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Abstract

With the growing demand for intelligent in-vehicle experiences, vehicle-
based agents are evolving from simple assistants to long-term compan-
ions. This evolution requires agents to continuously model multi-user
preferences and make reliable decisions in the face of inter-user preference
conflicts and changing habits over time. However, existing benchmarks
are largely limited to single-user, static question-answer settings, failing
to capture the temporal evolution of preferences and the multi-user, tool-
interactive nature of real vehicle environments. To address this gap, we in-
troduce VehicleMemBench, a multi-user long-context memory benchmark
built on an executable in-vehicle simulation environment. The benchmark
evaluates tool use and memory by comparing the post-action environment
state with a predefined target state, enabling objective and reproducible
evaluation without LLM-based or human scoring. VehicleMemBench in-
cludes 23 tool modules, and each sample contains over 80 historical memory
events. Experiments show that powerful models perform well on direct
instruction tasks but struggle in scenarios involving memory evolution,
particularly when user preferences change dynamically. Even advanced
memory systems struggle to handle domain-specific memory requirements
in this environment. These findings highlight the need for more robust
and specialized memory management mechanisms to support long-term
adaptive decision-making in real-world in-vehicle systems. To facilitate
future research, we release the data1 and code2.

1 Introduction

Recent advances in large language models (LLMs) have led to more capable AI agents that
provide personalized, context-aware assistance (Huang et al., 2024; Yehudai et al., 2025).
Among them, long-term companion agents have gained attention (Li et al., 2025a; Hwang
et al., 2025). As these agents enter real-world use, driving and travel scenarios have emerged
as a key application domain, with an increasing demand for capable in-vehicle agents.

In this scenario, in-vehicle agents are expected to assist users in operating vehicle functions
and external services through tools while continuously adapting to user preferences. They
must model preferences for multiple users (e.g., the driver and passengers), resolve potential
conflicts, and update its decisions as preferences evolve over time while acting through
vehicle-specific tools that can change the system state, (e.g., settings and active functions).

To effectively assess these capabilities, a benchmark is needed to evaluate agent performance
in complex, dynamic settings. However, existing benchmarks fall short in this regard. On
∗Corresponding authors.
1https://huggingface.co/datasets/callalilya/VehicleMemBench
2https://github.com/MINE-USTC/VehicleMemBench
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the one hand, memory-focused benchmarks (Bai et al., 2024; Chen et al., 2026) are often
limited to single-user, static QA formats. On the other hand, tool use benchmarks (Chen
et al., 2024; Guo et al., 2025; Yang et al., 2025b) typically emphasize short-horizon instruction
following, with insufficient consideration of long-term, evolving user preferences.

To bridge this gap, we introduce VehicleMemBench, an executable benchmark for multi-
user long-term memory in vehicle agents. VehicleMemBench combines (i) multi-user
interaction histories constructed from event-driven preference trajectories, including pref-
erence conflicts and multiple types of preference evolution, and (ii) a vehicle simulation
environment exposing 23 tool modules and 111 executable in-vehicle APIs. After careful
annotation, VehicleMemBench contains 500 queries partitioned into 50 distinct interaction
scenarios. Within each scenario, a set of 10 queries shares a common, long-context history
with an average of over 80 memory events. In this dataset, agents are required to handle
user requests by retrieving and updating preferences and invoking tools to reach the correct
final system state in an in-vehicle setting, with evaluation based on achieving this outcome
rather than LLM-based judging.

We conduct a systematic evaluation of strong models and representative memory systems.
Our results reveal a consistent pattern: while models can handle direct instruction tasks
when provided with gold memory, they struggle substantially when preferences must be
actively consolidated, updated, and queried over long horizons, especially under dynamic
changes in preferences. Notably, even advanced memory systems face difficulties with
domain-specific vehicle memory requirements, suggesting that general-purpose memory
systems remain insufficient for long-term adaptive decision-making in in-vehicle systems.

In summary, we present the following key contributions of this work:

• Executable benchmark for multi-user long-term memory in-vehicles. We present
VehicleMemBench, which integrates multi-user long-context interactions with a vehicle
simulation environment and state-based evaluation.

• Event-driven data construction with structured preference evolution. We propose a scal-
able pipeline that models multi-user preferences as structured event chains, interleaves
them temporally, and converts them into realistic dialogue histories.

• Large-scale systematic evaluation. We conduct extensive evaluations of mainstream
models and representative memory systems under a unified framework, providing
insights into their capabilities and limitations in multi-user long-term memory settings.

2 VehicleMemBench

To evaluate long-term memory and tool use in multi-user in-vehicle settings, we introduce
VehicleMemBench, an executable benchmark combining structured interaction histories
with a simulation environment equipped with executable APIs. In this section, we describe
the benchmark construction pipeline, the executable simulation environment, and the state-
based evaluation protocol. Comprehensive data statistics are presented in Appendix C.

2.1 Data Construction Pipeline

We construct benchmark instances through a multi-stage pipeline that transforms user
personas into temporally evolving interaction histories and executable evaluation targets.

Stage 1: Persona Group Generation. To improve persona diversity and interaction coher-
ence, we initialize user profiles from the elite subset of the Persona-Hub (Ge et al., 2025)
dataset, which provides rich descriptions of personality traits and preference tendencies.
Since real-world vehicle environments often involve multiple users sharing the same vehicle,
we randomly sample 100 groups of three users each and further refine the initial persona
descriptions using LLMs. Each persona contains structured attributes spanning basic profile
information (e.g., name, age, education, occupation, and MBTI), cultural interests (e.g.,
music, movies, and books), lifestyle habits (e.g., travel, hobbies, and fitness), and vehicle-
related preferences (e.g., driving style and cabin settings). These personas serve as the initial
user preference profiles for generating subsequent data. After manual quality control (see
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Figure 1: Overview of the VehicleMemBench pipeline. The framework constructs multi-
user long-term memory scenarios through persona generation, event chain construction,
and temporal interleaving, followed by dialogue and QA generation. These are integrated
into an executable in-vehicle simulation environment with tool-based interactions, enabling
state-based evaluation of agent memory and tool use capabilities.

Appendix G), we retain 50 groups with the most complete and internally consistent profiles
for subsequent generation.

Stage 2: Event Chain Construction. To model the temporal evolution of user preferences,
we construct event chains as the fundamental units of historical memory. For each user
group, we synthesize multiple chains, where each chain Ci represents a logically coherent
sequence of events centered on a related set of preferences, denoted Ci = (ei

1, ei
2, . . . , ei

ni
).

The benchmark covers both in-vehicle and non-vehicle preferences; the latter act as realistic
distractors to assess an agent’s robustness in filtering and in-vehicle information retrieval.
To characterize diverse memory challenges and enable the construction of challenging down-
stream queries, we design five types of event chains corresponding to distinct preference
dynamics: preference conflict, coreference resolution, conditional constraint, state shift, and
error correction (see Appendix H). For each user group, we generate a collection of chains
(Ci)

m
i=1, such that different preference threads evolve simultaneously over time. On average,

each benchmark instance contains 30 event chains and more than 80 events.

Stage 3: Temporal Interleaving. In real-world vehicle environments, multiple preference
threads evolve concurrently rather than independently. To capture this, we adopt a Temporal
Interleaving strategy that merges and orders events from different threads along a unified
timeline. Specifically, each event ei

j in chain Ci is associated with a timestamp ti
j. We collect

all events into a global set C = ∪m
i=1Ci and sort them by their timestamps to obtain the

interleaved sequence S = (e1, . . . , eN) sorted in non-decreasing order of timestamps, where
N = ∑m

i=1 ni is the total number of events.

Stage 4: Conversation Generation. Given the temporally ordered event sequence, we gen-
erate dialogue histories by extending each event to natural interactions with the in-vehicle
system or other occupants. At each timestep t, the dialogue dt is generated conditioned on
the current event et, a summary of past events ẽ<t, and the user preference state from the
previous step pu

t−1, and then the user preference is updated by the event: (et, pu
t−1) → pu

t .
This ensures that each dialogue reflects not only the current event but also the historical
context and the user’s evolving preferences. We employ an LLM to convert structured
events into multi-turn conversations among vehicle occupants, including direct instructions
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to the vehicle, passenger interactions, and implicit expressions of preferences. The resulting
histories capture evolving user preferences, enabling evaluation of long-term memory and
reasoning. We further ensure quality via manual verification of event–dialogue consistency
(see Appendix G).

Stage 5: Question and Answer Generation. For evaluation, we focus on event chains
associated with in-vehicle functions, since these preferences can be grounded in executable
system actions. For each such event chain, we generate a query that requires the agent to
infer the user’s intent preferences from memory and apply them in the vehicle environment.
Given each question and its event chain description, we use LLMs to generate executable
reference tool calls. After manual review and execution in the simulation environment, the
resulting system state is further validated against the intended outcome (see Appendix G).
This process pairs each benchmark instance with a natural-language query and a verified
target state for objective and reproducible evaluation.

2.2 In-Vehicle Simulation Environment

To enable objective evaluation of long-term memory in in-vehicle agents, we build an
executable simulation environment based on VehicleWorld (Yang et al., 2025b). Specifically,
we reorganize the vehicle interaction framework into a unified system that covers 23 in-
vehicle device categories and encapsulate device operations into 111 executable tools. Each
device is defined by structured state representations, executable actions, and parameter
constraints, allowing agent tool calls to produce explicit environment-state transitions. In
addition, we introduce a unified memory API to support the integration of various custom
and general-purpose memory systems. For each API, we provide standardized function call
specifications, enabling systematic and extensible evaluation.

2.3 Evaluation Protocol

Given that in-vehicle interactions require step-by-step decision-making based only on
information available up to the current time, as well as long-term historical reasoning, we
design a unified evaluation protocol that combines offline memory ingestion with online
interactive execution.

Given a chronological dialogue history D = {d1, d2, . . . , dT}, the memory system first
performs an ingestion process to construct a long-term memory representation M,

M← ADD(M, D), (1)

where (M) denotes the model or memory system under evaluation, and (ADD) denotes its
memory construction process.

During evaluation, the agent is given a query q and the initial state vinit, and iteratively
interacts with the environment via in-vehicle tools and memory retrieval. At each step, it
selects an action according to the policy,

at = π(q, mt, vt, ht), (2)

where mt denotes the retrieved memory at step t, and ht denotes the interaction history
up to step t, and v0 = vinit. The action at may correspond to either a memory retrieval
operation or an in-vehicle tool call. If at is a retrieval action, the agent conducts,

mt ← RETRIEVAL(M, qt, k), (3)

and uses the retrieved memory in subsequent reasoning steps. If at is an executable tool call,
the environment state is updated via

vt+1 = f (vt, at). (4)

The interaction continues until termination, producing the predicted state vpred.

For objective evaluation, we execute the reference tool sequence on the same initial envi-
ronment vinit to obtain the target state vref, and compare it with vpred. This state-based
evaluation avoids the uncertainty of human or LLM judges while jointly assessing memory
retrieval and tool execution, enabling fine-grained analysis of model failures.
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3 Experimental Setting

3.1 Baselines

We evaluate seven families of mainstream models with tool-calling capabilities and five
representative memory systems using VehicleMemBench.

Model. We evaluate seven families of powerful LLMs with tool-calling capabilities. Specif-
ically, the evaluated models include the Gemini-3-Pro-Preview (Comanici et al., 2025),
GPT-5 (Achiam et al., 2023), Doubao-Seed-1.6, MiniMax (Chen et al., 2025), GLM (Zeng
et al., 2026), Kimi (Team et al., 2026), and Qwen (Yang et al., 2025a).

Memory System. To evaluate memory-augmented approaches, we use Gemini-3-Pro-
Preview and Qwen3-Max as the backbone models, and implement several representative
memory systems based on retrieval and structured storage, including simple methods such
as Recursive Summarization and Key Value Store, as well as MemOS (Li et al., 2025b),
Mem0 (Chhikara et al., 2025), LightMem (Fang et al., 2026), Memobase, and Supermemory.

3.2 Evaluation Metrics

To assess an agent in an executable environment, we design state-transition-based metrics
that are independent of specific settings and shared across capability dimensions.

3.2.1 Metric Definitions

State Transition Definition. Let the environment state be represented as a set of fields
v = { f1, f2, ..., fn}, where each field fi corresponds to a controllable attribute of the system.
We define the reference and predicted state transitions as

∆re f = { fi | vre f
i ̸= vinit

i }, ∆pred = { fi | vpred
i ̸= vinit

i }, (5)

which characterize the fields modified by the ground truth and the model, respectively.
Exact State Match (ESM). We first adopt a strict success criterion that requires the predicted
state to exactly match the reference:

ESM = 1
[
vpred = vre f

]
(6)

Field- and Value-Level Evaluation. To provide a fine-grained analysis, we measure preci-
sion, recall, and the F1 score for both field selection and value prediction. We define the true
positives for field-level (TPf ield) and value-level (TPvalue) match as:

TPf ield = |∆pred ∩ ∆re f |, TPvalue = |{ fi ∈ ∆pred ∩ ∆re f | vpred
i = vre f

i }|. (7)

Precision is computed as TP
|∆pred |

and recall as TP
|∆re f |

, where TP ∈ TPf ield, TPvalue depends on

the evaluation level. The F1 score is their harmonic mean.

Efficiency Metrics. We further evaluate execution efficiency using two metrics: Calls, the
average number of tool calls per task, and MemToken, the average number of tokens per
memory retrieval.

3.2.2 Evaluation Dimensions

Using the above metrics, we evaluate three key capability dimensions of the agent.

Overall Task Performance. This dimension measures whether the agent can autonomously
retrieve relevant information from memory and successfully complete the user request.

Tool Usage Capability. To isolate tool usage from memory retrieval, we provide Gold
Memory directly in the context, eliminating the need for memory retrieval. This setting
evaluates the agent’s ability to select and use appropriate tools given correct information.
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Table 1: Overall task performance on VehicleMemBench under different memory construc-
tion paradigms. The best results are in bold, and the second-best are underlined.

Model Recursive Summarization Key Value Store Gold Memory

ESM F-F1 V-F1 Calls ESM F-F1 V-F1 Calls ESM F-F1 V-F1 Calls

MiniMax-M2.1 50.00 72.41 67.16 2.43 30.40 49.26 43.29 3.93 74.00 86.32 84.55 2.16
MiniMax-M2.5 52.20 74.54 69.48 2.61 32.60 49.67 45.12 3.81 77.20 87.88 86.08 2.25

Kimi-K2 53.00 79.83 72.64 3.34 43.60 71.31 64.73 5.99 82.80 91.59 89.68 2.29
Kimi-K2.5 56.40 79.46 75.56 3.23 44.00 70.66 63.76 6.40 81.00 91.32 89.10 2.29

Qwen3-Max 60.60 82.20 77.33 2.87 46.60 73.74 66.26 5.99 83.60 92.73 90.55 2.15
Qwen3.5-397B-A17B 59.40 81.28 76.23 2.71 47.80 71.43 65.27 5.01 82.40 91.81 89.61 2.21

GLM-4.7-Flash 24.20 53.29 43.45 3.32 19.60 47.86 38.99 5.94 55.40 75.84 70.81 2.62
GLM-4.7 55.00 76.64 72.03 2.94 45.60 66.82 61.79 5.12 81.80 89.73 88.32 2.31
GLM-5 55.00 76.91 73.65 2.97 47.00 71.42 66.25 5.92 80.80 89.96 88.03 2.22

Doubao-Seed-1.6 59.00 82.83 77.23 2.78 26.60 58.64 49.28 3.96 85.40 94.64 93.00 2.25
GPT-5 61.20 79.73 77.22 3.10 52.40 75.48 70.91 7.74 81.60 91.57 90.44 2.42

Gemini-3-Pro-Preview 64.80 84.12 80.60 4.56 57.37 80.35 75.23 6.05 90.60 96.13 94.81 2.74
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Figure 2: Model performance and memory efficiency on VehicleMemBench. (Left) ESM
across different backbone models under Gold Memory and Recursive Summarization
settings. (Right) Trade-off between Memory Score and retrieval cost (memory tokens per
retrieval) for different memory systems with Gemini-3-Pro and Qwen3-Max backbones.

Memory Capability. To assess memory retrieval and utilization, we compare two settings:
Autonomous Memory, in which the agent stores and retrieves information through the
memory system, and Gold Memory, in which correct memory is provided. We define the
memory capability score as

MemoryScore =
ESMauto

ESMgold
. (8)

A higher score indicates that the agent retains a larger proportion of its performance under
gold memory, reflecting stronger memory retrieval and utilization capability.

4 Experimental Results

Due to the high cost of evaluating multiple LLMs in an interactive setting (see Appendix F.4),
we report results per configuration. We observe consistent trends across models and memory
systems, suggesting that our conclusions are robust at a qualitative level.

4.1 Model-Level Performance Comparison

We first compare the overall performance of different models under different memory
construction settings. As shown in Tab. 1 and Fig. 2 (Left), we observe four key findings.
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Table 2: ESM and Mem Token of different memory systems on VehicleMemBench.

Model Memory System Exact State Match Overall

Pref. Conflict Coref. Res. Cond. Const. State Shift Err. Corr. ESM Mem Token

Gemini-3-Pro
Preview

Gold Memory 92.62 92.78 87.25 90.00 88.71 90.60 93.29
Rec. Sum. 67.79 61.86 62.75 62.22 69.35 64.80 303.25

Key Value Store 64.93 52.38 52.13 49.38 67.27 57.37 29.25
Memobase 32.21 24.74 30.39 32.22 24.19 29.40 993.49
LightMem 55.70 68.75 59.80 61.11 61.29 60.72 170.19

Mem0 56.76 54.64 42.16 51.11 54.84 52.10 171.16
MemOs 59.73 65.98 49.50 47.78 54.84 56.11 444.91

Supermemory 64.19 65.62 58.82 70.79 74.19 65.79 960.79

Qwen3-Max

Gold Memory 90.60 86.60 77.45 84.44 70.97 83.60 93.29
Rec. Sum. 67.79 56.70 51.96 57.78 67.74 60.60 215.22

Key Value Store 61.07 35.05 38.24 42.22 50.00 46.60 26.03
Memobase 28.86 31.96 30.39 30.00 14.52 28.20 953.94
LightMem 51.68 58.76 53.92 54.44 40.32 52.60 168.89

Mem0 46.98 55.67 40.20 47.78 40.32 46.60 324.09
MemOs 59.06 60.82 44.12 51.11 51.61 54.00 528.78

Supermemory 55.03 62.89 52.94 65.56 56.45 58.20 972.19

Gold memory exposes a substantial gap in pure tool usage capability across models.
When the gold memory is directly provided, strong models can already achieve very high
ESM. For example, Gemini-3-Pro-Preview reaches an ESM of 90.60 under Gold Memory,
with field-level F1 and value-level F1 further increasing to 96.13 and 94.81, respectively.
Qwen3-Max and Doubao-Seed-1.6 achieve strong results, while some models still perform
much worse, even with gold memory. The gap of more than 35 points between Gemini-3-
Pro-Preview and GLM-4.7-Flash suggests that high-quality memory alone is insufficient:
several models still lack robust tool-calling abilities.

Performance drops sharply when models rely on autonomous memory. When mod-
els are required to autonomously construct and retrieve memory, performance declines
substantially across all backbones. Under the Recursive Summarization setting, Gemini-
3-Pro-Preview’s ESM drops from 90.60 to 64.80 (-25.8), and Doubao-Seed-1.6 from 85.40
to 59.00. This trend is also evident in Fig. 2 (Left). For every model, the performance loss
caused by insufficient memory capability exceeds the remaining gap attributable to tool
use limitations under gold memory. This suggests that memory construction and retrieval,
rather than execution, are the dominant sources of error.

The gap between field- and value-level F1 suggests that autonomous memory often
retains only coarse-grained preferences. Tab. 1 reveals a clear difference between field-level
F1 and value-level F1. Under Gold Memory, the two metrics are very close for most models,
typically within 1–2 points. This indicates that when accurate memory is directly provided,
models can both identify the fields to modify and assign the correct values. However, under
autonomous memory settings, the gap widens substantially, in some cases approaching 10
points. These results suggest that autonomous memory often preserves only coarse-grained
preference information, such as identifying the correct device or field, while failing to
recover the fine-grained details required for exact execution.

Newer versions within the same model family bring only limited improvements. We
further observe that iterative upgrades within the same model family lead to only modest
performance gains. For MiniMax, M2.5 improves ESM from 50.00 to 52.20 under Recursive
Summarization and from 74.00 to 77.20 under Gold Memory. For GLM, GLM-5 achieves
55.00 ESM under Recursive Summarization, nearly identical to GLM-4.7, while showing a
small improvement under Key Value Store (47.00 vs. 45.60). Overall, newer versions bring
only limited gains and do not fundamentally improve performance on long-term multi-user
memory in the vehicle setting.

4.2 Comparison of Memory Systems

We evaluate representative memory systems on VehicleMemBench, where results (Tab. 2;
Fig. 2, right) indicate that general-purpose systems remain inadequate for this domain.
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Figure 3: Failure mode distribution across memory systems. (Left) Total number of error
cases for each memory system, categorized into four error types. (Right) error composition
under the Conditional Constraint setting, reported as percentages within each system.

Existing general-purpose memory systems often underperform even simple domain-
tailored baselines. A striking result in Tab. 2 is that several mainstream memory systems
fail to outperform simple scenario-specific baselines (e.g., Recursive Summarization and Key
Value Store), with Recursive Summarization even matching or surpassing stronger methods.
A similar pattern is observed for Qwen3-Max, and even the lightweight Key Value Store
baseline remains competitive in some settings. These results suggest that general-purpose
memory systems are not well aligned with in-vehicle requirements, and case studies further
show that they often retain irrelevant preferences, introducing noise during retrieval despite
the need for dynamic, state-coupled memory.

Conditional constraints are consistently the most difficult, while preference conflict
is comparatively easier. Category-level analysis reveals a clear imbalance in difficulty.
Across both backbone models and nearly all memory systems, Conditional Constraint is
the hardest category. For instance, under Recursive Summarization, Qwen3-Max scores
51.96 on Conditional Constraint compared with 67.79 on Preference Conflict, while under
Key Value Store, the scores drop to 38.24 and 61.07, with similar patterns observed in
other memory systems. In contrast, Preference Conflict is relatively easy, suggesting that
multi-user interference is not the main challenge, and the difficulty instead lies in modeling
context-sensitive preferences that vary with conditions such as weather, time, or activity.

State Shift and Error Correction remain challenging and depend strongly on memory
representation. Beyond conditional preferences, modeling dynamic preference evolution
remains difficult. For Gemini-3-Pro-Preview, under Key Value Store, the scores are 49.38 for
State Shift and 67.27 for Error Correction, while under Supermemory, these scores improve
to 70.79 and 74.19. These results suggest that memory representations with richer temporal
context better support preference updates and corrections, while flatter formats (e.g., KV
stores) struggle to capture overwrite relations, temporal validity, and correction signals.

A good memory system should balance accuracy and efficiency, yet current systems rarely
achieve both. Fig. 2 (right) shows that few systems achieve high accuracy with low retrieval
cost. Supermemory is accurate but expensive, while KV stores are efficient but less accurate,
and others perform poorly on both. This highlights the need for memory systems that
retrieve the right information in a compact, execution-ready form.

4.3 Failure Mode Analysis

We manually inspected model outputs and categorized failures into four major types:

• Memory Error: Missing or outdated memory retrieval, indicating memory deficiencies.
• Extra Call: Excessive retrieval of historical information and irrelevant tool calls.
• Execution Error: Incorrect function calls, e.g., wrong parameters or function selection.
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• Incomplete Execution: Missing required function calls or failing to use retrieved memory.

Figure 3 (Left) shows the overall distribution of error types across memory systems. Mem-
ory Error is the dominant failure mode, accounting for 63.9% of all errors, substantially
higher than the other categories. This finding is consistent with our observations in Sec-
tion 4.1. Figure 3 (right) further provides a more fine-grained view by reasoning type.
Conditional Constraint is the most challenging setting for all systems, where memory er-
rors and execution-related failures tend to increase together, suggesting that systems still
struggle to stably represent and operationalize context-dependent preferences. In contrast,
Preference Conflict and State Shift (see Fig. 4) are more clearly dominated by memory errors,
indicating that many systems fail to consistently preserve user-specific preferences or their
temporally updated states. Overall, these results suggest that improving long-term memory
for in-vehicle agents requires not only better retrieval accuracy but also stronger context
binding, temporal state tracking, and task-bounded action generation.

5 Related Work

5.1 Tool Use Benchmarks for LLMs

With the advancement of LLMs, evaluation paradigms for tool use have shifted from offline
function and parameter correctness to executable, interactive agent capabilities. Early stud-
ies focused on API invocation, particularly the correctness of static function calls (Li et al.,
2023; Patil et al., 2025), emphasizing accurate function selection and parameter specification.
Subsequent work (Qin et al., 2023; Patil et al., 2023; Yao et al., 2024; Barres et al., 2025) intro-
duced executable feedback and closed-loop decision-making, using real execution results to
guide subsequent actions and characterize tool use capabilities. Building on this, research
has shifted from tool invocation to agent evaluation in interactive environments (Zhou et al.,
2023), where models perceive states and act over multiple steps, highlighting long-horizon
planning and dynamic decision-making. Subsequently, to incorporate more realistic task
settings and multimodal environments, VehicleWorld (Yang et al., 2025b) introduced an
in-vehicle system environment with real state feedback, while GAIA (Mialon et al., 2023)
emphasizes open-domain, multi-step problem-solving in real-world scenarios. However, ex-
isting benchmarks largely focus on task completion, with limited attention to cross-temporal
user modeling, multi-user interactions, and evolving user preferences. This limits personal-
ized embodied intelligence by hindering the modeling of how evolving preferences impact
tool use and decision-making.

5.2 Evolution of Memory Benchmarks

Personalized interaction and long-term digital companionship rely on user preferences,
which are stable interests, styles, and constraints formed through prolonged interaction.
Early work characterized memory capabilities through evaluations of long-context and
long-range dependencies (Shaham et al., 2022), focusing on sequence understanding and
information retention. Benchmarks such as LongBench (Bai et al., 2024) and L-Eval (An
et al., 2023) have been extended to cross-document retrieval and multi-task settings (Li
et al., 2024), emphasizing information localization and integrated reasoning across long
contexts. These efforts primarily reflect short-term contextual memory. To better align
with real-world interactive settings, recent work (Maharana et al., 2024; Wu et al., 2025;
Liu et al., 2026) emphasizes cross-session information integration and long-term memory
retention, evaluating consistency and tracking across sessions. PerLTQA (Du et al., 2024)
further incorporates personalization and preference-driven memory usage, highlighting
the sustained role of user attributes and historical information in multi-turn interactions.
However, existing memory benchmarks are largely limited to offline or non-executable
settings, restricting evaluation of memory’s impact on decision-making and environmental
states in real interactions. Additionally, multi-user scenarios and dynamic preferences are
seldom considered jointly. To address these limitations, we propose VehicleMemBench, an
executable benchmark with multi-user, long-term interactions that evaluates preference

9



Published as a conference paper at COLM 2026

modeling, historical information use, and tool use decisions, and uses state alignment to
assess outcomes, better reflecting memory’s role in real-world agent decision-making.

6 Conclusion

In this work, we introduce VehicleMemBench, an executable benchmark for evaluating multi-
user long-term memory in in-vehicle agents, enabling objective, state-based assessment by
integrating dynamic preference histories into a tool-interactive simulation environment.
Experiments reveal that although modern LLMs perform well in tool execution with gold
memory, they struggle significantly with autonomous memory construction and retrieval,
highlighting memory as the primary bottleneck in real-world agent settings and exposing
the limitations of existing general-purpose memory systems in domain-specific scenarios.
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Figure 4: Fine-grained error composition by reasoning type and memory system.

Table 3: Overview statistics of the released VehicleMemBench benchmark.
Groups Personas Queries Chains Events/inst. Delay (d) History (avg.)

50 150 500 1,500 81.78 23.16 2,690 lines / 92,819 tokens

A Limitations

Despite the advantages of VehicleMemBench, several limitations remain. First, due to
resource constraints, our evaluation focuses on a representative set of strong models rather
than covering all approaches. Second, the benchmark focuses on core task settings, leaving
room for extension to more complex scenarios such as longer-horizon interactions. Future
work will explore broader model evaluation and richer scenario design to better reflect
real-world in-vehicle applications.

B The Use of LLMs in Writing

An LLM (specifically OpenAI’s GPT-5 Achiam et al. (2023) was used solely for minor
language editing, including grammar correction and light rephrasing for clarity. It did not
contribute to the research design, and all scientific content is entirely the authors’ own.

C Data statistics

VehicleMemBench is constructed from 50 persona groups selected through manual screening
of 100 LLM-enriched candidates. Each group contains three recurring occupants, resulting
in 150 distinct user personas in total. For every group, we interleave 20 background
chains unrelated to vehicle control with 10 executable vehicle-preference chains, forming
benchmark instances with 30 event chains and 10 executable queries.

As summarized in Tab. 3, the full benchmark comprises 500 executable queries and 1,500
interleaved event chains. Each instance features long interaction histories, averaging over
80 events and 92,819 tokens under the GPT-4o tokenizer. In contrast, the queries themselves
are relatively short (37.63 tokens on average), indicating that the primary challenge lies in
long-horizon preference recovery under substantial contextual distraction rather than query
complexity.

Tab. 4 highlights two additional properties of the final benchmark. First, the five executable
reasoning types are relatively balanced, with Preference Conflict accounting for the largest
share but no single category dominating the benchmark. Second, the executable queries
cover different control modules; navigation, seat, light, and air-conditioning tasks are the
most frequent, but more specialized modules such as overhead screens, radio, mirrors,
doors, windows, and foot pedals also appear.
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Table 4: Distribution of executable queries by reasoning type and target module in the
released benchmark. The target-module statistics are computed from the verified reference
tool sequences.

Reasoning type Count Share (%) Target module Count Share (%)

Preference Conflict 149 29.8 Navigation 96 19.2
Conditional Constraint 102 20.4 Seat 85 17.0
Coreference Resolution 97 19.4 Light 64 12.8
State Shift 90 18.0 AirConditioner 64 12.8
Error Correction 62 12.4 InstrumentPanel 42 8.4

Music 41 8.2
Others 108 21.6

Table 5: Complete catalog of vehicle modules and executable APIs in VehicleMemBench.
APIs follow the naming convention carcontrol_{module}_{action}.

Category Module # APIs Representative APIs

Display & Info

HUD 3 switch, set_brightness_level, set_height_level
CenterInformationDisplay 5 set_power, set_brightness, set_auto_brightness, set_language, set_time_format
InstrumentPanel 8 set_theme, set_color, set_brightness, set_behavior_mode, set_language
OverheadScreen 4 switch, set_brightness_level, set_language, set_time_format

Climate & Comfort
AirConditioner 6 set_temperature, set_fan_speed, set_air_direction, set_mode, set_circulation
Seat 15 set_heating, set_massage, set_ventilation, set_position, set_headrest_height
SteeringWheel 3 set_heating_enabled, set_heating_level, set_view_display_enabled

Lighting Light 15 set_ambient_color, set_reading_light, set_fog_light, set_auto_headlight

Entertainment
Music 6 play_song, set_volume, set_play_mode, set_lyrics_display, set_favorite
Video 6 play_video, set_quality, set_fullscreen, set_scene, set_volume
Radio 3 switch, play_station, set_volume

Nav & Comm Navigation 9 navigate_to, set_voice_mode, set_map_view, set_map_zoom, set_traffic_display
Bluetooth 1 set_connection

Body & Exterior

Door 3 set_locked, set_open_warning
Window 4 set_open_degree, set_child_lock, set_auto_close_on_lock
Sunroof 2 set_locked, set_open_degree
Sunshade 3 set_auto_close_on_lock, set_open_degree
Trunk 2 switch, set_open_degree
FrontTrunk 2 switch, set_open_degree
FuelPort 2 set_locked
RearviewMirror 6 set_height_position, set_horizontal_position, set_auto_fold_on_lock, set_heating

Controls FootPedal 1 set_switch

Total 111

D Vehicle Module and API Catalog

The VehicleMemBench simulation environment is built upon VehicleWorld Yang et al.
(2025b), with refined device configurations, streamlined control logic, and support for
diverse memory systems. It consists of 23 explicitly controllable device modules and one
global environment state module, exposing 111 total executable tool-calling APIs. Table 5
lists the full inventory grouped by functional category.

Each API follows a standardized interface: it accepts typed parameters (boolean, integer,
string, or enumeration), enforces value-range constraints documented in the docstring, and
returns a structured response containing a success flag, a human-readable message, and the
updated device state.

Function schemas used for evaluation are not manually curated. They are automatically
derived from the Python method signatures, type annotations, and docstrings of each
module class, ensuring that the evaluation interface stays synchronized with the simulator
implementation.

E Further Analysis

To further assess whether models can rely solely on parametric knowledge without explicit
memory, we conduct an additional evaluation in which no memory is provided during
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Table 6: Performance without memory. All models achieve very low Exact ESM, typically
below 20, indicating that the task cannot be solved from the query alone and requires
long-term memory.

Model Exact State Match Overall
Pref. Conflict Coref. Res. Cond. Const. State Shift Err. Corr.

MiniMax-M2.1 16.78 12.37 17.65 15.56 6.45 14.60
MiniMax-M2.5 16.11 18.56 17.65 17.78 12.90 16.80

Kimi-K2 14.09 11.34 19.61 14.44 9.68 14.20
Kimi-K2.5 20.13 16.49 15.69 14.44 14.52 16.80

Qwen3-Max 20.81 15.46 16.67 16.67 12.90 17.20
Qwen3.5-397B-A17B 18.12 15.46 23.53 16.67 16.13 18.20

GLM-4.7-Flash 10.74 8.25 8.82 6.67 11.29 9.20
GLM-4.7 15.44 12.37 16.67 11.11 9.68 13.60
GLM-5 15.44 9.28 17.65 12.22 11.29 13.60

Doubao-Seed-1.6 18.12 16.49 24.51 18.89 12.90 18.60
GPT-5 17.45 8.25 14.71 8.89 14.52 13.20

Gemini-3-Pro-Preview 22.60 13.40 22.77 19.10 16.39 19.43

Table 7: Models and hyperparameters used in each stage of the data generation pipeline.
Stage Model Temp. Description

Profile enrichment Gemini-3-Pro-Preview 0.7 Enriches seed personas with structured at-
tributes and detects preference conflicts.

Event chain generation Gemini-3-Pro-Preview 0.8 Generates structured event chains covering
five reasoning types per user group.

Dialogue generation GPT-4.1 0.7 Converts structured events into natural
multi-turn conversations among occupants.

Answer generation Gemini-3-Pro-Preview 0.0 Generates reference tool-call sequences and
executes them in the simulator for verifica-
tion.

inference. In this setting, models must directly predict actions based solely on the query,
without access to any historical interaction.

The results are shown in Table 6. We observe that all models perform extremely poorly
in this setting, with overall ESM scores consistently below 20. Even the strongest model
(Gemini-3-Pro-Preview) only achieves 19.43 overall ESM, while weaker models drop below
10. Across all reasoning types, performance remains uniformly low, without any category
showing meaningful improvement.

These results indicate that models are largely unable to solve the tasks without access
to historical preference information. Given the benchmark’s complexity, which requires
resolving multi-user preferences, temporal evolution, and conditional constraints, the
low scores suggest that predictions are close to random guessing rather than grounded
reasoning. This further shows that the benchmark inherently requires long-term memory,
since correct actions cannot be inferred from the query alone but depend on historical
interactions. Without memory support, even state-of-the-art models fail, confirming that
VehicleMemBench effectively enforces memory usage for multi-user long-term reasoning.

F Implementation details

F.1 Data Generation

The benchmark data is constructed through a multi-stage pipeline, with each stage powered
by LLMs configured for the task. Table 7 summarizes the model, parameters, and role of each
stage. Profile enrichment and event chain generation use moderate temperatures (0.7–0.8)
to encourage diverse and creative persona details and preference trajectories, while answer

15



Published as a conference paper at COLM 2026

Table 8: Models evaluated on VehicleMemBench.
Family Model Thinking Mode

Google Gemini Gemini-3-Pro-Preview ✓
OpenAI GPT-5 ✓
ByteDance Doubao-Seed-1.6 ✓

MiniMax MiniMax-M2.5 ✓
MiniMax-M2.1 ✓

Zhipu GLM
GLM-5 ✓
GLM-4.7 ✓
GLM-4.7-Flash —

Moonshot Kimi Kimi-K2.5 ✓
Kimi-K2 ✓

Alibaba Qwen Qwen3.5-397B-A17B ✓
Qwen3-Max ✓

generation uses greedy decoding to ensure deterministic, reproducible reference actions.
Dialogue generation is handled by a separate model (GPT-4.1) to diversify the stylistic
distribution of the generated histories and reduce the risk of systematic artifacts from
relying on a single LLM throughout the pipeline. All LLMs are accessed through OpenAI-
compatible APIs. All stochastic components in the data generation pipeline (including
persona enrichment, event chain construction, and dialogue generation) are controlled
through fixed random seeds where applicable. We ensure that the entire pipeline can be
reproduced deterministically with the same configuration.

F.2 Evaluated Models

We evaluate 12 models from seven families of state-of-the-art LLMs, all accessed through
OpenAI-compatible APIs. Table 8 summarizes the full list. All models are evaluated under
the same protocol described below.

F.3 Evaluated Memory Systems

To evaluate memory-augmented approaches, we implement two scenario-specific base-
lines (Recursive Summarization and Key Value Store) and integrate five representative
general-purpose memory systems. All memory systems are evaluated with both Gemini-3-
Pro-Preview and Qwen3-Max as backbone generation models. Table 9 summarizes their
characteristics. For all general-purpose memory systems, we adopt a two-phase evaluation
protocol: (1) Memory ingestion: the dialogue history for each benchmark instance is split
by day and chronologically fed into the memory system via its native API. Each system
constructs its internal memory representation independently. (2) Online evaluation: the
agent receives a user query and interacts with the vehicle simulator. At each step, the agent
can retrieve relevant preferences from the pre-built memory system through a unified search
interface and then invoke vehicle tools to reach the target state.

We describe the two scenario-specific memory baselines in detail.

Recursive Summarization. For each day, the LLM receives the accumulated memory text
and the day’s conversation and decides whether to call the memory_update tool. If new
vehicle-related preferences are found, the tool is called with the complete updated memory
(previous preferences plus any additions or changes); otherwise, no tool is called, and the
existing memory is carried forward unchanged. This process repeats daily in chronological
order. The final accumulated summary is capped at 2,000 words. During evaluation, the
entire summary is injected into the system prompt as context, eliminating the need for
additional retrieval calls.
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Table 9: Memory systems evaluated on VehicleMemBench.
Memory System Type Description

Recursive Sum-
marization

Scenario-specific Incrementally compresses daily dialogues into a single text
summary of vehicle-related preferences; the final summary
is injected into the system prompt at evaluation time.

Key Value Store Scenario-specific Maintains an explicit key-value store via memory ad-
d/memory remove/memory search tool calls; at evalu-
ation time, the agent queries the store via memory list and
memory search.

MemOS General-purpose Manages heterogeneous memories through structured
memory units (MemCubes) with lifecycle scheduling.

Mem0 General-purpose Automatically extracts, compresses, and persistently stores
key user information for personalization.

LightMem General-purpose Lightweight framework organizing information into short-
term and long-term memory stages with efficient compres-
sion.

Memobase General-purpose Incrementally structures and organizes user preferences
across multi-turn conversations.

Supermemory General-purpose Hierarchical memory framework with multi-layer storage
and selective retrieval mechanisms.

Key Value Store. For each day, the LLM receives the current list of stored keys and the
day’s conversation. The LLM then uses three tools to maintain the store: memory_add(key,
value) to create or overwrite an entry, memory_remove(key) to delete an outdated entry,
and memory_search(key) to check existing entries before making changes. Keys follow a
structured naming convention (e.g.,Gary_night_panel_color). During evaluation, the agent
accesses the pre-built store through two read-only tools: memory_list() to enumerate all
stored keys, and memory_search(key) to retrieve matching entries via both exact and fuzzy
substring matching.

F.4 Computational Resources and API Usage Cost

Our experiments do not require GPU-based local execution, as all models are accessed via
API calls for inference. For local deployment, it is sufficient to meet the runtime requirements
of the corresponding models, without any additional hardware or system constraints.

In terms of computational cost, we observe that the primary overhead arises from memory
construction and retrieval rather than tool execution. Specifically, under the no-memory
setting, evaluating the entire dataset with a single model typically requires approximately
1,000–1,500 API calls. When memory systems are introduced (e.g., recursive summarization
or MemOS), the additional model calls are mainly incurred by memory construction and
updating processes, with the total number of calls often exceeding 5,000.

Furthermore, memory construction exhibits strong sequential dependencies, and interrup-
tions may negatively affect the overall results. Therefore, in practice, it is important to
ensure sufficient and stable computational resources during the memory stage to guarantee
the reliability and consistency of the evaluation.

F.5 Online Evaluation Protocol

All experiments share a unified agent–environment interaction loop. The protocol operates
as follows.

Tool discovery. At the start of each query, the agent receives only a single meta-tool:
list_module_tools(module_name). This function takes a module name (e.g., seat, navigation)
and returns the full list of executable APIs for that module. Once a module is queried, all
of its carcontrol_* functions are dynamically appended to the agent’s available tool set for
the remainder of the interaction. This on-demand discovery mechanism prevents tool-hub
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Table 10: Hyperparameters used for all evaluation experiments.
Parameter Value

Decoding temperature 0.0 (greedy)
Maximum generation tokens 8,192
Maximum tool-call rounds per query 10
Tool choice auto
API retry attempts on failure 3
History tokenizer (for statistics) GPT-4o

overload: the agent must first reason about which module is relevant before gaining access
to module-specific functions.

Interaction loop. At each step, the agent selects one of four action types:

• Memory retrieval (e.g., memory_search, memory_list): look up user preferences from
the pre-built memory store.

• Module discovery (list_module_tools): load API schemas for a specific vehicle module
into the tool set.

• Vehicle tool call (e.g., carcontrol_seat_set_heating_level): execute an in-vehicle operation
that modifies the environment state.

• Termination: the agent produces a final text response without calling any tool, ending
the loop.

The loop runs for at most 10 rounds. Each tool call returns a structured JSON response
containing a success flag, a human-readable message, and the updated device state, which
is appended to the conversation history.

F.6 Evaluation Hyperparameters

Table 10 summarizes the key hyperparameters shared across all evaluation runs. All models
are evaluated under the same configuration to ensure a fair comparison.

G Manual Evaluation of Data Quality

To ensure the overall quality and logical consistency of our dataset, we adopted a multi-
stage human verification protocol. All annotations were conducted by three independent
annotators with at least a bachelor’s degree, and a sample was only considered valid
when all three annotators reached full agreement. Inter-annotator agreement was further
assessed using Cohen’s κ, computed pairwise between annotators and averaged across all
annotator pairs. This consensus-based strategy helps reduce individual bias and improves
the reliability of the evaluation.

Persona Profile Validation. After extending the personal profiles of 100 groups sampled
from Persona-Hub using an LLM, we conducted a manual audit to evaluate their rationality
and diversity. Our primary goal was to filter out profiles exhibiting homogeneity, repetitive
hobbies, or harmful stereotypes. Through this qualitative checking, we retained the top 50
groups that demonstrated the most distinct and well-defined characteristics.

Event-Dialogue Alignment. After interleaving the event chains and generating the his-
torical dialogues, we performed a rigorous manual inspection to verify whether the events
were accurately reflected in the conversation history. Common error patterns identified
during this process included:

• Entity Mismatch: For instance, attributing an action to the wrong person (e.g., the event
showed "Alice" adjusting the navigation voice, while the dialogue incorrectly assigned it
to "Bob").
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• Semantic Deviation: Cases where the dialogue intent was misinterpreted (e.g., a user
requesting guidance was incorrectly logged as a specific setting change).

• Hallucination of Actions or Values: The model occasionally fabricated details not present
in the source text, such as setting the circulation to "outside" or specifying a numerical
brightness level (e.g., "Level 5") when the text only mentioned "maximum."

In total, we examined 500 events. The verification process identified 83 errors (an error
rate of 16.6%, with substantial inter-annotator agreement measured by Cohen’s κ = 0.74).
We manually corrected all the errors to ensure 100% ground-truth accuracy for the final
benchmark.

Query Relevance Verification. To ensure the synthesized queries were both natural and
contextually grounded, we performed a rigorous manual audit focusing on persona con-
sistency and logical flow. Annotators evaluated whether each query felt like a reasonable
continuation of the preceding dialogue and matched the user’s predefined profiles. Com-
mon error types include:

• Contextual Hallucination: The query referenced entities or past actions not present
in the dialogue history (e.g., asking about "the bag in the backseat" when no bag was
mentioned).

• Persona Dissonance: The tone or intent of the query contradicted the established persona
(e.g., a "technologically illiterate" persona suddenly using advanced technical jargon).

• Temporal Inconsistency: Asking for an action that had already been completed or was
logically impossible given the current timestamp.

During this phase, we inspected 500 queries and identified 42 instances (8.4%, with substan-
tial inter-annotator agreement measured by Cohen’s κ = 0.69) that were either too generic
or logically detached from the conversation history. We refined them to ensure that every
query serves as a meaningful probe for the model’s reasoning capabilities.

Answer Correctness. The final stage of our quality control involved verifying the correct-
ness and completeness of the ground-truth answers. Each answer was cross-referenced
against the structured event chain and the specific user query. Some error examples include:

• Attribute Mismatches: Errors in specific values or settings. For example, if in the event
chain a user preferred "adjusting the AC to 22°C," but the answer incorrectly stated
"24°C."

• Omission of Constraints: Failure to address all parts of a multi-intent query. For instance,
if a user asked to "mute the navigation AND play jazz," but the answer only confirmed
the navigation change.

• Reasoning Failures: The answer provided a correct action but an incorrect justification
based on the persona’s history (e.g., claiming a setting was chosen for "safety" when the
persona profile specified "comfort" as the priority).

62 answers (12.4%, with substantial inter-annotator agreement measured by Cohen’s κ =
0.77) out of 500 samples were marked as incorrect or incomplete. These were manually
recalibrated to ensure that the final benchmark provides a strictly accurate and reliable
signal for evaluating LLM performance.

H Event Chain Types

VehicleMemBench organizes each benchmark instance into interleaved event chains rather
than a single linear narrative. In the released data, each instance contains 20 background
chains and 10 executable vehicle-preference chains. The background chains inject realistic
but irrelevant personal information, while the executable chains terminate in a delayed query
paired with a verified reference tool sequence. This structure ensures that the benchmark
simultaneously measures selective recall, multi-user preference reasoning, and grounded
tool execution.
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We define five types of preference evolution events in VehicleMemBench:

• Preference Conflict. Different users may have conflicting preferences for the same device
or function. The model must apply the correct preference based on the current user
identity and the occupants’ conversational role.

• Conditional Constraint. Preferences depend on contextual conditions such as time,
location, weather, or activity state. The model must determine whether the current trigger
condition is active before applying the stored preference.

• Coreference Resolution. Users may refer to settings using custom names, pronouns,
synonyms, or implicit expressions. The model must correctly resolve these references
and map them to the corresponding executable setting.

• State Shift. User preferences evolve over time, requiring the system to incorporate new
preferences without forgetting previously stored ones, while prioritizing the latest valid
state over outdated information.

• Error Correction. Users may explicitly correct previously recorded preferences, requiring
the system to identify and remove incorrect memories and ensure that these erroneous
entries are no longer used.

Representative patterns. In Preference Conflict cases, two occupants may share the same
device but prefer different settings, so the query can only be resolved by identifying which
preference is active in the current trip. Conditional Constraint cases typically bind a prefer-
ence to a trigger such as night driving, industrial areas, child passengers, or conversation
state. Coreference Resolution cases rely on indirect phrases such as “my usual calming
atmosphere” or custom nicknames for modes and locations. While both require temporal
reasoning, State Shift and Error Correction differ in how they treat past preferences. State
Shift allows multiple preference states to coexist, with the system prioritizing the most
recent one. Error Correction, however, requires the system to actively remove incorrect past
preferences, preventing them from being considered at all.

I Ethics, Broader Impacts, and Safeguards

This work adheres to established research ethics standards. The proposed benchmark,
VehicleMemBench, is constructed using publicly available data sources and synthetic gener-
ation pipelines, without involving sensitive personal data or human subject experiments.
Therefore, it does not introduce direct ethical risks related to privacy or data misuse.

From a broader impact perspective, this benchmark aims to advance the development of
intelligent in-vehicle agents with improved long-term memory and personalization capa-
bilities, thereby enhancing the user experience and decision-making in real-world driving
scenarios. However, we acknowledge that errors in memory modeling or decision-making
could negatively affect user experience or system reliability in safety-critical contexts. These
limitations highlight the importance of robust evaluation before real-world deployment.

Regarding safeguards, this work does not release or deploy a generative model that can be
directly misused. Instead, it provides an evaluation benchmark and simulation environment,
which poses minimal risk of a harmful application. The released resources are intended
solely for research purposes, supporting the development of more reliable and controllable
agent systems.

J Prompt

VehicleMemBench uses different prompt families for structured event generation, dialogue
realization, memory construction, and online tool-use evaluation. Below, we show shortened
versions of the prompt families that most directly determine the benchmark’s difficulty,
realism, and evaluation behavior.

In addition to these prompts, the dialogue-generation stage uses dedicated prompts for
related and unrelated events. A key design choice is that related-event dialogues must
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EVENT_CHAIN_GENERATION_PROMPT

You are a data generation model for multi-occupant vehicle cognition and preference reasoning.
Core design objectives:
1. Each event chain must require multi-hop reasoning; no single event alone should reveal the
answer.
2. Vehicle-related chains must end with a delayed query whose answer is deterministic and
executable.
3. Events should span weeks or months and interleave with unrelated life events.
4. Output two JSON lists: unrelated_to_vehicle_preference and related_to_vehicle_preference.
5. For related chains, the attribute field must match a valid path in the vehicle attribute table.
Input placeholders: {group profile}, {device range table}

Figure 5: Shortened prompt for structured event-chain generation.

DIALOGUE_GENERATION_PROMPT

You are a dialogue generation model that converts structured events into natural multi-turn
conversations among vehicle occupants.
Core rules:
1. Generate ONLY human-to-human dialogue. No vehicle-agent or AI assistant utterances are
allowed.
2. For vehicle-related events, the preference must appear as a natural aside in conversation (e.g.,
casual mention, complaint, or request to another occupant), NOT as an explicit voice command.
3. Speaker identities must match the event metadata. Use the speaker’s name at each turn.
4. Maintain chronological consistency with the provided timestamps.
5. Each unrelated event must produce at least 40 lines of dialogue to create realistic distractor
content.
6. Do not omit any event or rewrite it into a more explicit form than the structured event intended.
Input placeholders: {event list}, {user profiles}, {previous context summary}

Figure 6: Shortened prompt for dialogue generation from structured events.

mention vehicle preferences only as a natural aside in human conversation, rather than
as explicit command logs. This makes the benchmark substantially harder than directly
converting events into structured memory records and better reflects the indirect, preference-
revealing nature of real in-cabin interaction.
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SUMMARY_MEMORY_PROMPT

You are an intelligent assistant that maintains a concise memory of user vehicle preferences from
conversations.
Critical rules:
1. If today’s conversation contains new vehicle-related information, call memory_update.
2. If today’s conversation has no new vehicle information, do not call any tool.
3. Keep the total memory under 2000 words.
4. Only record vehicle-related preferences.
Must capture: in-car settings, conditional preferences, user-specific conflicts, and corrections.
Do not capture: general life events, work details unrelated to driving, or personal relationships
unless they directly affect vehicle settings.
Input placeholders: {current memory}, {today’s conversation}

Figure 7: Shortened prompt for recursive summary memory construction.

KV_MEMORY_CONSTRUCTION_PROMPT

You are an intelligent assistant that maintains a key-value memory store of user vehicle prefer-
ences from conversations.
Critical constraints:
1. ONLY store vehicle-related preferences and directly relevant context.
2. Use concise values (under 50 characters per value).
3. Use descriptive keys following the format UserName_device_attribute
(e.g.,Gary_instrument_panel_color).
Available tools:
- memory_add(key, value): Add or overwrite a memory entry.
- memory_remove(key): Remove a memory entry.
- memory_search(key): Search existing entries before updating.
Must capture: in-car device settings, conditional preferences (e.g., Gary_night_panel_color =
white), user-specific conflicts, and corrections to previous settings.
Do not capture: general life events, hobbies, work details, or personal relationships.
If no vehicle-related information is mentioned today, do nothing.
Input placeholders: {current memory keys}, {today’s conversation}

Figure 8: Shortened prompt for key-value memory construction.
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MEMORY_AUGMENTED_EXECUTION_PROMPT

You are an intelligent in-car AI assistant responsible for fulfilling user requests by calling the
vehicle system API.
You have access to a memory store containing user vehicle preferences:
- memory_list() lists stored preference keys.
- memory_search(key) retrieves relevant preferences.
Instructions:
1. Use memory tools to look up the relevant user preference.
2. Use list_module_tools(module_name="xxx") to discover vehicle APIs.
3. Call the specific vehicle functions needed to satisfy the current request.
4. If the available information does not support an exact value, perform only the minimal required
action.
5. Do not repeatedly query the same memory or invoke the same vehicle tool in consecutive
steps unless new evidence requires it.
Input placeholders: {modules_info}, {query}

Figure 9: Shortened prompt for memory-augmented online tool-use evaluation.
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