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Abstract

Large language model (LLM)-based agents
have demonstrated remarkable capabilities in
tool use, but their ability to follow user pref-
erences when calling tools remains underex-
plored. To address this gap, we introduce
APOLLO, a benchmark designed to evaluate
agents’ ability to identify personalized user
preferences from interaction histories and to
adhere to these preferences when calling tools
to solve user queries. In APOLLO, user pref-
erences expressed in the interaction history
take two forms: explicit preferences stated
directly, and implicit preferences conveyed
through behaviors such as option selection
and comparison. In addition, the benchmark
includes two types of queries, reactive and
proactive, which pose challenges for LLMs
to ground user queries in the corresponding
preferences. Using APOLLO, we evaluate
and analyze both language models and reason-
ing models, and investigate the impact of dif-
ferent agent frameworks, such as Reflexion,
on model performance. Experimental results
show that current models still struggle to fol-
low user preferences when calling tools. For
instance, GPT-4o achieves only 51.16% ac-
curacy on the benchmark. Furthermore, we
develop a reinforcement learning-based ap-
proach to improve LLMs, achieving substantial
performance gains on APOLLO. Our dataset
and code are publicly available at https://
github.com/zhiyuanc2001/APOLLO.

1 Introduction

Tool calling is one of the core capabilities of large
language model (LLM)-based agents (Schick et al.,
2023; Qin et al., 2023; Wang et al., 2024; Xi et al.,
2025). By incorporating tool descriptions, param-
eter specifications, and related information into
their inputs, LLMs can autonomously invoke ap-
propriate tools to achieve goals such as data pro-
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Figure 1: Overview of the APOLLO benchmark.
Each benchmark sample consists of a multi-session
user–agent interaction history, where the user reveals a
preference in one of the sessions, along with a query re-
lated to that preference. User preferences are expressed
in two forms: explicitly and implicitly, while queries can
be categorized as either reactive or proactive. APOLLO
evaluates the ability of LLMs to follow the correspond-
ing user preferences when addressing the queries.

cessing (Shen et al., 2023; Wu et al., 2024b), in-
formation retrieval (Gao et al., 2023b; Qiao et al.,
2025), and coding (Gao et al., 2023a; Feng et al.,
2025). Existing work on tool calling has primar-
ily focused on the task side, aiming to improve
the accuracy (Liu et al., 2024a; Jin et al., 2025),
safety (Ye et al., 2024; Chen et al., 2024b), and ef-
ficiency (Huang et al., 2023) of LLM-based agents
in tool use for general users. As agents continue to
evolve and find broader applications, researchers
have increasingly shifted attention to the user
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side, where the central challenge lies in align-
ing agents with personalized user needs (Salemi
et al., 2023; Zhao et al., 2025). In this new stage,
following user preferences emerges as an unavoid-
able challenge.

To effectively follow user preferences, LLMs
need to autonomously infer a user’s personalized
preferences from the interaction history and adhere
to these preferences when calling tools to solve
user queries. For example, as illustrated in Fig-
ure 1, a user mentions in the interaction history: I
usually pay for flights with my credit card. Ideally,
when the agent later uses a payment tool to help the
user purchase a flight ticket, it should prioritize the
credit card option. While ignoring this preference
may still result in successful task completion (e.g.,
paying via PayPal), it substantially degrades the
user experience, ultimately reducing satisfaction
and willingness to adopt such agents (Salemi et al.,
2023; Jiang et al., 2025). Despite the critical im-
portance of preference following for LLM-based
agents, there remains a lack of a systematic bench-
mark to evaluate their ability in this regard.

Evaluating the ability of agents to follow user
preferences presents unique challenges. Real-
world user-agent interactions often involve rich,
multi-turn sessions, where preferences must be re-
called over long contexts (Jiang et al., 2025; Hao
et al., 2025). Moreover, users express their prefer-
ences in diverse forms (Zhao et al., 2025), and their
queries vary in type (Lu et al., 2024; Yang et al.,
2025b), both of which make it difficult for LLMs
to correctly interpret the underlying requirements
and faithfully ground these requirements in the rel-
evant preferences. To address these challenges, we
introduce APOLLO (Agent Preference fOLLOw-
ing), a benchmark consisting of 2, 192 carefully
curated samples. Each sample contains a multi-
session interaction history, with context lengths
ranging from 2k to 12k tokens. In APOLLO, user
preferences are expressed in two ways: explicitly
stated by the user or implicitly revealed through
behaviors such as option selection and compari-
son. Furthermore, user queries are categorized into
reactive and proactive types. When calling tools,
LLMs are required to either map user preferences
to the corresponding tool parameters or extract rel-
evant information from tool outputs in light of the
preferences to guide subsequent actions.

Using APOLLO, we evaluate 10 advanced mod-
els, encompassing both LLMs and large reasoning
models (LRMs) (Jaech et al., 2024; Yang et al.,

2025a). Our experiments reveal that current mod-
els struggle to consistently follow user preferences.
For instance, GPT-OSS-120B and GPT-4o achieve
only 32.99% and 51.16% accuracy, respectively,
when averaged across different interaction history
lengths. To investigate the reasons behind these
failures, we conduct an error analysis and find
that LLMs face challenges at multiple stages, in-
cluding recognizing user preferences expressed in
the interaction history and accurately adhering to
them without hallucination. Furthermore, we ex-
amine whether prevalent agent frameworks, such
as retrieval-augmented generation (RAG), can im-
prove preference following, but the gains are lim-
ited (e.g., Qwen3-8B achieves an average accuracy
improvement of 4.48% under the RAG framework
compared to Function Calling). Finally, to enhance
the model’s ability to follow user preferences, we
develop an RL-based training approach, which sub-
stantially boosts performance, achieving 74.22%
accuracy on the test set with an 4k context length.

2 Related Work

Tool use in LLMs. To comprehensively evaluate
the tool-use capabilities of LLMs, several bench-
marks have been proposed to assess their perfor-
mance across dimensions such as accuracy (Qin
et al., 2023; Yao et al., 2024), safety (Chen et al.,
2024b), and efficiency (Huang et al., 2023). In
addition, some studies have focused on tracking
user intent in tool-use settings, aiming to acquire
complete task information through interaction or
reasoning (Yao et al., 2024; Zang et al., 2020). To
further enhance the abilities of open-source mod-
els in these dimensions, researchers have explored
collecting high-quality tool-use trajectories from
stronger LLMs and fine-tuning models on the tra-
jectories (Liu et al., 2024a,b), or designing reward
functions to optimize models via RL (Feng et al.,
2025; Jin et al., 2025; Qian et al., 2025a). How-
ever, these works overlook the need to account
for personalized user preferences, where the same
task may induce different tool-use trajectories de-
pending on the user (Hao et al., 2025; Kim et al.,
2025). In this work, we introduce APOLLO, a
benchmark specifically designed to evaluate the
ability of LLMs to follow personalized user prefer-
ences in tool-use scenarios.

Preference following in LLMs. Preference fol-
lowing requires LLMs to proactively learn and
adapt to a user’s personalized background and re-
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quirements, and to adjust their behavior accord-
ingly (Chen et al., 2024a; Liu et al., 2025; Jiang
et al., 2025; Qian et al., 2025b). This capability
plays a critical role in applications such as rec-
ommendation systems (Wu et al., 2024a; Wang
et al., 2025), dialogue systems (Hong et al., 2024),
and role-playing agents (Shanahan et al., 2023; Ge
et al., 2024). To align LLMs with user preferences
in tool-use scenarios, existing work typically ei-
ther explicitly provides preference information as
input to the model (Hao et al., 2025), or allows
the model to obtain preferences directly through
tool calling (Cheng et al., 2025). In this work, we
propose a more realistic benchmark, where user
preferences are not explicitly provided but must in-
stead be inferred from interaction histories (Salemi
et al., 2023; Zhao et al., 2025; Jiang et al., 2025).
LLMs are then required to execute actions based
on the inferred preferences.

3 The APOLLO Benchmark

3.1 Task Formulation

The overall structure of the APOLLO benchmark
is illustrated in Figure 1. Formally, let H de-
note the interaction history between a user and
an agent, consisting of n sessions, i.e., H =
{s1, s2, . . . , sn}, where each session contains
multi-turn interactions that may span different top-
ics. The user expresses a preference p in a par-
ticular session sp ∈ H . Given a toolset T , the
interaction history H , and a user query q that is rel-
evant to the preference p, the goal of the APOLLO
benchmark is to evaluate whether an LLM-based
agent can identify and follow the user’s preference
p when invoking tools to resolve the query q.

It is important to note that the information about
preference p appears only in session sp, while the
other sessions in H are unrelated to the query q
and may distract the LLM from identifying and
adhering to the correct preference. This design
simulates realistic user-agent interactions, where
different sessions often span multiple topics, pos-
ing a significant challenge for LLMs to accurately
follow user preferences.

3.2 Benchmark Characteristics

Expression of Preferences. Following PREFE-
VAL (Zhao et al., 2025), our benchmark considers
two distinct ways for users to express their prefer-
ences: 1. Explicit Expression. The user directly
states their preference during the interaction. 2. Im-

plicit Expression. Users may convey their prefer-
ences implicitly through behaviors that commonly
occur in real interactions, including: (1) indicating
preferences by selecting among available options;
(2) expressing anti-preferences, e.g., through com-
plaints, avoidance, or negative reactions; (3) reveal-
ing preferences via indirect factual descriptions;
(4) communicating preferences through compar-
isons; and (5) signaling preferences through tone
or emotion. Additional examples are provided in
Appendix A.7.

Types of Queries. User queries in APOLLO
fall into two types: reactive queries and proactive
queries. A reactive query explicitly expresses the
user’s request in the first person, making the task
straightforward for the LLM to understand and ex-
ecute. In contrast, a proactive query describes the
state of the environment rather than directly stat-
ing the task. The LLM must proactively infer the
user’s latent task from this contextual information
and then call the appropriate tools to fulfill the
user’s needs. More query examples are shown in
Appendix A.7.

Preference-Guided Tool Parameter Selection.
In APOLLO, user preferences influence tool pa-
rameter selection in two distinct ways: 1. Di-
rect Mapping of Preferences to Tool Parameters.
In this setup, a specific parameter of the tool
directly reflects the user’s preference, and the
LLM simply fills in the parameter with the cor-
responding preference value. 2. Indirect Con-
straint of Tool Parameters. In this setup, the
LLM must first call one tool to retrieve a list
of potential parameter candidates for a subse-
quent tool. The user’s preference then determines
which candidate should be selected. For exam-
ple, the order_beverage tool requires a parameter
beverage_id. To determine this value, the LLM
first calls the search_beverage_id, which returns
a list of beverage IDs paired with their categories,
e.g., [{"BE813": "coffee"}, {"BE588": "juice"}].
If the user prefers coffee, the LLM should select
"BE813" as the value for beverage_id when call-
ing order_beverage.

Challenges. The challenges posed by APOLLO
lie in four key aspects: (1) Preference Identification.
LLMs must accurately attend to and infer the user’s
preference from the interaction history, where the
preference may be expressed either explicitly or
implicitly. (2) Preference Adherence. LLMs are

33567



Environment Setup

Tools

Database

• 4 domains
• 15 tools

Profile & Preference

Name: Bob
Genre: male
Persona: An employee of 
a non-profit organization 
who bridging health and 
social services.
Preference: 
[Flight]: Bob pays for 
flights with a credit 
card to earn travel 
rewards and often 
purchases flight 
insurance …

Session and Query Construction

Preference-Related Session
…
Assistant: 
What payment method would you like to use. 
Credit card, or Apple Pay? 
User: 
I'll pay with my credit card.
Assistant: Function(name=‘book_flight’, 
arguments=‘{“payment_method”: 
“credit_card”...

Preference-Related Query
User:
Could you assist me in finding and purchasing 
a suitable flight ticket?

LLMs 
Generate

Manual 
Review

Session Augmentation

Unrelated Session

Unrelated Session

Unrelated Session

Unrelated Session

Preference-Related Session

Preference-Related Query

Interaction History

Figure 2: Flowchart of the APOLLO construction process.

required to faithfully follow the inferred preference
by filling in the appropriate tool parameters when
calling tools to resolve the user’s query. (3) Query
Understanding. LLMs must correctly interpret user
queries, which can be either reactive or proactive
in form, and establish the connection between the
query and the corresponding preference. (4) Long
Context Horizon. Since the interaction history in-
cludes other unrelated sessions besides the one con-
taining the relevant preference, these irrelevant ses-
sions may distract LLMs. To successfully resolve
the query, LLMs must possess a strong ability to
maintain a long context horizon, enabling them to
resist such distractions and accurately adhere to the
user’s preference.

3.3 Benchmark Construction

We provide a flowchart of the benchmark construc-
tion process in Figure 2.

Environment Setup. We manually constructed
15 tools spanning 4 domains. These domains cover
common scenarios in which users frequently use
tools (see Appendix A.1). To eliminate the influ-
ence of external factors, such as network latency or
tool instability, we associate each tool with a local
database. The tools retrieve their outputs directly
from the corresponding database, ensuring that tool
outputs remain stable and consistent throughout the
benchmark.

Preference-Related Session and Query Con-
struction. Our benchmark includes 20 distinct
users. We first define each user’s profile and prefer-
ences related to each domain, which jointly guide
the generation of the subsequent user-agent interac-
tion history. The profile captures general personal
attributes of the user, while the preferences rep-

resent specific personal information related to the
domains. To ensure diversity among user profiles,
each profile is assigned a persona from Person-
aHub (Ge et al., 2024) and augmented with demo-
graphic information such as gender and age. For
preferences, we first manually construct several
example preferences. These manually curated ex-
amples, along with the user profile, are then used by
GPT-4.1 to generate domain-specific preferences
for all users. Finally, we conduct human verifica-
tion to ensure that the LLM-generated preferences
can be faithfully reflected through tool usage.

Based on each preference, we construct the cor-
responding interaction sessions. Specifically, we
begin by manually annotating an example inter-
action session grounded in one user’s preference
for each domain. This example, together with a
user preference and a set of augmentation rules,
is provided as input to GPT-4.1. The model then
generates additional preference-related interaction
sessions for the user. Finally, we conduct a manual
review to verify and, when necessary, correct both
the correctness of the tool calls and their alignment
with user preferences in each generated session.
The detailed prompt is presented in Appendix A.8.

In parallel, for each preference, we prompt GPT-
4.1 to generate queries using manually created
query examples as references. Each generated
query undergoes human review and revision to en-
sure that no information about the user’s preference
is leaked in the query. We then pair each verified
query with its corresponding interaction session,
resulting in a total of 2, 192 session-query pairs.

Session Augmentation. In addition to the ses-
sions related to the 4 domain preferences described
above, each user’s interaction history also includes
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sessions unrelated to these preferences (see Sec-
tion 3.1). To generate these unrelated sessions, we
construct 7 additional domains with 31 tools, ensur-
ing no overlap with the preference domains. The
user profile, combined with these newly defined
tools, is then provided as input to GPT-4.1, which
generates the unrelated interaction sessions. Incor-
porating the user profile helps maintain consistency
both within the unrelated sessions and between
unrelated and preference-related sessions. An anal-
ysis of the diversity of the generated interaction
sessions is presented in Appendix A.2.

After generating the unrelated sessions, we
randomly insert each preference-related session
among these unrelated sessions to construct the
final interaction history for a user. Each preference-
related session is then paired with its corresponding
query to form interaction history-query pairs. For
each constructed interaction history, we select a
tool set consisting of 8 tools, which includes the
tools required to solve the query and randomly
sampled tools that appear elsewhere in the history.
Depending on the number of unrelated sessions,
the total length of the context ranges from 2k to
12k tokens.

Labeling and Reward Definition. For each in-
teraction history-query pair, we either manually an-
notate or automatically extract the tool parameters
from the history to obtain the gold tool calling se-
quence, denoted as Tg. For each model-generated
response trajectory, we extract the corresponding
tool calling sequence Tt and compare it with Tg to
compute the reward.

Our benchmark provides two reward metrics: ac-
curacy and F1 score. For accuracy, the reward is
set to 1 if Tt exactly matches Tg; otherwise, it is set
to 0. For the F1 score, we first compute precision
and recall. Let Nt→g and Ng→t denote the num-
ber of tools (including parameters) in Tt that also
appear in Tg, and the number of tools in Tg that
also appear in Tt, respectively. Let Nt and Ng rep-
resent the lengths of Tt and Tg. The precision and
recall are then defined as: Precision = Nt→g/Nt

and Recall = Ng→t/Ng, respectively. Finally, the
F1 score is calculated as the harmonic mean of
precision and recall.

4 Experiments

4.1 Models and Agent Frameworks
We evaluate both LLMs and LRMs on our bench-
mark. For LLMs, we include Llama-3.1-8B-

Instruct (Dubey et al., 2024), Qwen3-8B, Qwen3-
30B-A3B (Yang et al., 2025a), Qwen2.5-72B-
Instruct (Team, 2024), GPT-4o-mini, and GPT-
4o (Hurst et al., 2024). For LRMs, we in-
clude Qwen3-8B, Qwen3-30B-A3B, GPT-OSS-
120B (Agarwal et al., 2025), and Gemini-2.5-
Flash (Comanici et al., 2025), where Qwen3-8B
and Qwen3-30B-A3B are switched to think mode
by adding <think> in the prompt. For all models,
we set the temperature to 0 to ensure deterministic
and consistent outputs.

Furthermore, we evaluate 5 agent frameworks:
(1) Function Calling. Models directly use their
native tool-use capabilities to solve user queries,
without additional prompting. (2) Reminder (Zhao
et al., 2025). Models are explicitly reminded in the
prompt to consider the user’s expressed preferences
from the interaction history. (3) Reflexion (Shinn
et al., 2023). Models first generate an initial solu-
tion for the query. If the solution fails, the model
reflects on the error and generates a revised trajec-
tory. (4) Memory (Zhong et al., 2023; Zhang et al.,
2025b). Models analyze each session in the inter-
action history, summarize the user’s preferences,
and store them in external memory. (5) RAG (top-
3). For each query, an embedding model (Qwen3-
Embedding-0.6B (Zhang et al., 2025a)) retrieves
the 3 interaction sessions most relevant to the query
from the interaction history. The retrieved sessions
are then appended to form the new interaction his-
tory given to LLMs. The prompts used for the
agent frameworks are provided in Appendix A.9.
By default, we adopt the Function Calling setting
when evaluating LLMs, unless otherwise specified.

4.2 Performance of Models on APOLLO
In this section, we evaluate the performance of
different models on APOLLO, with results sum-
marized in Table 1. From the table, we make the
following observations:

(1) LLMs and LRMs still face challenges in
following user preferences. For example, even
state-of-the-art models such as GPT-4o and GPT-
OSS-120B achieve accuracies of only 0.4831 and
0.2742, respectively, when the context length
reaches 12k. Similarly, Gemini-2.5-Flash, which
demonstrates strong reasoning ability in domains
such as mathematics and code, achieves only
0.3859 accuracy and 0.6011 F1 score when the
context length is 2k. These results suggest that
current models still struggle to reliably extract user
preferences from the interaction history and adhere
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Model
2k 4k 8k 12k

Acc. F1 Acc. F1 Acc. F1 Acc. F1

Llama-3.1-8B-Instruct 0.3066 0.5464 0.2258 0.4552 0.1834 0.4252 0.1693 0.4244
Qwen3-8B 0.4407 0.6535 0.3755 0.5848 0.3098 0.5248 0.2605 0.4757
Qwen3-8B (think) 0.4649 0.7171 0.4731 0.6886 0.4557 0.6734 0.3727 0.5954
Qwen3-30B-A3B 0.4206 0.6071 0.3047 0.4807 0.2906 0.4483 0.2514 0.4067
Qwen3-30B-A3B (think) 0.3508 0.6091 0.3102 0.5375 0.3066 0.5476 0.2559 0.4919
Qwen2.5-72B-Instruct 0.5123 0.7046 0.4179 0.6360 0.2842 0.4558 0.1820 0.3106
GPT-OSS-120B (think) 0.4179 0.6007 0.3545 0.5373 0.2728 0.4576 0.2742 0.4424

Gemini-2.5-Flash (think) 0.3859 0.6011 0.2984 0.5415 0.2619 0.5157 0.2418 0.4870
GPT-4o-mini 0.4813 0.6358 0.4051 0.5925 0.3736 0.5654 0.3704 0.5644
GPT-4o 0.5680 0.7408 0.5027 0.7086 0.4927 0.7057 0.4831 0.6987

Table 1: Performance of different models on APOLLO under the Function Calling framework. “(think)” indicates
that the model explicitly outputs reasoning content when solving user queries (LRM). We report accuracy (Acc.)
and F1 score (F1) in the table. The best results are highlighted in bold, and the second-best results are underlined.

to them when calling tools.
(2) Longer interaction histories degrade prefer-

ence following performance. For GPT-4o-mini, the
accuracies at context lengths of 2k, 4k, 8k, and
12k are 0.4813, 0.4051, 0.3736, and 0.3704, re-
spectively. A possible explanation is that as the in-
teraction history grows longer, the burden on mod-
els to process and interpret the context increases,
making it more difficult to accurately locate and
recall the user preferences relevant to the query,
which in turn hinders preference following during
tool use.

(3) Explicit reasoning improves preference fol-
lowing. For Qwen3-8B and Qwen3-8B (think), the
average accuracies across different interaction his-
tory lengths are 0.3466 and 0.4416, respectively.
The benefits of explicit reasoning become even
more pronounced with longer contexts. For in-
stance, at 2k context length, Qwen3-8B (think) out-
performs Qwen3-8B by 0.0242 in accuracy, while
at 12k, the improvement increases to 0.1122. This
indicates that explicitly generating reasoning con-
tent helps models to recall and identify user prefer-
ences in long interaction histories, thereby enhanc-
ing preference following in extended contexts.

4.3 Error Analysis

In this section, we conduct an error analysis to
better understand why models fail on our bench-
mark. We categorize the errors into four types:
Preference unawareness: The model fails to rec-
ognize that user preferences expressed in the inter-
action history should be considered when solving
the query. Instead, it either claims that preference
information is missing or repeatedly asks the user
to provide their preferences. Preference hallucina-

tion: The model fabricates or hallucinates user pref-
erences when generating tool parameters, rather
than adhering to the actual preferences expressed
in the interaction history. Tool-related error: The
model makes mistakes in tool parameters that are
irrelevant to the user’s preferences (e.g., date, lo-
cation), or calls an inappropriate tool unrelated to
the user’s intent. Unhelpful response: The model
misinterprets the query, producing irrelevant or un-
informative responses that fail to address the user’s
request. For each model, we randomly sample
50 failed trajectories and manually annotate them,
assigning each trajectory to one of the four error
categories. The results are shown in Figure 3.
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Figure 3: Distribution of 4 error types across different
models (evaluated in a context length of 8k tokens).

As shown in the figure, we observe the following:
(1) Preference hallucination is the most frequent
error type. For example, in Qwen3-8B and GPT-4o,
preference hallucinations account for 38.0% and
48.0% of the errors, respectively. This indicates
that models often fail to correctly identify user pref-
erences and instead fabricate them when calling
tools, which could substantially degrade user satis-
faction in real-world scenarios. (2) GPT-4o exhibits
a notably lower error rate in tool-related errors,
which may partly explain why it outperforms other
models on APOLLO. This suggests that even under
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long-context settings, GPT-4o maintains relatively
high-quality tool-use behavior. (3) Explicit reason-
ing does not alter the distribution of error types.
For instance, the error distributions of Qwen3-8B
and Qwen3-8B (think) are highly similar, indicat-
ing that while explicit reasoning improves overall
preference following performance, it does not fun-
damentally change the kinds of errors the model
tends to make.

Model
Preference Query

Explicit Implicit Reactive Proactive

Qwen3-8B 0.4745 0.2488 0.3926 0.3006
Qwen3-8B (think) 0.6305 0.2971 0.4763 0.4069
Qwen3-30B-A3B 0.4350 0.2264 0.3355 0.2981
GPT-OSS-120B 0.5042 0.1965 0.3839 0.2758
GPT-4o 0.7674 0.3160 0.5563 0.4669

Table 2: Model accuracy on different types of prefer-
ences and queries. Results are averaged over all context
lengths.

5 Analysis

5.1 Analysis of Preference and Query Types

In APOLLO, users can express their preferences
either explicitly or implicitly. In addition, user
queries fall into two types: reactive and proactive
queries. In this section, we analyze how LLMs per-
form across different preference and query types,
and report their accuracies accordingly. Experi-
mental results are demonstrated in Table 2.

From Table 2, we observe that models perform
worse on implicit preferences compared to ex-
plicit preferences. For example, GPT-OSS-120B
achieves an accuracy of 0.5042 on explicit pref-
erences, but only 0.1965 on implicit preferences.
This suggests that implicit preferences increase the
difficulty and complexity of inferring user intent,
making it harder for models to follow user pref-
erences when solving queries. Regarding query
types, models generally perform worse on proac-
tive queries than on reactive queries. This is be-
cause, in proactive queries, users do not explic-
itly state their needs, requiring the model to in-
fer them from the surrounding environmental con-
text, which further challenges its ability to ground
the query in the correct user preference. Interest-
ingly, we observe that GPT-4o achieves comparable
performance across reactive and proactive queries
(0.5563 and 0.4669, respectively), indicating its
stronger ability to correctly infer user intent from
context.
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Figure 4: The accuracy of models when user preferences
appear in different sessions within the interaction history.
The interaction history is fixed to a total of 10 sessions.

5.2 Analysis of Preference Position

In our benchmark, user preference-related sessions
are randomly positioned within the interaction his-
tory. To analyze the impact of preference position
on preference following, we select samples whose
interaction histories contain 10 sessions and com-
pute model accuracy with respect to the position
of the preference-related session. As shown in Fig-
ure 4, we observe that model accuracy decreases
as the preference-related session appears later in
the interaction history. For example, for GPT-4o,
when the preference-related session occurs at the
3rd, 6th, and 9th positions, the corresponding accu-
racies are 0.5417, 0.5171, and 0.2000, respectively.
A possible explanation is that when the preference
appears closer to the end of the interaction history,
it must compete with the user query for the model’s
attention. Since LLMs tend to allocate substantial
attention to understanding and parsing the query,
their focus on retrieving the relevant preference di-
minishes, thereby reducing their ability to adhere
to user preferences (Li et al., 2023; Yu et al., 2024).

6 Impact of Agent Frameworks

In this section, we investigate the impact of differ-
ent agent frameworks, Reminder, Reflexion, Mem-
ory, and RAG, on the ability of LLMs to follow
user preferences. As shown in Figure 5, all four
frameworks outperform the native Function Calling
baseline, with Memory achieving the most substan-
tial gains. For instance, on Qwen3-8B, Memory
improves accuracy by 0.0744 and 0.1332 at context
lengths of 2k and 8k, respectively. This suggests
that maintaining an external memory to explicitly
extract users’ stated preferences from the interac-
tion history and consulting this memory during task
execution can improve the model’s ability to follow
user preferences.
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Figure 5: Performance comparison of different agent frameworks on APOLLO.

For Reminder, while it shows promising re-
sults in dialogue scenarios, its improvements on
APOLLO are limited compared to Function Call-
ing. Specifically, on Qwen3-8B, Reminder im-
proves average accuracy by only 0.0151 over Func-
tion Calling, whereas Reflexion achieves an av-
erage gain of 0.0755. A plausible explanation is
that, in APOLLO, user preferences and query for-
mulations are diverse, which makes it difficult for
models to directly identify preferences from the full
interaction history, even when the prompt explicitly
emphasizes conditioning on user preferences.

For RAG, the framework retrieves a subset of the
interaction history most relevant to the query and
feeds it into the model, thereby alleviating the diffi-
culty of extracting preferences under long contexts.
For example, when the context length ranges from
4k to 12k, RAG maintains stable accuracy, high-
lighting its potential to enable preference following
in longer interaction histories.
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Figure 6: Performance of the RL-trained model and
baseline models on 5 unseen users.

7 Improving Preference Following in
LLMs with RL

To enhance the preference following ability of
LLMs, we train Qwen3-8B using RL in this sec-
tion. First, we partition the APOLLO users into
training (15 users) and test (5 users) sets to prevent
potential preference leakage. Next, we select 4k

context length samples from the training users to
form the training data. For evaluation, we use sam-
ples of all context lengths from the test users, which
allows us to assess the generalization of the RL-
trained model across different context lengths. We
train Qwen3-8B using the GRPO algorithm (Guo
et al., 2025), where the model is encouraged to
first output its reasoning process before perform-
ing tool calls, which helps it better adhere to user
preferences (see Section 4.2). For reward design,
to teach the model to follow user preferences cor-
rectly when calling tools, we adopt accuracy as the
rule-based reward function. Implementation details
of the RL process are provided in Appendix A.3.

Figure 6 shows the accuracy of different models
on the test set. We observe that: (1) RL train-
ing significantly enhances the model’s preference
following ability. For example, under the Func-
tion Calling framework with a context length of
4k, Qwen3-8B (think) achieves an accuracy of
0.4438, whereas Qwen3-8B (think)-RL reaches
0.7422. This demonstrates that RL training effec-
tively encourages the model to optimize toward
maximizing the reward, thereby improving accu-
racy. (2) The RL-trained model exhibits generaliza-
tion across context lengths. Although it is trained
only on samples with a context length of 4k, it still
achieves substantial gains on other lengths; for in-
stance, Qwen3-8B (think)-RL reaches an accuracy
of 0.7074 with a 12k context length. Overall, the
results confirm the effectiveness of RL in improv-
ing the model’s ability to follow user preferences.

8 Conclusions

In this work, we introduce APOLLO, a benchmark
designed to evaluate the ability of LLMs to follow
user preferences in tool calling scenarios. Specifi-
cally, APOLLO considers both explicit and implicit
user preferences as well as reactive and proactive
queries, posing challenges for LLMs to correctly
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identify and adhere to user preferences. Based
on APOLLO, we conduct extensive experiments to
assess the performance of various models under dif-
ferent agent frameworks. Finally, we demonstrate
that RL effectively enhances the model’s capability
to follow user preferences.

Limitations

In this work, we propose a benchmark to evalu-
ate the preference following ability of LLMs in
tool calling scenarios. In our benchmark, the maxi-
mum context length is 12k tokens. However, real-
world user-agent interaction histories can be much
longer, sometimes reaching up to millions of to-
kens. Future work should explore how well models
can maintain preference adherence in such long-
context settings. In addition, our benchmark cur-
rently covers only 4 domains, and to reduce the
impact of network latency and tool instability on
evaluation, we use locally implemented tools. In
practice, users exhibit personalized preferences in a
much broader range of scenarios, such as shopping
and healthcare, and real-world tools often have
more complex schemas and return structures. Ex-
tending the benchmark to include these domains
and tools would enable a more comprehensive eval-
uation of models’ preference-following capabilities
across diverse contexts.
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A Appendix

A.1 Domain and Tools

We present the domains and corresponding tools in
our benchmark in Table 4. In the table, the com-
mute, travel, entertainment, and food domains are
related to user preferences, whereas the remain-
ing domains are employed to generate unrelated
sessions.

A.2 Diversity of Interaction Sessions

In this work, our interaction sessions span 11 do-
mains. Each session is generated conditioned on
a user-specific profile, which helps capture both
the diversity and coherence of real user behavior.
To further empirically validate the diversity of our
data, we compare our sessions against the real-
world MultiWOZ (Zang et al., 2020) corpus using
the same BERTopic (Grootendorst, 2022) pipeline.

We first analyze the normalized topic entropy,
which measures topic-level diversity while control-
ling for differences in topic counts and dataset sizes.
Our benchmark achieves a normalized entropy of
0.960, compared to 0.956 for MultiWOZ, indicat-
ing a slightly more uniform distribution over the
discovered topics. We next examine topic coverage,
defined as the number of topics that account for
more than 2% of the data. MultiWOZ has only 2
such topics, whereas our sessions yield 19, demon-
strating not only broader coverage but also substan-
tially better semantic balance.

A.3 Implementation Details for RL Process

Our RL training is implemented based on the VeRL
training library (Sheng et al., 2024). We train
Qwen3-8B (Yang et al., 2025a) using the GRPO
algorithm (Guo et al., 2025) for 50 steps, with a
batch size of 256 and a rollout number of 8. We
adopt the AdamW optimizer with a learning rate
of 1e − 6. For reward design, to teach the model
to follow user preferences correctly when calling
tools, we adopt a rule-based reward function based
on accuracy, defined as

Reward =

{
1, if Tt = Tg

0, otherwise

where Tt and Tg denote the tool calling sequences
produced by the model and the gold reference, re-
spectively. All experiments are conducted on 8
NVIDIA A100 GPUs.

Model
Without Evolving Evolving

Acc. F1 Acc. F1

Qwen3-8B 0.3098 0.5248 0.1802 0.3962
Qwen3-8B (think) 0.4557 0.6734 0.2651 0.5230
Qwen3-30B-A3B 0.2906 0.4483 0.1378 0.3433

Table 3: Comparison of model performance with and
without evolving preferences.

A.4 Analysis of Evolving Preferences

In this section, we investigate how evolving pref-
erences affect models’ preference-following per-
formance. Specifically, for each user, we insert
multiple, potentially different preferences about the
same topic into the interaction history, and order
the corresponding interaction sessions chronologi-
cally to simulate the evolution of user preferences
over time. We then evaluate whether agents can
follow the user’s most recent preference, so that
they can produce responses aligned with the user’s
latest state. The context length is set to 8k, and the
results are reported in Table 3.

From the table, we observe that agents struggle
to comply with the latest preference when evolving
preferences appear in the interaction history. For
example, for Qwen3-8B, the accuracy is 0.3098
when the interaction history does not contain evolv-
ing preferences, but drops to 0.1802 when evolving
preferences are present. A plausible explanation
is that multiple preferences in the history distract
the agent and make it harder to correctly infer the
user’s current preference, resulting in degraded per-
formance. Future work could focus on improving
agents’ ability to track and follow evolving user
preferences.

A.5 Explanation of Proactive Queries

For LLM-based proactive agents, a core capability
is to initiate actions without explicit user instruc-
tions, based on the current environment state or ob-
served changes in that state (Lu et al., 2024; Yang
et al., 2025b). In APOLLO, our proactive queries
follow this definition: the user does not explicitly
specify a task, and the agent must autonomously
decide what to do and act accordingly given the en-
vironment. In real-world settings, proactive agents
can anticipate potential user needs before the user
issues a query, either by proposing helpful sugges-
tions or by taking initiative to perform preparatory
actions. Such proactivity improves human-agent
collaboration efficiency and can further enhance
user satisfaction (Qian et al., 2025b).
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A.6 Statement on Interaction Quality and
Human Review

Our data generation pipeline undergoes rigorous
human review and refinement before any instance is
included, ensuring both quality and realism. Specif-
ically: (1) User profiles are sampled from Person-
aHub (Ge et al., 2024), which provides diverse
and realistic user portraits and behavioral settings
grounded in real applications. (2) For each per-
sona, human annotators first curate a set of plau-
sible preferences across different domains based
on real-world usage scenarios; we then use GPT-
4.1 to expand both the number of preferences and
their surface forms. All generated preferences are
manually verified to ensure they remain realistic
and can be implemented via tool arguments, and
low-quality cases are corrected or removed. (3)
For interaction sessions, human reviewers check
that the interaction histories are consistent with the
user profiles and preferences, and confirm that the
preferences are naturally reflected in multi-turn in-
teractions. If a tool call in an interaction session is
incorrect or not preference-aligned, human annota-
tors revise the tool call to ensure consistency.

A.7 Preferences and Queries Examples
In our benchmark, user preferences are expressed
in two forms: explicitly through direct statements
and implicitly through behaviors like option selec-
tion and comparison. User queries fall into two
categories: reactive and proactive. Examples of
user preferences and queries are provided in Ta-
ble 5 and Table 6, respectively.

A.8 Prompt for Preference-Related Session
Generation

In Table 7, we present the prompt used with GPT-
4.1 to generate preference-related sessions.

A.9 Prompts for Agent Frameworks
In this work, we evaluate the impact of different
agent frameworks, Function Calling, Reminder, Re-
flexion, Memory, and RAG, on the preference fol-
lowing capability of LLMs. The detailed prompts
for these frameworks are presented in Table 8 and
Table 9. For Function Calling, we rely on the
model’s native tool-calling ability to solve user
queries. For Reminder, we augment the prompt
with an explicit reminder encouraging the model
to consider user preferences mentioned in the in-
teraction history that are relevant to the current
query. For Reflexion, the model is instructed to

reflect on previous failed solutions and generate
a revised tool-calling trajectory. For Memory, we
introduce an additional memory module that stores
the preferences extracted from each interaction ses-
sion. During task execution, the external memory
is appended to the model input to enhance its abil-
ity to follow user preferences. For RAG, the only
difference from Function Calling is that it retrieves
the 3 most relevant sessions from the interaction
history as the new context; the prompt remains the
same, so we omit it from the table.

Domain Tool

Commute
get_bus_eta get_weather
get_distance request_ride
transport_recommendation

Travel search_flight book_flight
search_hotel book_hotel

Entertainment search_movie book_movie_ticket
search_music

Food search_beverage_id order_beverage
order_food_delivery

Communication email_assistant translation_tool
push_notification get_latest_messages

Games
game_recommendation

player_stats_query
multiplayer_matchmaking

Education course_search homework_checker
exam_practice vocabulary_trainer

Finance

get_stock_info
loan_repayment_calculator

currency_converter
investment_return_calculator

get_loan_interest_rates

Health

health_advice sleep_duration
exercise_recommendation

daily_water_intake
sleep_quality_checker

recipe_search nutrition_analysis

News
search_news

get_top_headlines
get_news_summary

Shopping

search_products
get_trending_products

check_product_availability
get_product_details

subway_route_search

Table 4: Domains and their corresponding tools in
APOLLO.
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Explicit Preference Implicit Preference

User: I’m traveling from Orlando to Seattle to-
day for my work with a non-profit organization. I
value reliability and comfort during my travels. For
flights, I prefer direct flights to minimize travel time,
and I choose economy cabin for a balance between
comfort and cost. I prefer to pay for flights with
a credit card and always purchase flight insurance.
Please help me book my flight for today.
Assistant: Understood. I’ll begin by searching for
available flights from Orlando to Seattle for today.

User: Hi, I have a busy morning ahead. Can you help me order
a beverage to keep me energized?
Assistant: Of course! What kind of beverage do you pre-
fer—coffee, tea, juice, or something else?
User: Tea tends to make me feel sleepy, and juice doesn’t quite
cut it during coding sprints. Coffee usually keeps me on track.
Assistant: Got it. Is there a particular brand you like? Options
available include Costa Coffee, Tim Hortons, and Luckin Coffee.
User: I tried Tim Hortons before, but Costa Coffee always seems
to get me through those marathon mornings.
Assistant: Great choice! How about the ice level—would you
like regular, less ice, or room temperature? And for sugar, do
you prefer regular, less sugar, or no sugar?
User: If I go for less ice, it never feels quite as refreshing.
Regular ice works best, especially when I’ve got a lot to do. And
too much sugar just slows me down—less sugar is way better
for focus.
Assistant: Perfect. I’ll place your order now.
Assistant: Function(name="search_beverage_id", argu-
ments={"date": "2025-05-13", "city": "Portland"})

User: I’d like to watch a movie tonight. I prefer dra-
mas and enjoy going to Cinemark Theatres because
their seats are comfortable and the environment is
quiet. I prefer the classic experience, so I usually
book tickets for the standard hall. I also like to pay
with my credit card to get reward points. Please
help me search for a suitable drama movie and book
a ticket for me.
Assistant: Got it. I’ll start by searching for drama
movies showing tonight at Cinemark Theatres.

User: I’m thinking about watching a movie today. Can you help
me find something suitable?
Assistant: Of course! Do you have a preferred movie genre,
such as action, drama, or comedy? Also, which cinema would
you like to go to? Options include Cinemark Theatres, AMC
Theatres, and Regal Cinemas, among others.
User: I enjoy drama movies and usually go to Cinemark Theatres
for a comfortable and quiet experience.
Assistant: Great! I’ll search for drama movies playing at Cine-
mark Theatres today.

User: I am in Orlando today and I have a busy day
bridging health and social services. I like to order
coffee from Tim Hortons because I find its taste
comforting during work. I usually prefer my coffee
at room temperature so I can sip it slowly while
working. I also always ask for less sugar to keep
my beverage healthier and not too sweet.
Assistant: Sure, I will order a coffee for you based
on your preferences.
Assistant: Function(name="search_beverage_id",
arguments={"date": "2025-05-12", "city": "Or-
lando"})

Assistant: “Mad Max: Fury Road” is showing at Regal Cinemas
today. Would you prefer a standard or IMAX hall? Also, you
can pay with credit card, PayPal, or Apple Pay.
User: IMAX is fun sometimes, but honestly, I don’t want to
spend money on the hall type, so I won’t choose IMAX. And
I’ll use my credit card—it’s convenient and gives me a little
something back.
Assistant: Perfect. I’ll book your ticket for “Mad Max: Fury
Road” in a standard hall using your credit card.
Assistant: Function(name="book_movie_ticket", argu-
ments={"movie_id": "991", "hall_type": "standard", "pay-
ment_method": "credit_card"})

User: My address is 1555 Mission Bay Rd, San
Diego. It’s the weekend and I want to go to the
beach at 2600 Ocean Front Walk. On weekends, I
frequently go to the beach or meet friends down-
town. For transportation, if it’s rainy or if the desti-
nation is more than 2.5 km from my home, I choose
to request a ride; otherwise, I prefer to bike. Please
help me decide how to get there today.
Assistant: Understood. First, I will check the dis-
tance from 1555 Mission Bay Rd to 2600 Ocean
Front Walk, then look up the weather for today.
Assistant: Function(name="get_distance", argu-
ments={"city": "San Diego", "location_1": "1555
Mission Bay Rd", "location_2": "2600 Ocean Front
Walk"})

User: I’m thinking of going to the movies today. Can you help
me find something exciting to watch?
Assistant: Of course! What kind of movies do you pre-
fer—action, comedy, romance, sci-fi, or drama? Also, there
are several cinemas available, such as AMC Theatres, Regal
Cinemas, Cinemark Theatres, Marcus Theatres, and Harkins
Theatres. Which cinema would you like to go to?
User: I just can’t get into comedies or romances; action is way
more thrilling. And honestly, Harkins is the only cinema around
here where the sound doesn’t disappoint—I’ve had to sit through
muffled audio at the others, and it kills the mood.
Assistant: Got it! I’ll search for action movies showing at
Harkins Theatres today.
Assistant: Function(name="search_movie", arguments={"date":
"2025-05-19", "genre": "action", "cinema": "Harkins The-
atres"})

Table 5: Examples of user preferences.
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Reactive Query Proactive Query

I am at home right now and would like to visit 1500
Orange Avenue for a coffee break. Can you suggest how I
should get there?

Before leaving her home, Alice mentions to her roommate
that she is going to meet a colleague at 100 International
Drive.

I’m planning my commute from my house to my work-
place. Can you suggest the best transportation option for
me?

Alice checks her watch and says to her partner that she
needs to get to the office.

I am currently in Orlando and need to travel to Washington
tomorrow for my work with a non-profit organization
focused on bridging health and social services. Could you
assist me in finding and purchasing a suitable flight ticket?

The user’s calendar notifies her to arrange her flight from
Orlando to Seattle tomorrow for her non-profit work sup-
porting health and social services.

Can you assist me in booking a movie ticket for tomorrow
night?

Alice texts her sibling asking if they want to join her for a
movie tomorrow, mentioning she is about to book a ticket
for herself.

I’m at my company right now. Could you help me place
an order for food delivery?

The calendar shows that it’s lunchtime and the user’s
phone is located at her company. The user opens a food
delivery app on her computer.

Table 6: Examples of user queries.

Below are the user’s profile, preference, and the tools available for use.
### User profile:
{user profile}

### User preferences:
{user preference}

### Tool definitions and output examples:
{tool information}
You need to generate dialogues between the user and the assistant that fully reflect the user’s preferences.
- Your generated dialogues should related to user profile.
- The assistant is not aware of any user preferences or information unless explicitly provided by the user, so avoid having
the assistant mention or reference any user preferences in its responses.
- The assistant can make use of tools, but is restricted to calling only one tool at a time. Furthermore, in each turn, the
assistant may either engage in dialogue or make a tool call, but not both. You should also refer to the tool output examples
to simulate the tool’s output.
- The user should have the assistant call tools that are **only** relevant to their preferences and avoid unnecessary tool
calls.

Below are dialogue examples:
{example}

Now, generate dialogues that can fully reflect the user’s preferences, following the format of the example.

Table 7: Detailed prompt used to generate preference-related sessions.
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Function Calling
System Prompt
You are a helpful agent. Respond to the user request according to the following policies:
- You should only make one tool call at a time. Furthermore, in each turn, you may either make a tool call or output
response content, but not both.
- You only need to respond to the user’s request, without asking the user any additional questions.
- If you believe the user’s request has been fully addressed, generate [Finish] as a standalone message without anything else
to end the response.

User Prompt
<User Information>
{user profile}
<Conversation History>
{interaction history}
<Request>
{query}

Reminder
System Prompt
You are a helpful agent. Respond to the user request according to the following policies:
- You should only make one tool call at a time. Furthermore, in each turn, you may either make a tool call or output
response content, but not both.
- You only need to respond to the user’s request, without asking the user any additional questions.
- If you believe the user’s request has been fully addressed, generate [Finish] as a standalone message without anything else
to end the response.
**As a personalized agent, please consider the preferences related to the request that are revealed in the user’s conversation
history, and ensure that your responses adhere to these preferences.**

User Prompt
<User Information>
{user profile}
<Conversation History>
{interaction history}
<Request>
{query}

Reflexion
System Prompt
You are a helpful agent. Respond to the user request according to the following policies:
- You should only make one tool call at a time. Furthermore, in each turn, you may either make a tool call or output
response content, but not both.
- You only need to respond to the user’s request, without asking the user any additional questions.
- If you believe the user’s request has been fully addressed, generate [Finish] as a standalone message without anything else
to end the response.
**In addition, I will provide you with a previously failed solution. Based on this failed solution, please reflect on the
reasons for its failure and respond to the user’s request again.**

User Prompt
<User Information>
{user profile}
<Conversation History>
{interaction history}
<Request>
{query}
Here is the previously failed solution:
<Failed Solution>
{previous solution}
Now, respond to the user’s request again.

Table 8: Prompts for Function Calling, Reminder, and Reflexion agent frameworks.
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Memory
System Prompt
You are a helpful agent. Respond to the user request according to the following policies:
- You should only make one tool call at a time. Furthermore, in each turn, you may either make a tool call or output
response content, but not both.
- You only need to respond to the user’s request, without asking the user any additional questions.
- If you believe the user’s request has been fully addressed, generate [Finish] as a standalone message without anything else
to end the response.
Here are some summarized historical memories
{memory}

User Prompt
<User Information>
{user profile}
<Conversation History>
{interaction history}
<Request>
{query}

RAG
System Prompt
You are a helpful agent. Respond to the user request according to the following policies:
- You should only make one tool call at a time. Furthermore, in each turn, you may either make a tool call or output
response content, but not both.
- You only need to respond to the user’s request, without asking the user any additional questions.
- If you believe the user’s request has been fully addressed, generate [Finish] as a standalone message without anything else
to end the response.

User Prompt
<User Information>
{user profile}
<Conversation History>
{retrieved interaction history}
<Request>
{query}

Table 9: Prompts for Memory and RAG agent frameworks.
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