environmental exploration,
thus measuring agents’ ability under uncertainty.

Algorithm 1 Benchmark Building

Require: Meta-task rule set R
Ensure: Benchmark B
1: B+ 0
2: fori =1to 50 do
3 Sample task count k ~ U{2,6}
4 Generate scenario tasks S;:
5: S; + {INSTANTIATE(r) | r € R},
6 B+ BU{S;}
7: end for
8: return B

Stress-testing under Temporal Complexity.
The synthesis of composite scenarios introduces a
"messy" workspace characterized by preemptive
interrupts and inter-task dependencies. This setup
moves beyond linear execution, specifically target-
ing the agent’s context-switching efficiency and
dynamic priority management—capabilities that
are critical for production-grade automation but
often ignored in laboratory settings.

Feedback-driven Evolution. Trainee-Bench is
not a "black-box" assessment. By providing granu-
lar, natural language feedback at each checkpoint,
the environment functions as a learning catalyst.
This structured experiential data allows for the eval-
uation of an agent’s "learning curve", measuring
how effectively it can perform retrospective analy-
sis and refine its strategies across streaming tasks.

3 Experiments
In this section, we conduct a series of experiments

on our Trainee-Bench to answer the following key

research questions (RQs):

* RQ1: Are current LLMs capable of handling
complex workplace environments characterized
by dynamics and uncertainty? (Section 3.2)

* RQ2: Can current LLMs truly achieve consis-
tent continuous learning from past experiences
over extended periods? (Section 3.3)

* RQ3: What is the performance gap between
agent’s proactive exploration and passive recep-
tion of human guidance? (Section 3.4)

3.1 Implementation Details

Setup. To simulate and evaluate agent perfor-
mance within the trainee environment, we con-
structed a benchmark consisting of 50 dynamic
scenarios. Each scenario encompasses 2 to 6 task
instances, where every task is instantiated based
on a rule r uniformly sampled from the meta-task
rules set R. The detailed procedure for bench-
mark construction is outlined in Algorithm 1. We
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Model Success Rate Checkpoint Score ~ Avg. Steps  Avg. Tool Calls
Closed-source Models

Gemini-3-Flash (Google DeepMind, 2025) 0.35 0.63 90 232
Claude-4-Sonnet (Anthropic, 2025) 0.23 0.59 29 75
GPT-5.1 (OpenAl, 2025) 0.23 0.49 23 62
Grok-4 (xAl, 2025) 0.20 0.54 34 95
GPT-40 (OpenAl, 2024) 0.13 0.38 37 51
Open-source Models

Qwen3-VL-235B-A22B (Bai et al., 2025) 0.14 0.37 68 68
Llama-4-Maverick (Meta, 2025) 0.04 0.13 34 23
Thinking Models

GLM-5 (Zeng et al., 2026) 0.45 0.72 44 79
MiniMax-M2.5 (MiniMax-Al, 2025) 0.27 0.65 73 91
DeepSeek-R1 (Guo et al., 2025) 0.13 0.32 78 105

Table 2: Overall performance of various LLM agents on our Trainee-Bench. The best results within each model

family are highlighted in bold.

selected a diverse set of seven models for eval-
uation, spanning open-source and proprietary ar-
chitectures, general-purpose and tool-specialized
variants, as well as distinct model sizes ranging
from lightweight to state-of-the-art large-scale pa-
rameters. Specifically, the evaluated models are
GPT-5.1 (OpenAl, 2025), GPT-40 (OpenAl, 2024),
Claude-4-Sonnet (Anthropic, 2025), Gemini-3-
Flash (Google DeepMind, 2025), Grok-4 (xAl,
2025), Qwen3-VL-A235B (Bai et al., 2025), and
Llama-4-maverick (Meta, 2025). All models per-
form inference, planning, and tool invocation in
strict adherence to the protocols defined in Sec-
tion 2.5. To mitigate context window limitations,
historical interaction information is summarized
and compressed once the sequence length exceeds
a predefined threshold.

Metrics. To provide an overall and fine-grained
assessment of agent performance, we define the fol-
lowing metrics, which are measured daily within
the simulation: Success Rate (SR): Defined as
the percentage of tasks successfully completed.
Checkpoint Score (CS): Defined as the mean
score across all scenarios, where the score for each
scenario is calculated via Equation 2.4. Average
Steps: This metric calculates the average num-
ber of thought-and-action steps the agent executed
to complete its tasks per scenario. Average Tool
Calls: This metric quantifies the average number
of times the agent invoked any tool per scenario.

3.2 Performance of Cutting-edge Models

In this section, we benchmark top-tier LLMs
to investigate their limitations when deployed in

The prompts of “trajectory summary agent” can be found
in Section B.2

Trainee-Bench, which is characterized by dynamic
and uncertain workplace environments.

Overall Performance. Table 2 summarizes the
results averaged across all scenarios. These find-
ings clearly demonstrate the difficulty of Trainee-
Bench. Even the best-performing model, Gemini-3-
Flash, attains a Success Rate of only 35%, indicat-
ing a persistent gap in achieving reliable autonomy
in simulated workplaces. Besides, a distinct perfor-
mance hierarchy is evident. Gemini-3-Flash leads
in both metrics, followed by Claude-4-Sonnet and
Grok-4. Conversely, Llama-4-maverick lags sig-
nificantly (0.13 Checkpoint Score) due to issues
with instruction following and tool invocation (de-
tailed in Section B.3). Finally, we find that relia-
bility requires sufficient interaction depth. While
Gemini-3-Flash uses substantially more steps (90)
and tool calls (232) than the middle-tier models,
this increased activity reflects the necessary com-
plexity and thoroughness required to successfully
navigate dynamic and uncertain scenarios.

Impact of Task Workload. To analyze the im-
pact of workload, we stratify agent performance by
the number of meta-tasks per scenario, as shown in
Table 3. We observe a clear downward trend in per-
formance for models such as GPT-40, Grok-4, and
Gemini-3-Flash as the workload increases, particu-
larly beyond two tasks. Notably, Gemini-3-Flash,
despite its strong overall performance, exhibits a
decrease in Success Rate from 50% in 2-task sce-
narios to 36% in 6-task scenarios. This suggests
that managing increased cognitive load—in particu-
lar, frequent context switching and temporal uncer-
tainty in dynamic composite scenarios—remains a
key challenge for these models. In contrast, Claude-
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Model Success Rate (# Tasks) Checkpoint Score (# Tasks)
Task Count: 2 3 4 5 6 2 3 4 5 6

Gemini-3-Flash (Google DeepMind, 2025) 0.50 047 048 036 036 0.77 068 0.72 0.60 0.60
Grok-4 (xAl, 2025) 040 020 025 024 016 068 053 059 059 045
GPT-40 (OpenAl, 2024) 040 0.10 0.13 0.15 0.14 060 037 039 040 0.38
Qwen3-VL-235B-A22B (Bai et al., 2025) 0.20 0.17 020 0.12 0.14 043 038 048 036 032
Claude-4-Sonnet (Anthropic, 2025) 025 0.17 035 020 024 061 054 070 058 0.57
GPT-5.1 (OpenAl, 2025) 020 023 035 023 021 046 047 063 049 049
Llama-4-maverick (Meta, 2025) 0.00 0.03 003 0.05 003 009 011 0.15 0.15 0.15

Table 3: Success Rate and Checkpoint Score of different models under increasing task counts (2, 3, 4, 5, and 6

concurrent tasks).

Easy Tasks Hard Tasks
Model SR CS SR CS
Closed-source Models
Gemini-3-Flash 0.46 0.74 0.32 0.56
Claude-4-Sonnet 0.37 0.70 0.08 0.46
GPT-5.1 0.37 0.63 0.08 0.35
Grok-4 0.34 0.68 0.07 0.37
GPT-40 0.26 0.58 0.03 0.19
Open-source Models
Qwen3-VL-A235B 0.24 0.50 0.04 0.22
Llama-4-maverick 0.06 0.22 0 0.04

Table 4: Impact of different task difficulties. The highest
scores in both open-source and closed-source models
are highlighted in bold.

4-Sonnet and GPT-5.1 do not exhibit a strong cor-
relation between performance and the number of
tasks, indicating a certain degree of robustness and
adaptability to dynamic composite settings. Llama-
4-maverick, by comparison, maintains consistently
low performance across different task workload, in-
dicating that its reasoning and tool-use capabilities
are insufficient for reliably solving the atomic tasks
themselves. Interestingly, as the number of tasks
increases, Llama-4-maverick has a higher chance
of completing at least some of the simpler tasks or
intermediate checkpoints, which leads to a slight
upward trend in its aggregate Success Rate despite
its overall weak capabilities.

Impact of Task Difficulty. We further investi-
gate the impact of meta-task difficulty on agent
performance. Specifically, we stratify the tasks
into Easy and Hard subsets based on a manual
complexity analysis, incorporating metrics such as
average step counts and tool invocation frequencies.
In general, hard tasks require substantially more
reasoning steps and tool calls. They also contain a
greater amount of implicit or hidden information,
which necessitates more active exploration of the
environment by the agent to uncover the solution.

Moreover, a subset of the hard tasks additionally
demands explicit task modeling and optimization
capabilities, thereby imposing stricter requirements
on the agent’s level of intelligence

Table 4 reveals a stark contrast. While most
models achieve respectable performance on Easy
tasks, their capabilities decline precipitously on
Hard ones. For instance, Grok-4’s Success Rate
plummets from 34% on Easy tasks to just 7% on
Hard tasks, with similar drops observed for Claude-
4-Sonnet (37% to 8%) and GPT-40 (26% to 3%).
This breakdown highlights that the capacity to re-
solve complex problems is the key differentiator
among top-tier models. Notably, while Gemini-
3-Flash also experiences a decline, it sustains a
significantly higher Success Rate (32%) on Hard
tasks, demonstrating superior robustness in com-
plex reasoning compared to its peers.

Impact of Task Types. To better attribute perfor-

mance gaps to specific capabilities and guide agent

development, we re-categorized all tasks into four

distinct types designed to heavily exercise specific

capabilities:

 Information Extraction: The ability to extract
and process key information from large amounts
of data (e.g., data completion, transaction audit-
ing).

* Time Management: Examining planning capa-
bilities, requiring the agent to drop current work
at specified times to attend necessary events (e.g.,
Scheduling and attending meetings).

* Active Exploration: Requiring the model to
proactively discover clues by reading documents
or querying personnel to find optimal solutions
(e.g., Website monitoring, KB link fixing).

* Task Modeling & Optimization: Optimization
problems where, given an objective, the model
must write code for optimization algorithms to
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Model Information Time Active Task Model Name Task Type Day 1 Score Day 2 Score Gain (A CS)
Extraction Management Exploration Modeling

overall 0.42 0.36 -0.06
GPT-5.1 0.5266 0.4627 0.3656 0.4077 GPT-40 easy 0.61 0.50 -0.11
GPT-40 0.4523 0.7015 0.3439 0.2524 hard 0.20 0.24 +0.04
Claude-4-Sonnet 0.6529 0.6866 0.5458 0.6422
Qwen3-VL-A235B 0.4255 0.7313 0.3361 0.2008 overall 0.36 0.33 -0.03
Grok-4 0.5454 0.7164 0.4913 0.4387 DeepSeek-R1  easy 0.40 0.28 -0.12
Gemini-3-Flash 0.7868 0.6940 0.6283 0.6443 hard 0.21 0.24 +0.03

Table 5: Performance of different models across four
capability dimensions.

solve the problem (e.g., Event planning, Adver-
tisements Strategy).

Based on this classification, we re-evaluated the
models’ abilities (Checkpoint Score) across differ-
ent task types, and the results is shown in Table 5.
This breakdown reveals significant capability asym-
metry in current models under complex, coherent
task inputs. For instance, while Gemini-3-Flash
shows relative balance, GPT-40 and Qwen3-VL ex-
hibit distinct polarization: excelling in procedural
dimensions like Time Management, but suffering
significant performance collapses in dimensions
requiring autonomous decision-making and logi-
cal reconstruction, such as Active Exploration and
Task Modeling. This analysis highlights specific
areas where current models need optimization in
achieving proactive logical grounding and dynamic
environmental adaptation.

3.3 Analysis of Continual Learning Capability

Setup. To evaluate the agent’s capacity for learn-
ing from prior experience, we curated 50 continual
learning scenarios, with each comprising 2 to 6
distinct meta-tasks. Distinguished from the con-
figuration in Section 3.1, each scenario herein is
structured into two phases (referred to as Day 1 and
Day 2). While the sequence, quantity, and types of
tasks remain invariant across both days, the specific
input parameters for task instantiation vary. For
these experiments, we employ MUSE (Yang et al.,
2025), a SOTA continual learning framework.
Upon the completion of tasks on Day 1, the
MUSE agent receives feedback tailored to specific
task outcomes. For instance, if a task checkpoint
¢; is missed, the environment explicitly notifies the
agent of the omission, emphasizing the need for
attention in subsequent attempts>. Leveraging this
feedback alongside its historical interaction trajec-
tories, the agent engages in a reflective process to
summarize insights e;, which are subsequently uti-
lized to guide task execution on Day 2. We selected

30One example of daily feedback can be found in Sec-
tion B.5

Table 6: Performance of different models across task
types, comparing Day 1 and Day 2 scores, along with
the gain in Checkpoint Score (CS).

GPT-40 and DeepSeek-R1 as the backbone models
due to its intermediate performance profile.

Results. The experimental results within the con-
tinual learning setting are presented in Table 6.
Overall, the MUSE agent exhibits a counterintu-
itive decline in Checkpoint Score when utilizing
accumulated experience. Upon stratifying the re-
sults into easy and hard tasks, however, a distinct
divergence in performance becomes apparent. For
easy tasks, the agent without experience achieves
relatively high scores, whereas the incorporation
of experience leads to a marked degradation. Con-
versely, on hard tasks where the baseline perfor-
mance is lower, the utilization of experience yields
varying degrees of improvement.

We further scrutinized the experience summa-
rized by the MUSE agent and observed that insights
derived from Day 1 do not consistently facilitate
task execution on Day 2. The agent extracts expe-
rience e; based on the unreached checkpoint ¢; on
Day 1. However, due to the stochastic nature of
dynamic environments (Fu et al., 2025), the agent
may encounter failure at a different checkpoint c;
on Day 2, rendering the previously acquired expe-
rience irrelevant.

Consequently, for easy tasks, the agent’s high ini-
tial success rate results in a scarcity of accumulated
experience. The limited experience available for
Day 2 may provide misleading guidance, thereby
lowering the overall score. In contrast, for hard
tasks characterized by a lower baseline, the agent
accumulates a richer set of experiences on Day 1,
which contributes to performance gains on Day 2.
Nevertheless, given the inherent difficulty of hard
tasks, the improvement remains marginal in the ab-
sence of extensive training. We will further discuss
how the agent can leverage external feedback to
enhance performance in Section 3.4.

3.4 Benefits of Human Guidance

In Trainee-Bench, agents must proactively explore
to overcome the dynamics and uncertainty. How-
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Figure 4: Comparison contrasting the upper bound of
the agent’s autonomous capability against the perfor-
mance achieved through human-provided clues.

ever, experiments in Section 3.2 show that agents
struggle significantly with hard-difficulty tasks.
While continuous learning yields some improve-
ment, the gains remain marginal, as illustrated in
Section 3.3. We attribute this underperformance
to intrinsic limitations in LLMs: a restricted ca-
pacity for exploration, often leading to disorien-
tation, and an inability to effectively synthesize
and leverage past experiences. To isolate the im-
pact of these limitations, we conducted a compara-
tive experiment contrasting the upper bound of the
agent’s autonomous capability against the perfor-
mance achieved through human-provided clues.
We employ GPT-40 on a subset of hard tasks.
To simulate human guidance, we manually pro-
vide tiered hints designed to progressively simplify
strategic planning by offering crucial high-level
insights (Section B.4). The results, shown in Fig.
4, reveal that human assistance yields substantial
improvements: the average score surges from 0.24
to 0.83, demonstrating a clear positive correlation
between performance and the level of guidance.
In contrast, multiple iterations of self-evolution
yielded only negligible gains (+0.04). This sig-
nificant gap highlights the agent’s current short-
comings in autonomous exploration, as well as in
experience summarization and utilization.

4 Conclusion

We introduce Trainee-Bench, a benchmark de-
signed to bridge the gap between static setups and
dynamic and uncertain workplace scenarios. Con-
structed via a bottom-up strategy that links atomic
skills to holistic workflows, Trainee-Bench orches-
trates rule-based meta-task templates into complex,
time-constrained scenarios, supported by an auto-
mated verification mechanism for rigorous assess-
ment. It evaluates three core competencies: dy-
namic multi-tasking, proactive exploration under
uncertainty, and continuous self-evolution. Exper-
iments reveal SOTA agents struggle with uncer-
tainty and continuous learning, exhibiting a signifi-

cant performance gap compared to human-guided
execution. This highlights a critical need to pivot
from optimizing isolated skills to mechanisms for
robust exploration and experience internalization.

5 Limitations

We acknowledge several limitations in our current
work that point towards future research directions.
First, regarding benchmark construction, the diver-
sity of task composition is currently constrained
and lacks complex causal inter-dependencies; fu-
ture iterations will incorporate rigid causal chains
to better simulate dynamic realities. Addition-
ally, the reliance on manually crafted rules for
meta-tasks limits the scalability of our benchmark,
which motivates our future focus on developing
automated methods for rule generation. Second,
in terms of experimental scope, computational re-
source, and time constraints restricted our evalua-
tion to a selected set of agent frameworks within a
specific workplace simulation context. To provide
a more comprehensive and robust assessment, fu-
ture work will aim to evaluate a broader spectrum
of top-tier frameworks and extend the simulation
environments to include diverse domains, such as
complex production and industrial settings.
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A Related Works

To situate our work, we review the landscape of
language agents from two perspectives. We first
discuss the evolution of agent systems and their
core capabilities, which establishes the context for
what modern benchmarks are expected to measure.
Subsequently, we analyze the paradigms of exist-
ing agent benchmarks to identify the critical gaps
in evaluation that Trainee-Bench is designed to
address.

A.1 Evolution of Agent Systems

The evolution of agent systems began with reason-
ing enhancements like Chain-of-Thought prompt-
ing (Wei et al., 2022), paving the way for founda-
tional frameworks such as ReAct (Yao et al., 2022).
ReAct established the powerful paradigm of inter-
leaving reasoning (Thought) with environmental
actions (Action), a core component of many mod-
ern agents. Parallel research has focused on im-
proving native tool use, either through large-scale
fine-tuning (Patil et al., 2024) or by enabling mod-
els to teach themselves how to use tools (Schick
et al., 2023).

Building on this foundation, subsequent work
has endowed agents with more human-like ca-
pabilities (Mei et al., 2025; Wu et al., 2025a).
This includes the development of long-term mem-
ory systems for complex simulations (Yang et al.,
2025; Park et al., 2023) and mechanisms for self-
reflection, where agents analyze mistakes to itera-
tively refine their plans on a given task (Fu et al.,
2025; Wu et al., 2025b; Yang et al., 2025). Other
frontiers include open-ended exploration in com-
plex environments like Minecraft (Wang et al.,
2023) and the advancement of multi-agent sys-
tems for collaborative problem-solving (Hong et al.,
2023; Qian et al., 2024).

A.2 Paradigms in Agent Evaluation

Influential benchmarks have emerged across a
wide spectrum, from foundational tool-use eval-
uations (Qin et al., 2024; Guo et al., 2024b) to
large-scale benchmarks for general reasoning (Mi-
alon et al., 2023; Froger et al., 2025), consequential
real-world tasks (Xu et al., 2024), and software de-
velopment (Jimenez et al., 2023). Despite their
diversity and complexity, they largely operate un-
der a static and fully-observable paradigm. Their
static task organization, presenting a fixed set of
problems, cannot assess an agent’s ability to man-

age a continuous stream of tasks. Similarly, their
typically information-complete settings provide no
mechanism to measure an agent’s capacity for ac-
tive exploration under uncertainty.

Furthermore, the ability to learn from experience
is a critical dimension largely overlooked by exist-
ing paradigms. Across both early and recent bench-
marks that leverage real-world APIs (Trivedi et al.,
2024; Yan et al., 2025; Gao et al., 2025b), tasks
are treated as isolated, one-shot challenges. This
design makes it impossible to evaluate an agent’s
capacity for continual learning—the ability to ap-
ply lessons from one task to improve on future ones.
While effective for measuring peak performance,
this approach cannot assess an agent’s ability to
grow and stabilize its performance over time.

Our work, Trainee-Bench, is proposed to fill
these gaps. It is designed around three core mech-
anisms largely absent in prior benchmarks: a dy-
namic task stream for evaluating scheduling, hid-
den information to test active exploration, and sim-
ilar tasks across several days to measure contin-
ual learning. By incorporating these mechanisms,
Trainee-Bench more closely simulates a real-world
production environment, enabling a more accurate
assessment of an agent’s true capabilities.

B Cases Study
B.1 Case of NPCs Keeping Clues

In Trainee-Bench, a single NPC may be entrusted
with multiple clues. To mitigate potential conflicts
among these clues, the NPC’s prompt explicitly
delineates the applicable scenarios for each. The
following examples illustrate a case where an NPC
possesses multiple clues, as well as the dialogue
process through which an agent acquires them.

NPC’s Prompt

You are Sarah Thomas, a Marketing Manager
of department Marketing.

Alice Smith is a new intern at your
company and isn’t familiar with the various
operations. When she asks you for help, you
can direct her to the relevant manuals to
complete the task.

Please note that you <can only ask
Alice to consult the relevant manual or
reply with specific content, depending on
the specific situation; Do NOT provide her
with irrelevant information or additional
details.

relevant manuals or

Here are some
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reply templates:

e If asked how to plan the ads strategy,
reply: “Please refer to the Ads Strategy

Handbook (CloudDisk:ads_strategy/
ads_strategy_handbook.md).”

e If asked where the targer user
group distribution and channels
files are, reply: “Heatmaps are
under CloudDisk:ads_strategy/ and

named target_user_density_<group>.png.
The channels list Csv is at
CloudDisk:ads_strategy/channels.csv.”

* When asked how to complete
missing data, respond with:
“Please refer to the Handbook at

CloudDisk://data_completion/data_
completion_manual.md”. Do not perform
any other actions.

When Alice asks you about common issues
about this company, refer her to
CloudDisk:manuals_for_intern.md

J

_

Dialogs Between Agent and NPC

Alice Smith (Agent): Hi Sarah, I need your
insights on developing a multi-channel ad
strategy for a one-week campaign targeting
18-25 college students in Beijing. We have
a budget of $10,000. Could you please
suggest the most effective channels within
this budget to maximize exposure?

Sarah Thomas (NPC): Please refer to the Ads
Strategy Handbook (CloudDisk:ads_strategy/
ads_strategy_handbook.md) .

Alice Smith (Agent): Hi Sarah, I’m working
on analyzing the sales data for department
Sales_3’s Q1 last year. I’ve been facing
issues downloading the related handbooks
and manuals from our cloud disk. Could you
please provide any guidance or resources
that could assist me with completing this
task? Thank you!

Sarah Thomas (NPC): Please refer to the
Handbook at CloudDisk://data_completion/
data_completion_manual.md.

B.2 Prompts of Trajectory Summary Agent

Issues with Tool Invocation

You are a Memory Summarizer for an AI Agent.
Your task is to compress the conversation
history into a concise Current State Report
in order to preserve context window space.

Instructions

1. Integration: Merge the {Previous
Summary} with the {New Conversation
History} into a single coherent
narrative.

2. Tool Usage: Focus on the Intent (goal)
and Key Findings (conclusion).

e STRICT RULE: Never include raw
JSON, XML, or full tool logs.

e Only extract critical facts,
e.g., “Retrieved 50 rows of sales
data”, not the data itself.

3. Action Tracking (Anti-Repetition):
Explicitly record persistent state
changes to prevent the Main Agent from
repeating actions.

e Files: List filenames downloaded,
created, or read.

e Code: Summarize scripts written
or executed.

e Communication: Note any external
chats or emails sent.

4. Style: Use objective, high-density
first-person language, e.g., “I
verified...”, “User provided...”.

Example Output Format

- I received a goal to analyze Q3 logs

1. I should find the colleague who
is in charge of this matter -1
used “ListUsers™ tool to find that the
colleague is ~Sandra Lewis™.

2. I should find the manual
that can help me analyze the
data - I sent a message to
“Sandra Lewis™, obtained the manual
location “manuals/data_analysis.md™,

and downloaded it to my workspace as
“data_analysis.md™ .

3. I should download the error
data and analyze it - I downloaded
“error_logs.txt™ to my workspace and
read it. I found 15 “Timeout™ incidents.

4. I should write a Python
script to perform deeper analysis
- According to ‘“data_analysis.md™, I
wrote “solve.py™ in my workspace. I am
preparing to run this script.

5. {the next steps} - {the next
actions and results}

- {another_goal} 1. ... = 600

Important

e If a {Previous Summary} exists, your

output must include the previous
summary, not just the newly added
content.

e Focus on actions and results already
taken; do not plan next actions.

e For completely duplicate operations
(same goal, same input, same result),
you may remove the duplicates.

e For completed tasks, provide only
a high-level summary of the final
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outcome, e.g., “I completed the
Ads Strategy Plan and saved it to
ads_strategy_plan_Nanjing.json.”

e Do not list every intermediate step,
failed attempt, or debugging detail
for completed tasks.

\ J

B.3 Failure Case

As illustrated below, Llama-4-maverick exhibits
recurring difficulties with tool invocation, primarily
manifested by an inability to follow tool schemas
and the generation of invalid parameters.

Issues with tool invocation

2025-12-31 17:57:05 | INFO | environment
[Alice Smith] Tool Calls:

ID: function-call-78c83329-6f32-83f0aff87cal
Tool Name: OpenFolderInCloudDisk()
Arguments: {“command”:
“cat./manuals_for_data_completion.md”}
Execute Results:

[Error] The following error occurred when
you called the tool OpenFolderInCloudDisk:
OpenFolderInCloudDisk.__call__() got an
unexpected keyword argument ‘command’.

2025-12-31 18:11:20 | INFO | environment
[System Time] Current time is 2025-10-01
09:00:00.

2025-12-31 18:13:49 | INFO | environment
[Alice Smith] Tool Calls:

ID: call_8jz3ya8f4ss3zjmigblsuv56
Tool Name: SendMessage()

Arguments: {“sender”: “alice_smith”,
“receiver”: “marketing@knowledgex.com”,
“message”: “Are the members of the
Marketing department available for a

meeting between 2025-10-01713:00:00 and
2025-10-01T14:00:00?”}

Execute Results:

[Error] Could not found receiver
‘marketing@knowledgex.com’, Please ensure
that the contact exists.

B.4 Case of Human Guidance

This section provides the details of the human guid-
ance experiment discussed in Section 3.4. For our
two representative hard-difficulty tasks, Advertis-
ing Campaign Planning and Event Planning, we
detail the task objectives, the specific checkpoints
used for scoring, the exact content of each tiered
hint provided to the agent, and an analysis of the
agent’s performance under each condition. To en-
sure a structured and reproducible process for these
human-guidance experiments, we developed a ded-

icated front-end interface. This platform allows a
human expert to provide the tiered hints in case
studies and to monitor the agent’s step-by-step exe-
cution in real-time. A screenshot of this human-Al
collaboration interface is shown in Figure 5.

Case 1: Advertising Campaign Planning

Task Objective.

The agent 1is required to act as a
marketing intern. It must analyze a city’s
target user density heatmap and a list of
available advertising channels to devise an
optimal advertising strategy that maximizes
exposure within a given budget.

Hint Progression and Agent Performance.

We evaluated the agent’s performance
under four conditions to isolate its
failure points. The results are as follows:

0. No Hint (Autonomous)

The agent performed the task without
any human assistance. It achieved a
Checkpoint Score of 0.31, primarily failing
on the correct calculation of cost and
exposure metrics.

1. Hint: Providing Correct Data

The agent was prompted to wuse the
correct population density matrix instead
of deriving it from the images. With this
hint, the Checkpoint Score improved to
0.62. The calculation was now correct, but
the agent still failed to use an optimal
algorithm for channel selection.

2. Hint: Suggesting the Correct Algorithm

The agent was prompted that the task
should be modeled as a knapsack problem.
This led to a Checkpoint Score of 0.85. The
agent correctly applied the optimization
algorithm, but it used its own incorrectly
derived population density matrix data as
input, leading to a factually wrong answer.

3. Hint: Combined Guidance

The agent was provided with both the
correct data source (Hint 1) and the
correct algorithm suggestion (Hint 2).
With both the strategic and data-input
challenges resolved, the agent achieved a
perfect Checkpoint Score of 1.00.

Case 2: Event Planning

Task Objective.

The agent 1is tasked with planning a
team-building event. It must select a valid
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Task Description  [sgent: Alice Smith]

with some task. ./ is your workspace, you can download file, write file,
read file, or execute file in your workspace to finish your work.Please pay
attention to the information prompted by (systen Tise
time reasonably and avoid missing the deadlines and meetings. I you are
doing a task for the FIRST TIME, please be sure to ask relevant

details First, and do NOT dingto
your own ideas. You can use tools to better accomplish your tasks, but

toarrange your

You are Alice Smith, an intern of KnowledgeX Lab. You will be asked tohelp &

Tools

Chat Tools

Calendar Tools Cloud Disk Tools File View & Edit

Chat Tools

Person List

please do not invoke more than three tool calls at a time. Any additional tool
calls will not be executed.

Hi, Alice there's some work that needs your help:

Task 1-ADs Strategy Plan

Mentor: We are planning 2 one-week campaigniin iasjtsg for the '18-25
college students' group. Our total budget is $10,000. Please developa
multich: y that 2 budget.
1Fyou need further information, ask a colleague in the Marketing
department.

Required Output:

+ Createa JSONfile ads strategy pian 5g.3s0n at the root of
the workspace. The JSON must contain:

12 :a list of selected channel IDs

tal cost of the selected channel - tota1 exposure

total exp f the selected channel

Output Format:

You should fiish this work before 2025-10-01T20:00:00.

Task 2-Website Monitor

Our company website has recently been loading very slowly. Please use ou
internal monitoring tools to analyze data from the past week, identify the

cause, and actively resolve this ssue. Finally, please create  brief report

Figure 5: Screenshot of the human-AlI collaboration interaction interface: The left side shows the role settings and
task description, the middle is the tools page, and different toolsets can be selected by switching tabs at the top. The

[r—

Direct Message

Mess.

Create Group

cre:

ator

Evaluation

right side is the evaluation page, where you can view the scores.

entire plan invalid.

it failed to select a valid date from the
common availability period,

1. Hint: Providing Key Initial Constraints

e 3 s

date from a common availability calendar with sufficient accuracy.

and devise an optimal itinerary based on

provided locations, constraints, and a

transportation map. Hint 3: Providing Full Optimization
Strategy

Hint Progression and Agent Performance.
The agent was provided with the full

We evaluated the agent’s performance high-level strategy, including iterating

under four conditions to isolate its through all optional date to find the

failure points. The results are as follows: optimal one. The Checkpoint Score did not
improve, staying at 0.72. This confirms

0. No Hint (Autonomous) that the primary remaining bottleneck
is not in strategic planning but in the

The agent performed the task without final, precise execution of the required

any human assistance. It achieved a calculations.

Checkpoint Score of 0.17, primarily because \

rendering the

The agent was prompted with the correct
valid dates for the event and provided with
all necessary data files. The Checkpoint
Score surged to 0.72. While the agent now
correctly handled the initial constraints,
it struggled with the precise calculation
of metrics like travel distance and overall
score.

Hint 2: Clarifying Data Usage

The agent was given further guidance
on which specific data fields to focus
on and how to use the map data for
distance calculations. The Checkpoint
Score remained at ©.72, indicating that
even when told what data to use, the agent
could not perform the final calculations

B.5 Case of Daily Feedback

After the agent completes the task, the mentor will
provide feedback based on the checkpoint’s com-
pletion status. A specific example is as follows:

Incompleted Checkpoints & Feedback

Incompleted Checpoints

e Didn’t ask HR who was in charge of website
maintenance.

* No solution was discussed with the person
in charge.

* No authorization code was requested from
the manager.

Daily Feedback

* You should ask HR for the one who is
responsible for maintaning the company
website. Then he/she will help you solve
the problem.

* You should inform the one who is
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mantaining the company website of the
problem you discovered clearly, such as
the website database is almost full.

* You should seek authorization from the
Engineering Managers.
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