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Abstract

Personalized lifestyle health analysis requires
long-horizon, multi-dimensional reasoning
over heterogeneous lifestyle signals, and re-
cent advances in mobile sensing and large lan-
guage models (LLMs) make such support in-
creasingly feasible. However, the capabilities
of current LLMs in this setting remain insuf-
ficiently understood due to the lack of sys-
tematic benchmarks. In this paper, we intro-
duce LifeAgentBench, a large-scale QA bench-
mark for long-horizon, cross-dimensional, and
multi-user lifestyle health reasoning, contain-
ing 22,573 questions spanning from basic re-
trieval to complex reasoning. We release an ex-
tensible benchmark construction pipeline and
a standardized evaluation protocol, deriving
verifiable answers through executable queries
and programs to support reliable assessment.
We then systematically evaluate 13 represen-
tative LLMs on LifeAgentBench and identify
key bottlenecks in long-horizon aggregation
and cross-dimensional reasoning. Motivated
by these findings, we propose LifeAgent, a
tool-augmented reasoning baseline that decom-
poses complex queries, performs multi-step ev-
idence retrieval, and invokes tools for deter-
ministic aggregation. LifeAgent substantially
enhances LLMs’ capabilities on challenging
reasoning tasks, achieving clear improvements
over widely used baselines and showing poten-
tial for health reasoning in everyday scenarios.
The benchmark is publicly available.

1 Introduction

Transforming everyday lifestyle signals into timely
and personalized analysis and feedback can sup-
port healthier living and help reduce disease bur-
den (Hietbrink et al., 2025). Such support is closely
connected to major lifestyle factors, as physical in-
activity, insufficient sleep, unhealthy diets, and psy-
chological stress are well-established risk factors
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Figure 1: LifeAgentBench, a benchmark for long-
horizon, cross-dimensional lifestyle health reasoning,
together with LifeAgent, a reasoning baseline.

for the onset and progression of noncommunicable
diseases (World Health Organization, 2023; Vac-
carino et al., 2025). Recent advances in wearables
and mobile health applications have enabled contin-
uous and fine-grained monitoring of daily-life sig-
nals, including physical activity, sleep patterns, di-
etary intake, and stress-related indicators (Jamieson
et al., 2025; Apple Inc., 2025; Google LLC, 2025;
Oei et al., 2024; Zareei et al., 2025; McDuff et al.,
2025). These longitudinal and multi-dimensional
lifestyle records provide a solid foundation for per-
sonalized health-related analysis.

Reasoning over heterogeneous lifestyle signals
across long time spans and producing reliable feed-
back is challenging. In daily life, users often prefer
natural-language interaction over directly inspect-
ing raw lifelog records. They may ask questions
such as “How has my sleep quality been over the
past week?” or “When I increase aerobic exercise,
does my deep sleep also increase?” Answering
these questions requires aggregating measurements
over extended periods, comparing different periods
or conditions, and relating signals across different
lifestyle dimensions. For example, a single night
of reduced sleep may be negligible in isolation, but
when combined with rising stress and an irregular
diet, it may indicate risks that single-dimensional
analysis would miss. Existing machine learning
models are effective for narrow tasks such as clas-
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sification and prediction, but they provide limited
support for holistic, user-facing reasoning and ex-
planation over multi-domain lifestyle factors (Ab-
delaal et al., 2024).

Large language models (LLMs) have shown
strong capabilities across diverse domains, offer-
ing new opportunities for natural-language anal-
ysis and feedback over personal health-related
records (Bedi et al., 2025). Recent studies
have begun to explore LLMs for specific health
and lifestyle applications, such as sleep assess-
ment (Khasentino et al., 2025), activity analy-
sis (Yu et al., 2025), daily log generation (Tian
et al., 2025), and emotion analysis (Xu et al., 2024).
Several health and lifestyle QA benchmarks have
also been introduced, covering nutritional deci-
sion making (NGQA (Zhang et al., 2025)), activ-
ity analysis (SensorQA (Reichman et al., 2025)),
sleep health (SleepQA (Bojic et al., 2022)), emo-
tional support (MentalChat16K (Xu et al., 2025)),
and lifelog analysis (OpenLifelogQA (Tran et al.,
2025)). However, existing benchmarks and evalua-
tions often focus on single domains, short temporal
contexts, or task-specific applications. As a result,
it still lacks a unified benchmark and evaluation
protocol for systematically assessing LLMs under
long-horizon, cross-dimensional, and multi-user
lifestyle health reasoning.

To fill this gap, we introduce LifeAgentBench,
a large-scale QA benchmark for evaluating LLMs
on long-horizon, cross-dimensional lifestyle health
reasoning, as shown in Figure 1. Built from
multi-dimensional lifestyle records, LifeAgent-
Bench contains 22,573 questions spanning ba-
sic fact retrieval, aggregation-intensive reasoning,
cross-dimensional analysis, and multi-user com-
parison. To support reliable and scalable evalu-
ation, we develop an extensible benchmark con-
struction pipeline that aligns lifelog records into
a relational database, instantiates questions from
task templates, and derives deterministic ground-
truth answers through executable queries and pro-
grams. This design enables scalable dataset con-
struction while grounding each answer in verifiable
evidence.

With LifeAgentBench, we evaluate 13 represen-
tative LLMs under two common evaluation settings
and analyze their performance and failure modes:
Context Prompting (Sui et al., 2024) and Database-
augmented Prompting (Biswal et al., 2024). The
results reveal major bottlenecks in long-horizon
aggregation and cross-dimensional, multi-user rea-

soning, suggesting that tool-augmented ground-
ing and deterministic aggregation are critical for
reliable lifestyle health reasoning. Motivated by
these findings, we design LifeAgent as a strong
baseline that decomposes complex queries, per-
forms multi-step evidence retrieval, and invokes
tools to handle aggregation-intensive reasoning
over long time horizons. Experiments show that
LifeAgent substantially improves performance on
the most challenging cross-dimensional and multi-
user questions, and a realistic case study further
demonstrates its potential for supporting everyday
lifestyle health reasoning. In summary, our main
contributions are as follows:

• We introduce LifeAgentBench, a large-
scale benchmark for long-horizon, cross-
dimensional, and multi-user lifestyle health
reasoning over personal lifestyle records.

• We systematically evaluate 13 representative
LLMs and reveal their key bottlenecks in evi-
dence retrieval, long-window aggregation, and
cross-dimensional reasoning.

• We propose LifeAgent, a tool-augmented
baseline that enhances LLMs’ reasoning ca-
pabilities on challenging tasks through multi-
step evidence retrieval and tool use.

2 Related Work

Lifestyle Data for Health Analysis. Lifestyle
datasets provide essential resources for modeling
daily health reasoning. Early resources are often
short-span or single-focus, such as MMASH (Rossi
et al., 2020) for sleep and psychological analysis,
WESAD (Schmidt et al., 2018) for stress and affec-
tive states, and CAPTURE-24 (Chan et al., 2024)
for large-scale activity recognition with sleep di-
aries. More recent lifelogging efforts extend to
longer-term and more diverse sensing, including
LifeSnaps (Yfantidou et al., 2022), GLOBEM (Xu
et al., 2023), and ETRI Lifelog (Oh et al., 2025).
Among them, AI4FoodDB (Romero-Tapiador et al.,
2023; Lacruz-Pleguezuelos et al., 2025) is particu-
larly well aligned with our objective because it pro-
vides month-long longitudinal, multimodal records
from 100 participants, jointly capturing dietary in-
take, physical activity, sleep patterns, and emo-
tional states. Despite these advances in data col-
lection, existing resources primarily provide raw



Method Task Scale Covered Dimensions Multi-user Cross-dimension

NGQA (Zhang et al., 2025) Nutrition reasoning 13.8K Nutrition Health ✗ ✗
SensorQA (Reichman et al., 2025) Daily-life QA 5.6K Activity and Location ✗ ✗
SleepQA (Bojic et al., 2022) Sleep guidance 7K Sleep data ✗ ✗
MentalChat16K (Xu et al., 2025) Mental health dialogue 16.1K Emotion / Mental health ✗ ✗
OpenLifelogQA (Tran et al., 2025) Lifelog QA 14.2K Multi-modal lifestyle ✗ ✓

LifeAgentBench (Ours) Lifestyle health QA 22.6K Diet, activity, sleep, and emotion data ✓ ✓

Table 1: Comparison of LifeAgentBench with existing health and lifestyle QA benchmarks.
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Figure 2: Overview statistics of LifeAgentBench: (a) domain distribution for single-user and multi-user questions,
(b) question word-frequency visualization, and (c) distributions of question types and answer formats.

lifelog records and lack task definitions and eval-
uation benchmarks for health reasoning. There-
fore, LifeAgentBench converts structured lifestyle
records into a verifiable QA benchmark for long-
horizon, cross-domain personal health reasoning.

Healthcare QA Benchmarks and Agents. Re-
cently, QA benchmarks for health and lifestyle have
focused on some important aspects of personal
health, as summarized in Table 1. SleepQA (Bo-
jic et al., 2022) focuses on sleep guidance,
NGQA (Zhang et al., 2025) studies personalized
reasoning between food, nutrition, and health
states, and MentalChat16K (Xu et al., 2025) tar-
gets emotional and mental-health conversations.
SensorQA (Reichman et al., 2025) and OpenLifel-
ogQA (Tran et al., 2025) further established bench-
marks for answering daily life questions based on
sensor signals and personal life logs. Meanwhile,
a series of LLM-based systems and agents for per-
sonal health have also been proposed (Khasentino
et al., 2025; Fang et al., 2024; Kim et al., 2024;
Yu et al., 2025; Tian et al., 2025; Xu et al., 2024;
Yang et al., 2024b). These studies indicate that
LLMs have great potential in personal health anal-
ysis, but existing benchmarks and model studies
still largely focus on single health dimensions or
task-specific applications. A unified and verifiable
benchmark remains lacking for systematically eval-
uating the capabilities and limitations of LLMs in
long-horizon, cross-domain lifestyle health reason-
ing. To address this gap, LifeAgentBench intro-
duces a QA benchmark grounded in multidimen-
sional lifestyle records, enabling systematic eval-

uation of complex reasoning over long temporal
horizons, heterogeneous health dimensions, and
multiple users. It provides a standardized and ex-
tensible testbed, along with a strong baseline, for
assessing and advancing LLMs’ personal health
reasoning capabilities.

3 Dataset

3.1 Overview

We build LifeAgentBench on
AI4FoodDB (Romero-Tapiador et al., 2023),
a multi-modal lifestyle dataset collected from 100
participants that jointly records rich lifestyle and
health-related signals. We focus on four domains:
diet, sleep, physical activity, and emotion, as
they are widely recognized lifestyle factors
associated with chronic disease risk. We align the
source records by user IDs and timestamps, and
construct QA pairs whose answers are derived
from executable queries, enabling verifiable
reasoning over long time windows, cross-domain
relations, and complex multi-user comparisons.
Collectively, LifeAgentBench contains 22,573 QA
pairs, including 13,452 single-user queries and
9,121 multi-user queries.

3.2 Task Taxonomy

LifeAgentBench is designed to evaluate personal
health reasoning from basic fact retrieval to com-
plex long-horizon analysis. We organize the bench-
mark along three axes: reasoning type, reasoning
scope, and answer complexity.

For the reasoning type, LifeAgentBench covers



five categories. (1) Fact Query focuses on retriev-
ing atomic facts at specific times, providing the
basis for reconstructing individual behavior trajec-
tories. (2) Aggregated Statistics extends retrieval
to longitudinal windows and requires statistical ag-
gregation to characterize long-term behavior pat-
terns. (3) Numeric comparison computes relative
differences across time periods, lifestyle domains,
or individuals, revealing behavioral contrasts. (4)
Conditional Query introduces conditions such as
personalized thresholds or multi-user statistics to
identify anomalies and potential risks. (5) Trend
Analysis captures temporal dynamics, aiming to
uncover emerging issues or signs of sustained im-
provement. Together, these categories connect
structured lifestyle records with health-related in-
sights through rich and complex reasoning.

For the reasoning scope, questions are expanded
along two dimensions: domain scope and user
scope. The domain scope ranges from analyzing a
single lifestyle domain to comprehensive reasoning
across multiple domains, and the user scope ranges
from the analysis of individual users to the aggre-
gation and comparison across multiple users. For
the answer complexity, LifeAgentBench includes
Yes/No labels, scalar numerical values, short text
spans, pairwise outputs, and multi-item lists. These
challenging tasks allow LifeAgentBench to eval-
uate the capabilities and key bottlenecks of LLM
agents in comprehensive health reasoning, includ-
ing evidence retrieval, long-window aggregation,
cross-domain alignment, multi-user comparison,
and structured answer synthesis.

3.3 Dataset Generation
We design an automated and extensible pipeline to
generate the QA pairs in LifeAgentBench. First,
we define a compositional query space over struc-
tured lifestyle records, and write executable pro-
grams with verifiable factual answers for each type
of natural-language question. We represent the life
records of user u as Xu = {XD

u , XS
u , X

A
u , X

E
u },

where D, S, A, and E denote the diet, sleep, phys-
ical activity, and emotion domains, respectively.
Each X ·

u is a time-stamped sequence in its cor-
responding domain. All data are aligned by user
IDs and timestamps, enabling queries over specific
time windows and allowing evidence to be com-
bined across domains.

We derive answers by composing a set of rea-
soning operators, including time-window selection,
temporal alignment across domains, aggregation

(e.g., mean, min, and max), comparison across time
periods or user groups, conditional filtering with
thresholds, and temporal pattern analysis such as
consecutiveness and trends. By composing these
operators within and across domains, we instanti-
ate queries ranging from single-domain retrieval to
long-window, cross-domain, and multi-user reason-
ing. For example, a query may analyze whether de-
creases in deep sleep duration over several consec-
utive days are accompanied by increases in stress
levels, which requires joint reasoning over sleep
and emotion records within synchronized time win-
dows. Our operator-based design covers all reason-
ing types in Sec. 3.2, while keeping each question
interpretable and executable.

For each instantiated query type, we define an
executable program π(Q) to generate a natural-
language question Q and obtain a deterministic
answer from the database, enabling verifiable eval-
uation of LLM responses. We further implement
programmatic checks for all QA pairs and con-
duct manual inspection to ensure data quality. The
pipeline is scalable and publicly released, and can
be extended to new data sources or lifestyle do-
mains by adding database schemas and query tem-
plates. Examples. Several example queries are as
follows: (i) Single-dimensional: “For each day last
week, what was my average sleep duration?” (ii)
Cross-dimensional: “Over the past week, on how
many days did I exceed both an activity-duration
[threshold] and a sleep-duration [threshold]?” (iii)
Multi-user: “Over the past week, on how many
days did my sleep duration and aerobic activity
time both exceed the cohort average? On those
days, what was my dominant diet category, and
what trend did my emotion score exhibit?”

4 LifeAgent

4.1 Motivation

Our evaluations on LifeAgentBench (Section 6)
show that LLMs struggle with complex health rea-
soning tasks, especially long-window aggregation
and cross-dimensional evidence integration. These
bottlenecks suggest that reliable lifestyle health rea-
soning requires more than well-designed prompt-
ing: the system must identify relevant evidence,
decompose the task into executable steps, and per-
form aggregation and comparison based on explic-
itly retrieved evidence and rigorous computation.
This observation motivates our tool-augmented de-
sign, which separates high-level reasoning from
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evidence retrieval and deterministic computation.

4.2 Agent Workflow

Following recent agentic reasoning frame-
works (Roucher et al., 2025), we structure
LifeAgent around a thought-action-observation
loop, as illustrated in Figure 3. Given a user-facing
health query Q, LifeAgent aims to generate an
evidence-grounded response R by retrieving and
analyzing relevant lifestyle records. For each
complex query Q, LifeAgent first decomposes it
into a set of sub-questions {qi}ki=1 and constructs
an executable plan P . At step t, the agent main-
tains an evidence cache Et, which stores records
retrieved through tool calls, and an intermediate
context Mt, which stores derived results (e.g.,
aggregates, comparisons, detected anomalies, and
trend summaries). When new observations become
available, the agent updates the plan by adding or
revising sub-questions, and continues to invoke
tools to incrementally update E and M.

This multi-step decomposition is evidence-
driven and adaptive, which improves the ability
of LLMs to analyze complex queries. For exam-
ple, for a comprehensive query such as “How was
my sleep quality last week?”, LifeAgent first re-
trieves daily sleep-related indicators within the time
window, such as sleep duration, summarizes pat-
terns, and identifies abnormal days. When potential
anomalies are detected, it further drills down into
event-level records on those days, such as irregu-
lar diet or unusual activity, and stores the findings
as supporting evidence. After all sub-questions in
the current plan are executed, LifeAgent synthe-
sizes the final answer conditioned on the original
query Q, the accumulated evidence E , and the inter-
mediate context M: R = Synthesize(Q, E ,M).
This workflow enables LifeAgent to answer com-
plex health queries through explicit evidence re-

trieval, adaptive decomposition, deterministic com-
putation, and evidence-grounded synthesis.

4.3 Tool Design
To support multi-step decomposition and reliable
iterative analysis in LifeAgent, we design three cat-
egories of tools. These tools allow the agent to
iteratively retrieve evidence, derive intermediate
statistics, and provide reliable computational sup-
port for complex reasoning and decision-making.

(1) Structured data retrieval. These tools
provide structured access to the lifestyle-record
database under explicit constraints, including do-
main, time window, and granularity. They sup-
port event-level lookups and daily aggregated time-
series extraction. (2) Cohort-level aggregation.
Multi-user queries require aggregating statistics
across users. We design general cohort-level opera-
tors to compute multi-user summaries (e.g., mean,
median, percentiles), rank users by selected met-
rics, and split users into groups for criterion-based
comparisons, enabling efficient multi-user aggrega-
tion and comparison. (3) Deterministic computa-
tion. These tools deterministically perform basic
arithmetic, aggregation, threshold checking, com-
parison, and temporal pattern analysis, such as con-
secutiveness and trends. By delegating low-level
numerical and aggregation operations to determin-
istic tools, LifeAgent reduces computation-induced
LLM hallucinations and separates reliable calcula-
tion from high-level reasoning, allowing the LLM
to focus on query decomposition, reasoning control,
and evidence-grounded synthesis.

5 Experimental Setup

Models. We evaluate a diverse set of representa-
tive LLMs, covering both open-source and closed-
source models with a wide range of scales. (1)
Open-source models: DeepSeek-Coder-1.3B (Guo



Model CP DP

Metrics Acc (%) Acc (%) VA(%) EX(%) Acc|EX(%)

Open-source LLMs

Deepseek-Coder-1.3B 1.09 1.26 43.83 14.62 4.00
Llama-3.2-3B 20.18 13.47 47.29 17.99 67.68
Phi-3.5-mini-3.8B 20.57 16.16 56.67 20.23 77.34
Mistral-v0.3-7B 30.97 9.03 28.46 11.48 75.35
Qwen-2.5-7B 40.45 21.45 55.83 24.71 84.78
Llama-3.1-8B 20.65 21.53 63.33 27.25 77.73
Gemma-2-9B 24.44 14.54 56.24 27.85 51.15
Qwen3.5-9B 45.55 25.76 63.03 32.81 78.51
Llama-3.1-70B 40.51 13.91 45.77 22.73 58.41

Closed-source LLMs

Gemini 2.5 Flash-Lite 44.81 39.04 84.84 45.97 82.92
Claude-3-Haiku 35.30 29.30 74.06 36.49 75.71
GPT-4o 57.02 34.71 63.85 35.97 95.65
DeepSeek-V4-Pro 58.89 55.67 89.45 56.15 90.81

Table 2: Overall results of LLMs on LifeAgentBench.

et al., 2024), Llama (Grattafiori et al., 2024)
(Llama-3.2-3B; Llama-3.1-8B/70B), Phi-3.5-mini-
3.8B (Abdin et al., 2024), Mistral-v0.3-7B (Jiang
et al., 2023), Qwen-2.5-7B (Yang et al., 2024a),
Qwen3.5-9B (Qwen Team, 2026) and Gemma-
2-9B (Team et al., 2024). (2) Closed-source
models: GPT-4o (OpenAI, 2024), Gemini 2.5
Flash-Lite (Comanici et al., 2025), Claude-3-
Haiku (Anthropic AI, 2024) and DeepSeek-V4-
Pro (DeepSeek-AI et al., 2026).

Baselines. We evaluate LLMs on LifeAgent-
Bench under two baseline settings: (1) Context
Prompting (CP) (Sui et al., 2024). Given a health
reasoning question, the system first pre-filters the
life record data to keep the target user’s data, and
then embeds the filtered data with the question into
the prompt for the LLM to reason. (2) Database-
augmented Prompting (DP) (Biswal et al., 2024).
DP adopts a two-stage, LLM-driven retrieval-then-
reasoning workflow. Given the question and the
database schema, the LLM generates an SQL query
to retrieve evidence from the database. The sys-
tem validates the query and executes only complete
read-only SQL queries; the returned results are then
fed back to the LLM to produce the final answer.

Metrics. We use Accuracy (Acc) as the primary
metric across all settings: a prediction is correct
if it matches the normalized ground truth. Yes/No
and text answers require exact match; numeric an-
swers allow an error of ±1 when gt ≤ 14 and
max(0.5% · |gt|, 0.01) otherwise; pairwise and
multi-item answers must contain the same num-
ber of items, with each item correctly matched.
For DP, we further report three automatically com-
puted metrics. For instance i, let si be the gen-
erated SQL, Ei its returned evidence, E∗

i the evi-
dence required for the complete ground-truth an-
swer, and yi and ŷi the ground-truth and predicted
answers. Let VAi = 1[si executes successfully]
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and EXi = 1[VAi = 1 ∧ E∗
i ⊆ Ei]. We define

VA =
1

N

N∑
i=1

VAi,

EX =

∑
i EXi∑
iVAi

,

Acc | EX =

∑
i 1[EXi = 1 ∧ ŷi = yi]∑

i EXi
.

Here, ŷi = yi denotes a correct match under the
normalization rules above. Partial evidence is
counted as incorrect. Thus, Acc | EX measures
final-answer accuracy conditioned on successful
evidence retrieval.

6 Results

We organize our experiments around four research
questions: (1) How well do existing LLMs per-
form on LifeAgentBench? (2) Where do LLMs
fail as reasoning complexity increases? (3) Can
LifeAgent enhance LLMs’ reasoning capabili-
ties? (4) How does each component contribute
to LifeAgent?

Question 1: How well do existing LLMs per-
form on LifeAgentBench? Table 2 and Figure 4
summarize the performance of all evaluated LLMs
on the full dataset. Closed-source models over-
all outperform open-source models, and the recent
models show improved overall performance. Un-
der CP, DeepSeek-V4-Pro achieves the highest ac-
curacy of 58.89%, while Qwen3.5-9B is the best-
performing open-source model with 45.55%. Un-
der DP, DeepSeek-V4-Pro again performs best with
55.67%, followed by Gemini 2.5 Flash-Lite with
39.04%; among open-source models, Qwen3.5-9B
achieves the highest accuracy of 25.76%. These re-
sults reveal a clear capability gap of current LLMs
in performing long-horizon health reasoning over



FQ AS CQ NC TA0

20

40

60

80

100
Ac

cu
ra

cy
 (%

) 69.8

15.6

71.5

49.6

79.1

42.5

26.4

58.5

31.3

14.9

93.7 98.9 99.3 87.5 96.8

Yes/No
Single Num

Short Text
Pairwise

Multi-Item
0

20

40

60

80

100

Ac
cu

ra
cy

 (%
)

75.1
68.3

61.6

33.9
28.1

19.3

41.5

50.4

15.6 17.0

77.6

99.2 99.2
86.0 87.8

CP Acc(%) DP Acc(%) DP Acc|EX(%)

Figure 5: GPT-4o performance across question types
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large-scale, cross-dimensional life records. How-
ever, we find that the final-answer accuracy im-
proves substantially when complete evidence is suc-
cessfully retrieved: nine models achieve Acc|EX
above 70%, and GPT-4o reaches 95.65%. In con-
trast, EX remains much lower, averaging only
28.79% across models. Even for DeepSeek-V4-
Pro, EX reaches only 56.15%. These results indi-
cate that reliable evidence retrieval remains a major
bottleneck even for recent models.
Finding 1. Despite recent model improvements,
existing LLMs still struggle on LifeAgentBench ,
with reliable evidence retrieval being a key bottle-
neck. Moreover, current models remain limited in
generating effective database queries and reliably
retrieving evidence.

Question 2: Where do LLMs fail as reason-
ing complexity increases? To further analyze
the bottlenecks of current LLMs, we analyze their
reasoning performance across different task types,
answer formats, evidence dimensions, and user
settings. First, models degrade substantially on
aggregation-intensive tasks and multi-item outputs.
By task type, models perform relatively well on
fact-oriented queries such as FQ, but struggle with
more complex reasoning. For AS, the average ac-
curacy across models included in our fine-grained
analysis is only 5.72% under CP and 15.31% under
DP, with NC showing similarly low performance.
By answer type, simple outputs such as Yes/No
and single-number answers are handled relatively
well, while multi-item outputs remain difficult. For
multi-item answers, the average accuracy drops to
8.62% under CP and 3.54% under DP. These diffi-
culties persist even for strong proprietary models:
as shown in Figure 5, GPT-4o performs well on eas-
ier categories but still struggles with AS questions
and complex outputs.

Second, performance drops as the evidence
scope expands across dimensions and users. Across
dimensions, the average accuracy in the fine-

The most difficult category CP DP LifeAgent

Question Type AS 5.21 17.35 24.71
NC 24.42 12.29 40.15

Answer Type Pairwise Answer 1.78 6.06 38.31
Multi-item Answer 0.36 3.04 32.31

All dimensions Single-user 14.69 2.81 53.06
Multi-user 0.00 15.00 52.44

Average – 7.74 9.43 40.16

Table 3: Accuracy (%) on the most challenging subsets
of LifeAgentBench, comparing LifeAgent with CP and
DP baselines under the same backbone (Qwen2.5-7B).

grained analysis decreases from 41.54% to 23.42%
under CP and from 30.84% to 9.63% under
DP when moving from single-dimension to all-
dimension tasks. Multi-user settings further in-
crease the difficulty, as they require cohort-level ag-
gregation and comparison across users. Under the
CP setting, the required data can easily exceed the
LLM context-window limit, directly leading to rea-
soning failure. Under DP, LLM performance also
drops substantially, indicating that current LLMs
still have major limitations in large-scale evidence
retrieval and aggregation.
Finding 2. LLMs struggle most with aggregation-
intensive reasoning and structured outputs, and
the performance further degrades as the evidence
scope expands across more lifestyle dimensions
and users.

Question 3: Can LifeAgent enhance LLMs’ rea-
soning capabilities? Previous analyses show that
current LLMs have clear limitations in aggregation-
intensive reasoning, structured answer synthesis,
and large-scope evidence retrieval. To enhance
LLMs’ reasoning capabilities in these challenging
cases, LifeAgent decomposes complex queries into
multi-step reasoning processes and uses a suite
of tools for evidence retrieval and computation,
combining tool-based computation with the high-
level reasoning ability of LLMs to support cross-
domain and multi-user reasoning. We compare
LifeAgent with baselines on the most challeng-
ing reasoning subsets, as shown in Table 3. Over-
all, LifeAgent substantially improves accuracy on
these tasks: the average accuracy increases from
7.74% with CP and 9.43% with DP to 40.16%, cor-
responding to gains of +32.42 and +30.73 points,
respectively. Specifically, LifeAgent markedly im-
proves performance on the hardest question types,
such as AS and NC, indicating stronger capability
for aggregation-intensive reasoning. It also im-
proves compositional-output reasoning: on multi-
item answers, CP and DP achieve only 0.36%



All-Dim.
Benchmark(%)

Health-Indicator
Queries (%)

w/o Decomposition Loop 38.76 61.97
w/o Retrieval Tools 46.13 33.84
w/o Computation Tools 43.65 66.37

Full LifeAgent 52.75 69.84

Table 4: Ablation study of LifeAgent. Accuracy (%)
is reported on all-dimension benchmark questions and
health-indicator queries.

and 3.04% accuracy, whereas LifeAgent reaches
32.31%. Moreover, LifeAgent scales better to
larger evidence scopes, raising all-dimension accu-
racy to above 50% for both single-user and multi-
user queries, while CP and DP are below 15%.
Finding 3. LifeAgent enhances LLMs’ reasoning
capabilities on challenging subsets, especially for
aggregation-intensive reasoning, structured answer
synthesis, and large-scope cross-domain and multi-
user evidence integration.

Question 4: How does each component con-
tribute to LifeAgent? To study the contributions
of LifeAgent’s key components, we conduct an
ablation study. Since rerunning all ablation vari-
ants over the full 22,573-question benchmark is
computationally expensive, we evaluate them on
the all-dimension benchmark questions and the
health-indicator queries from the case study de-
scribed in next section. These two evaluation sets
provide complementary coverage of challenging
cross-dimensional reasoning and detailed lifestyle
analysis. All variants use the same Qwen2.5-7B
backbone, question sets, decoding settings, and
evaluation protocol, with only the corresponding
component removed. As shown in Table 4, the
full LifeAgent performs best on both evaluation
sets, and removing any component consistently de-
grades performance. On the all-dimension bench-
mark questions, removing decomposition causes
the largest drop (52.75% to 38.76%), highlighting
its importance in avoiding omitted cross-domain
sub-tasks and incomplete answers. On the health-
indicator queries, removing retrieval tools has the
greatest impact (69.84% to 33.84%), highlighting
the importance of complete and accurate evidence
acquisition. Removing the computation tools also
degrades performance, supporting their role in re-
ducing errors in long-window aggregation and com-
parison.
Finding 4. The ablation study confirms that the
three key components of LifeAgent make comple-
mentary contributions: decomposition is particu-

larly important for complex cross-dimensional rea-
soning, retrieval is critical for complete evidence
acquisition, and deterministic computation sup-
ports reliable long-window aggregation and com-
parison.

7 Case Study: Personal Health Assistants

Question 5: Can LifeAgent support re-
alistic personal health assistant scenarios?
LifeAgent demonstrates the feasibility of serving
as a strong baseline for reliable health inference
on lifestyle data. In realistic usage scenarios, users
expect end-to-end assistance for health queries and
reasoning, including evidence-grounded retrieval,
cross-domain integration, and actionable, construc-
tive suggestions based on their lifestyle records. To
evaluate the potential of LifeAgent as a personal
health assistant, we conduct a case study grounded
in everyday usage scenarios, covering three realis-
tic task types: (1) Health-indicator queries: factual
status retrieval, e.g., “How was my [indicator(s)]
this week?”, where indicators may come from one
or multiple domains, such as sedentary duration
and sleep duration. (2) Comprehensive health rea-
soning: holistic status assessment and issue iden-
tification over multiple domains, e.g., “How was
my overall condition this week, and are there any
issues I should be aware of?”, integrating activity,
sleep, emotion, and diet. (3) Targeted lifestyle rec-
ommendations: actionable suggestions grounded in
the assessed issues and supporting evidence, e.g.,
“Based on my past-week condition, what targeted
changes should I make?”.

Setup and Metrics. We conduct the case study
using the 100 users in LifeAgentBench, without
collecting any new user data. For each user, we
construct 10 health-indicator queries, 5 comprehen-
sive assessment queries, and 5 recommendation
queries. We evaluate at two levels: for Task (1),
where answers can be deterministically verified
against the underlying records, we report Accu-
racy. For Tasks (2) and (3), where no standard
ground truth exists, we follow recent LLM-as-a-
judge evaluation practices for open-ended genera-
tion and instruction following (Zheng et al., 2023;
Liu et al., 2023; Li et al., 2025; Huang et al., 2025).
Specifically, we use five LLM judges: Gemini-3.5-
Flash (Google DeepMind, 2026), DeepSeek-V4-
Pro (DeepSeek-AI et al., 2026), Claude-Sonnet-
5 (Anthropic, 2026), Qwen3.5-9B (Qwen Team,
2026), and GPT-4o (OpenAI, 2024). All judges



Task Health-indicator queries (Acc %) Comprehensive health reasoning (Score 1–5) Targeted lifestyle recommendations (Score 1–5)

Dimension CP DP LifeAgent CP DP LifeAgent CP DP LifeAgent

Activity 40.22 59.40 78.56 1.63 2.08 3.16 2.62 2.84 3.09
Sleep 38.86 39.62 71.51 2.01 2.11 3.05 3.26 3.56 3.77
Emotion 49.70 60.47 79.68 1.89 2.34 3.40 2.69 2.91 3.24
Diet 27.27 17.14 49.34 1.32 1.42 3.03 2.60 2.76 3.12
All dimensions 36.21 40.15 70.12 2.14 2.46 2.70 2.51 2.55 2.87

Average 38.45 43.36 69.84 1.80 2.08 3.07 2.74 2.92 3.22

Table 5: Case-study results of CP, DP, and LifeAgent on lifestyle health reasoning tasks. Acc (%) is reported for
health-indicator queries, while rubric-based scores averaged across five LLM judges are reported for comprehensive
reasoning and targeted recommendations.

are provided with the same user task, supporting
evidence as the source of truth, candidate response,
and evaluation rubric, and assign 1–5 scores on
faithfulness, aggregation correctness, coverage, ac-
tionability, personalization, and conciseness. We
report scores averaged across the five judges.

Results and Discussion. Table 5 reports the per-
formance of LifeAgent on the three assistant-style
tasks, compared with the two baselines. The results
show that LifeAgent achieves higher performance
than both CP and DP across all three task types. For
health-indicator queries, LifeAgent obtains 69.84%
average accuracy, outperforming CP (38.45%) and
DP (43.36%). For the two open-ended tasks,
the five-judge average scores consistently favor
LifeAgent. On comprehensive health reasoning,
LifeAgent scores 3.07, compared with 1.80 for CP
and 2.08 for DP; on targeted lifestyle recommenda-
tions, it scores 3.22, compared with 2.74 and 2.92,
respectively. Moreover, LifeAgent achieves the
highest average score under each individual judge
on both open-ended tasks, indicating that the case-
study conclusions are consistent across different
LLM judges rather than being driven by a single
judge.

These gains suggest that multi-step reasoning
and tool design enable LifeAgent to strengthen
LLMs for complex cross-domain lifestyle reason-
ing, allowing it to better support practical end-to-
end health assistant scenarios. Importantly, these
improvements are built on LifeAgentBench: evalu-
ations on LifeAgentBench reveal key failure modes
of current LLMs in long-horizon, cross-domain
lifestyle reasoning, which motivate our analysis
and the design of LifeAgent. Therefore, LifeAgent-
Bench can serve as a diagnostic testbed for future
work. As new models and agents are evaluated,
newly revealed bottlenecks can in turn guide im-
proved model designs, reasoning strategies, and
tool-use mechanisms for grounded long-horizon
reasoning.

8 Conclusion

We introduce LifeAgentBench, a large-scale bench-
mark for evaluating LLMs on long-horizon, cross-
dimensional, and multi-user lifestyle health rea-
soning over personal records. Using LifeAgent-
Bench, we systematically evaluate 13 representa-
tive LLMs and uncover clear bottlenecks: while
models perform relatively well on simple factual re-
trieval, they degrade substantially on long-horizon
aggregation, cross-dimensional evidence integra-
tion, and multi-user reasoning. Motivated by these
findings, we propose LifeAgent, a tool-augmented
baseline that decomposes complex queries, per-
forms multi-step evidence retrieval, and invokes
tools for deterministic aggregation over long time
horizons. LifeAgent substantially improves perfor-
mance on the most challenging tasks, demonstrat-
ing the value of explicit evidence grounding and
deterministic tool use for lifestyle health reasoning.
We release the benchmark, construction pipeline,
and evaluation protocol to support future research
on LLMs and agents with stronger long-horizon,
cross-dimensional reasoning capabilities.

Limitations

Although LifeAgentBench provides a large-scale
and verifiable benchmark for long-horizon lifestyle
health reasoning, its current instantiation is con-
structed primarily from a specific lifestyle dataset
and focuses on four domains: diet, sleep, physical
activity, and emotion. These domains capture im-
portant aspects of daily health behavior, but do not
provide a comprehensive representation of personal
health, such as clinical measurements, medical his-
tory, medication use, or other physiological signals.
Further validation is therefore needed across ad-
ditional health factors, longer time spans, sensing
modalities, populations, and data-collection set-
tings. The released construction and evaluation
framework can be extended to datasets containing
such additional information, providing a direction



for broader evaluation over heterogeneous health
records.

Second, the QA pairs are generated through a
template- and operator-based pipeline. This con-
trolled design enables scalable benchmark con-
struction and deterministic ground-truth derivation,
which are important for reliable and reproducible
evaluation. However, it may not fully capture the di-
versity and complexity of natural user interactions.
Although our case study extends the evaluation to
more open-ended life assistant-style scenarios, the
current work does not systematically evaluate am-
biguity, underspecification, paraphrastic diversity,
informal wording, or multi-turn conversational con-
text. Extending the benchmark to these more com-
plex language and dialogue settings is an important
direction for future work.

Finally, the current benchmark is constructed
from quality-controlled records after preprocessing
missing and anomalous values. Consequently, our
experiments do not systematically evaluate the ro-
bustness of LifeAgent or the evaluated LLMs to un-
processed missing, noisy, or unreliable records. Fu-
ture systems could incorporate data-completeness
checks, anomaly detection, and explicit handling
of uncertain evidence before reasoning and synthe-
sis. Further validation is also needed under more
realistic deployment conditions, including latency,
user interaction, and expert review.

Ethical Considerations

LifeAgentBench is designed as a benchmark for
evaluating long-horizon lifestyle health reasoning
rather than as a clinical decision-making system. It
is constructed from AI4FoodDB (Romero-Tapiador
et al., 2023), an existing dataset released for re-
search purposes, in which personal information has
been anonymized and participants are represented
by IDs. We do not collect new human-subject
data or introduce additional personal information.
The released benchmark is intended to support re-
search on record-grounded reasoning over struc-
tured lifestyle data. Since AI4FoodDB (Romero-
Tapiador et al., 2023) was collected from a spe-
cific study population, LifeAgentBench may in-
herit demographic, geographic, cultural, and be-
havioral biases from the original data and may not
fully represent broader populations or health condi-
tions. Therefore, results on LifeAgentBench should
be interpreted as evaluations of model reasoning
over this structured lifestyle dataset rather than as

direct evidence of generalization to broader real-
world populations or health contexts. Similarly,
LifeAgentBench and LifeAgent are intended for
benchmarking and research on evidence-grounded
lifestyle reasoning, not for diagnosis, treatment, or
medical decision-making. Automatically generated
lifestyle assessments or recommendations should
not be treated as professional medical advice or as a
substitute for qualified medical judgment. Deploy-
ing similar systems in real-world health settings
would require additional safeguards and validation,
including privacy protection, user consent, safety
mechanisms, and expert review.
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Appendix

A Dataset Construction Details

Figure 6 illustrates the overall construction pipeline
of LifeAgentBench. Starting from heterogeneous
lifestyle records, we first normalize and align multi-
domain data into a relational database. We then
design reusable question templates and instanti-
ate them through executable programs to generate
natural-language questions and deterministic an-
swers. Finally, we apply programmatic checks and
human verification to ensure the validity of the gen-
erated QA pairs. The dataset, construction pipeline,
and evaluation code are publicly available at https:
//gdfwj.github.io/LifeAgentBench/.

A.1 Dataset Construction Pipeline
To systematically evaluate LLMs on long-horizon
and cross-domain lifestyle health reasoning, we de-
velop an automated and extensible QA construction
pipeline. The pipeline converts structured lifestyle
records into verifiable QA pairs through the follow-
ing stages.

Data Normalization and Database Construc-
tion. We start from the structured records in
AI4FoodDB and organize the data into four health-
related lifestyle domains: diet, sleep, physical activ-
ity, and emotion. The raw files are normalized into
relational tables with consistent attribute names,
data types, user identifiers, and timestamp formats.
During this process, we also handle missing and
anomalous records before QA generation. For in-
dicators such as step count and aerobic activity,
missing values are set to zero, while missing values
for continuous indicators such as sleep duration are
imputed using the mean of the user’s valid records
within the corresponding week. Clearly anoma-
lous or invalid records are removed before the nor-
malized tables are used for benchmark construc-
tion. Records from different domains are aligned
by user IDs and timestamps, which allows ques-
tions to combine evidence across multiple lifestyle
dimensions and temporal windows. The normal-
ized tables are then loaded into a MySQL database,
enabling both single-domain retrieval and cross-
domain reasoning through executable SQL queries.

Template Design. We design a set of reusable
question templates to cover the major reasoning
types in LifeAgentBench, including fact queries,
aggregated statistics, numeric comparison, condi-
tional queries, and trend analysis. Each template
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Figure 6: Overview of the LifeAgentBench construction pipeline. Multi-dimensional lifestyle records, including
diet, sleep, activity, and emotion, are first aligned by user IDs and timestamps into a relational database. Based
on the aligned database, we design question templates, programmatically generate executable QA instances, and
perform human verification to obtain the final QA pairs.

specifies the natural-language question pattern, re-
quired domains and tables, input parameters, an-
swer format, and the reasoning operators needed
to derive the answer. These operators include time-
window selection, temporal alignment, aggregation,
comparison, threshold-based filtering, and trend or
consecutiveness detection. This template-based de-
sign allows the benchmark to cover diverse reason-
ing tasks while keeping each question executable
and interpretable.

Programmatic QA Generation. Given a tem-
plate, the pipeline instantiates concrete questions
by sampling valid users, time windows, domains,
thresholds, and other task-specific parameters from
the database. For each instantiated question, the
corresponding executable SQL query or program
is used to retrieve the required evidence and de-
rive the deterministic ground-truth answer. The
generated instance contains the natural-language
question, the answer, the answer type, the involved
domains, the user scope, and the metadata needed
for evaluation. This procedure maximizes the relia-
bility of the ground-truth answers by deriving them
directly from executable queries over the underly-
ing lifestyle records, rather than relying on manual
annotation or model-generated answers.

Quality Control and Human Verification. We
apply programmatic checks to filter invalid or am-
biguous QA instances. These checks verify that
the executable query runs successfully, the returned
evidence is non-empty when required, the derived
answer matches the expected answer format, and
the question metadata is consistent with the instan-
tiated template. In addition, we conduct human
verification to inspect generated questions, answer
derivations, and representative examples from dif-

ferent reasoning categories. This step helps ensure
that the generated QA pairs are semantically clear,
executable, and aligned with the intended reason-
ing tasks.

A.2 Extensibility of the Template Framework

A key design goal of LifeAgentBench is to pro-
vide not only a fixed benchmark but also a
reusable framework for constructing new bench-
marks over longitudinal lifestyle data. The con-
struction pipeline is modular, separating dataset-
specific data organization from question-template
definition, executable answer generation, and eval-
uation. We release the complete construction code
to facilitate such extensions and encourage re-
searchers to adapt the framework to new datasets,
lifestyle domains, and reasoning settings.

Adding New Data Sources. To extend the frame-
work to a new dataset, researchers can first orga-
nize the target records into structured tables with
explicit user identifiers, timestamps, and relevant at-
tributes, and load them into the relational database.
Dataset-specific fields and table schemas can then
be mapped to the variables required by the ques-
tion templates by modifying the data loading and
schema-mapping configurations. When the target
dataset provides semantically compatible attributes,
the existing templates and executable generation
pipeline can be reused without redesigning the un-
derlying reasoning tasks.

Defining and Extending Question Templates.
The framework also allows researchers to cus-
tomize the reasoning tasks themselves. Each tem-
plate specifies a natural-language question pattern,
parameter space, required data fields, executable
retrieval or computation logic, answer derivation



rule, and expected output format. Researchers can
instantiate new questions within the existing rea-
soning categories, including Fact Query (FQ), Ag-
gregated Statistics (AS), Conditional Query (CQ),
Numeric Comparison (NC), and Trend Analysis
(TA). New questions can be created by defining
new attributes, conditions, or parameter combi-
nations. They can also introduce new templates
or reasoning categories for settings not covered
by the current benchmark, such as multi-hop rea-
soning, personalized goal tracking, or longer-term
behavioral change analysis. In this way, the frame-
work can be extended at both the data level and the
reasoning-task level.

Generating and Evaluating New QA Pairs.
Once the required schemas and templates are spec-
ified, the same generation pipeline can instantiate
questions, execute the corresponding SQL queries
or programs, and derive deterministic ground-truth
answers. The resulting QA pairs can be stored in
the same format as LifeAgentBenchand evaluated
using the existing Context Prompting and Database-
augmented Prompting protocols and correctness
criteria. This allows newly constructed benchmark
variants to retain the same executable and verifi-
able evaluation framework while incorporating new
data sources and reasoning challenges.

Cross-Dataset Example. To provide a concrete
example of this extensibility, we apply the frame-
work to LifeSnaps (Yfantidou et al., 2022), a lon-
gitudinal lifestyle dataset whose data structure
and indicator organization differ from those of
AI4FoodDB. Using the sleep records in LifeSnaps,
we organize the relevant fields in the relational
database and map the dataset-specific attributes to
the corresponding semantic variables and template
parameters. We then reuse the existing template
instantiation, executable query generation, and de-
terministic answer-validation pipeline. This adap-
tation generates 2,500 verifiable QA pairs covering
all five reasoning types: FQ, AS, CQ, NC, and
TA. The example provides empirical evidence that
the construction framework is not tied to the spe-
cific schema or study setting of AI4FoodDB. More
broadly, researchers can follow the same procedure
to construct benchmark variants over other lon-
gitudinal datasets, while defining new mappings,
domains, or executable reasoning templates when
required by the target data and research questions.

Category Count Percentage

User scope Single-user 13,452 59.6%
Multi-user 9,121 40.4%
Total 22,573 100.0%

Reasoning type Fact Query (FQ) 3,402 15.1%
Aggregated Statistics (AS) 4,732 21.0%
Conditional Query (CQ) 5,134 22.7%
Numeric Comparison (NC) 4,550 20.2%
Trend Analysis (TA) 4,755 21.1%

Answer format Yes/No 3,500 15.5%
Single Number 10,642 47.1%
Short Text 4,061 18.0%
Pairwise Answer 3,186 14.1%
Multi-item Answer 1,184 5.2%

Domain coverage Activity 10,003 44.3%
Sleep 12,422 55.0%
Emotion 6,950 30.8%
Diet 6,213 27.5%

Table 6: Overall statistics of LifeAgentBench. Percent-
ages are computed over all 22,573 QA pairs. Domain
coverage is non-exclusive: a question involving multi-
ple domains is counted once for each involved domain.

B Dataset Statistics

Table 6 provides a compact summary of LifeAgent-
Bench. The benchmark contains 22,573 QA pairs,
including 13,452 single-user questions and 9,121
multi-user questions, covering both individual-
ized lifestyle reasoning and multi-user comparison.
For reasoning types, the dataset is relatively bal-
anced. Fact queries account for 15.1% of the ques-
tions, while the other four reasoning types each ac-
count for about 20%: aggregated statistics (21.0%),
conditional queries (22.7%), numeric comparison
(20.2%), and trend analysis (21.1%). This distri-
bution allows the benchmark to evaluate a broad
spectrum of reasoning capabilities. In addition to
basic information retrieval, models are required to
aggregate lifestyle signals over long time windows,
apply threshold- or condition-based filtering, com-
pare measurements across periods or users, and
identify temporal patterns such as trends or consec-
utive changes.

The benchmark also covers diverse answer for-
mats. Single-number answers account for the
largest proportion (47.1%). This reflects the fact
that many lifestyle records are naturally repre-
sented as measurable quantities, such as duration,
frequency, intensity, averages, and differences over
time. However, LifeAgentBenchis not limited to
scalar prediction. It also includes yes/no answers
(15.5%), short-text answers (18.0%), pairwise an-
swers (14.1%), and multi-item answers (5.2%),
which introduce additional requirements beyond
computing a single value. These formats require
models to make binary judgments, extract cate-



gorical information, associate values with dates or
entities, and synthesize multiple related outputs in
a structured form.

For domain coverage, the questions span four
lifestyle dimensions: diet, sleep, physical activ-
ity, and emotion. Sleep and activity appear most
frequently, while emotion and diet provide addi-
tional cross-domain evidence for more comprehen-
sive lifestyle health reasoning. Since a question
may involve multiple domains, domain coverage is
non-exclusive: a cross-domain question is counted
once for each involved domain. Overall, these
statistics show that LifeAgentBench provides a di-
verse testbed for evaluating LLMs on long-horizon,
cross-dimensional, and multi-user lifestyle health
reasoning.

C Additional Experimental Results

C.1 Question Type and Answer Format

Table 8 provides a fine-grained breakdown of
model performance by question type and answer
format. The results reveal that the difficulty of
LifeAgentBench is not uniform across categories:
models are relatively more reliable on simple re-
trieval and constrained-output questions, but de-
grade substantially when the task requires long-
window aggregation, numerical comparison, or
structured multi-part answer generation. Among
question types, the contrast between Fact Query
(FQ) and Aggregated Statistics (AS) highlights
how performance changes when the task moves
from record-level grounding to long-window evi-
dence consolidation. FQ evaluates whether models
can identify and interpret relevant lifestyle records,
while AS keeps this grounding requirement but fur-
ther requires aggregating multiple records over a
temporal window. The results indicate that the ag-
gregation requirement substantially increases the
reasoning difficulty and leads to a clear drop in
accuracy. For example, under Context Prompt-
ing, Qwen2.5-7B obtains 19.38% accuracy on FQ
but only 5.21% on AS, while GPT-4o drops from
69.78% on FQ to 15.63% on AS. This suggests that
directly prompting LLMs with tabular context is
not reliable enough for long-window aggregation.
Numeric Comparison (NC) introduces a related
but distinct challenge: models must first derive
or retrieve intermediate quantities and then com-
pare them across time periods, users, or lifestyle di-
mensions. Under Database-augmented Prompting,
GPT-4o achieves 87.52% Acc|EX but only 31.31%

raw accuracy on NC. This gap indicates that once
effective evidence is retrieved, the model can often
derive the correct comparison, but generating the
correct retrieval query remains a major bottleneck.

The answer-format breakdown further shows
that models become less reliable when the answer
requires more multi-step reasoning and synthesis.
Models perform better on constrained formats such
as Yes/No and single-number answers, where the
final response is short and usually centered on one
decision or one scalar value. For instance, GPT-
4o achieves 75.06% accuracy on Yes/No answers
and 68.31% on single-number answers under Con-
text Prompting, but its accuracy drops to 33.87%
on pairwise answers and 28.11% on multi-item
answers. This decline suggests that current mod-
els face a clear bottleneck when answering more
reasoning-intensive multi-part questions. Unlike
single-value outputs, pairwise and multi-item an-
swers require the model to derive multiple pieces
of evidence, maintain the logical correspondence
among them, and synthesize them into a coherent
structured response. The gap between raw DP ac-
curacy and Acc|EX further helps separate evidence
retrieval from answer synthesis. For example, GPT-
4o reaches 98.89% Acc|EX on AS and 99.26% on
Conditional Query (CQ), while its corresponding
raw DP accuracies are 26.45% and 58.47%. This
shows that when the retrieved evidence is effective,
strong models can often produce the correct final
answer; however, generating the correct retrieval
query remains difficult. Overall, these fine-grained
results support the main finding that current LLMs
struggle most with long-horizon aggregation, nu-
merical comparison, and structured answer synthe-
sis.

C.2 User Scope and Domain Complexity
Table 10 reports model performance under different
user scopes and domain-complexity settings. The
Single setting corresponds to questions grounded
in one lifestyle dimension, while M-Sleep and M-
Activity involve multiple types of indicators within
the sleep and activity domains, respectively. M-C2
and M-C4 further expand the evidence scope to
cross-domain reasoning over two and four lifestyle
dimensions. The multi-user setting additionally
requires cohort-level aggregation or comparison
across users. The results show that expanding
the evidence scope generally makes the task more
challenging. For example, under Context Prompt-
ing, Qwen2.5-7B obtains 45.00% accuracy in the



Single setting, but drops to 14.69% in the single-
user M-C4 setting. A similar trend appears under
Database-augmented Prompting, where Qwen2.5-
7B decreases from 38.37% on Single to only 2.81%
on single-user M-C4. Even stronger proprietary
models show clear degradation when the evidence
scope and domain coverage become more com-
plex: GPT-4o obtains 55.67% raw accuracy on
Single under Database-augmented Prompting, but
only 23.54% on single-user M-C4. These results
indicate that cross-domain reasoning over heteroge-
neous lifestyle records remains difficult, especially
when the model must integrate evidence from mul-
tiple lifestyle domains and reason over the logical
relationships among different health indicators.

The multi-user setting introduces another layer
of difficulty because models must reason over
cohort-level statistics rather than only an individ-
ual user’s records. For instance, under Database-
augmented Prompting, GPT-4o reaches 36.27% ac-
curacy on multi-user Single questions and 31.31%
on multi-user M-C4 questions, both lower than its
single-user Single performance. This suggests that
user-scope expansion increases the burden of evi-
dence retrieval and aggregation, particularly when
multi-user comparison is combined with cross-
domain reasoning. This results also shows that
the model can usually use the retrieved evidence ef-
fectively once the relevant information is available,
but the expanded domain scope makes it difficult
to identify and retrieve the necessary evidence in
the first place. Overall, these results show that both
domain complexity and user-scope expansion sub-
stantially increase the difficulty of lifestyle health
reasoning, highlighting the need for methods that
can better integrate evidence across lifestyle do-
mains, capture logical relationships among health
indicators, and support cohort-level aggregation.

C.3 Impact of Model Scale and Quantization
Table 9 compares Qwen2.5 variants across differ-
ent model scales and quantization settings. The re-
sults show that model scale and numerical precision
both affect performance, but the gains are not uni-
form across settings or reasoning categories. Under
Context Prompting, larger or higher-precision mod-
els generally improve overall accuracy. Qwen2.5-
7B achieves 40.45%, while Qwen2.5-14B (8-bit)
and Qwen2.5-32B (4-bit) improve to 51.51% and
53.86%, respectively. However, scaling alone does
not fully address difficult reasoning types: even
Qwen2.5-32B (4-bit) reaches only 9.80% accuracy

on Aggregated Statistics (AS), indicating that long-
window aggregation remains challenging.

Quantization introduces a clear trade-off. Al-
though Qwen2.5-14B has more parameters than
Qwen2.5-7B, the 4-bit version obtains only 38.42%
overall accuracy under Context Prompting, lower
than the 7B model’s 40.45%, whereas the 8-
bit version reaches 51.51%. A similar gap
appears under Database-augmented Prompting,
where Qwen2.5-14B (4-bit) obtains 16.39% raw
accuracy and 54.82% Acc|EX, while Qwen2.5-14B
(8-bit) reaches 19.10% and 77.82%. These results
suggest that aggressive quantization can weaken
both evidence-based reasoning and final answer
generation. The Database-augmented Prompting
results further show that larger models do not mono-
tonically improve all metrics. Qwen2.5-32B (4-bit)
achieves the highest raw DP accuracy among the
Qwen variants (26.95%), but its Acc|EX (75.24%)
is lower than that of Qwen2.5-7B (84.78%). Over-
all, scaling and precision help improve perfor-
mance, but they do not eliminate the core bottle-
necks in long-horizon aggregation, structured an-
swer synthesis, and cross-domain evidence ground-
ing.

C.4 Multi-Judge Evaluation of the Case Study
To further examine the robustness of the case-study
evaluation, we report the complete results from
all five LLM judges in Table 7. The judges in-
clude Gemini-3.5-Flash (Google DeepMind, 2026),
DeepSeek-V4-Pro (DeepSeek-AI et al., 2026),
Claude-Sonnet-5 (Anthropic, 2026), Qwen3.5-
9B (Qwen Team, 2026), and GPT-4o (OpenAI,
2024). This multi-judge protocol reduces depen-
dence on any single LLM evaluator, but does not
substitute for human or health-expert validation and
should not be interpreted as clinical validation. For
the two open-ended tasks, all judges are provided
with the same user task, supporting evidence, candi-
date responses, evaluation rubric, and 1–5 scoring
scale, following the evaluation protocol described
in Section 7. Although the absolute scores vary
across judges, the relative performance is highly
consistent. For every judge, LifeAgent achieves
the highest average score on both comprehensive
health reasoning and targeted lifestyle recommen-
dations. The same trend also holds across the in-
dividual lifestyle dimensions reported in Table 7.
These results indicate that the main case-study con-
clusion is robust to the choice of LLM judge rather
than being driven by a single evaluator.



D The Use of Large Language Models
(LLMs)

We used LLM-based writing assistants for gram-
mar correction, wording refinement, and improving
the readability of the manuscript. All LLM-assisted
edits were carefully reviewed, revised when nec-
essary, and validated by the authors, who take full
responsibility for the final content of the paper.

E Implementation Details

Models and computing infrastructure. We
evaluate both open-source and proprietary LLMs.
For open-source models, including DeepSeek-
Coder-1.3B, Llama-3.2-3B, Phi-3.5-mini-3.8B,
Mistral-v0.3-7B, Qwen2.5-7B, Llama-3.1-8B, and
Gemma-2-9B, Qwen3.5-9B are evaluated on a sin-
gle RTX 4090 GPU. Larger models, including
Qwen2.5-14B with 4-bit and 8-bit quantization,
Qwen2.5-32B with 4-bit quantization, and Llama-
3.1-70B with 4-bit quantization, are evaluated on
4×A6000 GPUs. Closed-source models, including
GPT-4o, Claude-3-Haiku, and Gemini 2.5 Flash-
Lite, DeepSeek-V4-Pro are accessed through their
official APIs. The total open-source inference cost
was approximately 300–500 GPU hours, estimated
from wall-clock runtime and the number of GPUs
used.

Inference settings. All experiments are
inference-only; we do not train or fine-tune any
LLMs. We use a maximum context length of
4096 tokens, or the maximum supported length
if it is smaller. For Context Prompting, we set
max_new_tokens=32. For Database-augmented
Prompting, we set max_new_tokens=480 for the
SQL generation stage and max_new_tokens=48
for the final answer generation stage. For open-
source models, we use deterministic decoding
with temperature disabled, equivalent to greedy
decoding. For closed-source models, we use
deterministic or the lowest-temperature decoding
setting supported by the corresponding API. No
hyperparameter search is performed; the decoding
and token-budget settings are fixed across models
within each evaluation setting.

F Artifact License and Terms of Use.

The released benchmark, construction pipeline, and
evaluation code are provided for research use under
non-commercial usage restrictions. The benchmark
is derived from an existing research dataset, and its

redistribution follows the terms of the original data
source. License and usage details are included in
the public repository.



Model Dimension Task 2: Comprehensive Health Reasoning Task 3: Targeted Lifestyle Recommendations

CP DP LifeAgent CP DP LifeAgent

Gemini-3.5-Flash

Activity 2.19 2.64 3.95 3.65 3.85 4.13
Sleep 2.42 2.54 3.41 3.96 4.28 4.44
Emotion 2.38 2.92 3.71 3.81 3.80 4.26
Diet 1.58 1.87 3.14 3.77 3.78 4.29
All dimensions 3.31 3.86 4.21 3.46 3.55 3.85
Average 2.38 2.77 3.68 3.73 3.85 4.19

DeepSeek-V4-Pro

Activity 1.63 1.96 2.66 2.31 2.55 2.75
Sleep 1.90 2.06 2.91 2.63 2.83 3.20
Emotion 2.01 2.28 3.52 2.45 2.98 3.09
Diet 1.41 1.50 3.11 1.83 2.00 2.34
All dimensions 2.21 2.37 2.63 1.89 2.02 2.25
Average 1.83 2.03 2.97 2.22 2.48 2.73

Claude-Sonnet-5

Activity 1.59 2.22 3.37 1.68 1.93 2.26
Sleep 1.84 2.10 3.12 2.40 2.72 2.84
Emotion 1.69 2.31 3.52 2.12 2.27 2.67
Diet 1.25 1.33 3.34 2.05 2.28 2.47
All dimensions 1.94 2.37 2.49 1.75 1.82 2.25
Average 1.66 2.07 3.17 2.00 2.20 2.50

Qwen3.5-9B

Activity 1.50 2.05 3.08 1.73 1.97 2.30
Sleep 2.46 2.46 3.36 3.16 3.65 3.97
Emotion 2.14 2.52 3.64 1.86 2.09 2.50
Diet 1.27 1.27 2.94 2.15 2.45 2.96
All dimensions 1.70 1.93 2.07 1.05 1.22 1.56
Average 1.81 2.05 3.02 1.99 2.28 2.66

GPT-4o

Activity 1.23 1.54 2.76 3.73 3.91 3.99
Sleep 1.45 1.38 2.47 4.16 4.30 4.39
Emotion 1.21 1.66 2.63 3.20 3.42 3.69
Diet 1.11 1.12 2.61 3.22 3.29 3.54
All dimensions 1.53 1.79 2.08 4.40 4.16 4.43
Average 1.31 1.50 2.51 3.74 3.82 4.01

Table 7: Detailed multi-judge evaluation results for the two open-ended case-study tasks. All judges use the same
evaluation rubric and 1–5 scoring scale. Gray rows report the average scores for each judge, with the best average
score for each task shown in bold.



Question Type Answer Type

Model Setup Metric FQ AS CQ NC TA Yes/No Single Number Short Text Pairwise Answer Multi-item Answer

Open-source LLMs

deepseek-coder-1.3B
Context Prompting Acc 0.47 0.04 0.0 0.37 4.78 8.57 0.32 0.76 0.0 0.0

Database-augmented Prompting
Acc 0.06 0.08 2.90 1.60 1.18 3.00 1.68 0.0 0.0 0.0
Acc|EX 0.21 0.20 2.15 10.55 11.95 14.54 1.76 0.0 0.0 0.0

Llama-3.2-3B
Context Prompting Acc 10.27 1.17 38.95 10.75 34.82 33.06 29.92 21.33 0.98 0.09

Database-augmented Prompting
Acc 17.72 9.82 19.81 11.63 9.00 17.78 16.04 17.43 0.13 0.0
Acc|EX 68.69 84.64 79.19 52.87 52.32 52.05 81.19 69.60 6.67 0.0

Phi-3.5-mini-3.8B
Context Prompting Acc 13.96 2.53 28.42 19.96 35.10 41.62 27.70 23.70 1.84 0.09

Database-augmented Prompting
Acc 25.10 10.65 24.68 13.01 9.06 9.37 21.43 25.46 0.16 0.0
Acc|EX 69.09 91.94 93.95 65.98 61.87 51.17 90.33 86.94 1.73 0.0

Mistral-v0.3-7B
Context Prompting Acc 24.47 2.83 49.43 13.89 59.69 48.66 44.61 28.13 6.79 0.89

Database-augmented Prompting
Acc 20.99 6.78 11.24 9.01 0.34 8.63 10.75 14.55 0.03 0.0
Acc|EX 82.45 77.48 81.69 59.76 55.00 55.21 83.92 88.50 1.96 0.0

Qwen2.5-7B
Context Prompting Acc 19.38 5.21 70.34 24.42 73.56 63.38 60.69 42.66 1.78 0.36

Database-augmented Prompting
Acc 29.78 17.37 36.21 12.90 11.80 11.71 27.07 32.55 6.06 3.04
Acc|EX 83.57 94.19 95.15 65.86 70.03 60.21 97.53 80.05 63.46 29.51

Llama-3.1-8B
Context Prompting Acc 20.93 2.83 24.67 17.92 36.03 56.78 21.31 25.31 5.24 4.45

Database-augmented Prompting
Acc 24.96 11.39 30.46 28.13 13.21 24.68 25.93 28.27 1.51 3.46
Acc|EX 67.44 82.74 97.77 71.32 66.27 58.14 97.35 82.89 14.33 18.46

gemma-2-IT-9B
Context Prompting Acc 23.90 4.29 33.18 14.15 44.87 22.44 35.70 37.92 6.00 0.0

Database-augmented Prompting
Acc 19.08 9.62 17.04 17.43 10.71 15.97 15.64 24.43 1.69 1.01
Acc|EX 59.43 51.15 55.78 47.13 41.25 35.00 58.05 66.60 18.93 7.69

Qwen2.5-14B (4-bit)
Context Prompting Acc 17.49 6.24 62.97 30.24 71.45 56.39 59.56 49.84 0.35 0.18

Database-augmented Prompting
Acc 22.87 13.10 22.38 15.78 9.13 11.60 16.89 30.16 6.94 4.22
Acc|EX 61.01 60.59 50.10 49.20 63.16 49.21 50.40 68.91 58.75 27.22

Qwen2.5-14B (8-bit)
Context Prompting Acc 60.54 8.29 75.89 35.65 75.52 62.72 66.97 52.14 26.19 19.48

Database-augmented Prompting
Acc 29.59 17.05 29.59 18.31 5.78 9.26 22.35 33.02 7.31 2.87
Acc|EX 84.23 78.30 84.23 74.68 72.30 62.19 82.44 83.56 63.66 21.85

Qwen2.5-32B (4-bit)
Context Prompting Acc 65.48 9.80 69.98 41.94 81.90 71.99 67.46 56.12 28.38 21.17

Database-augmented Prompting
Acc 29.75 19.65 46.67 25.49 12.34 17.71 34.03 37.85 8.29 3.63
Acc|EX 64.84 79.84 79.71 73.18 76.50 69.70 79.19 82.54 48.95 20.28

Llama-3.1-70B
Context Prompting Acc 47.52 8.00 40.10 34.59 73.02 65.15 48.16 49.92 19.81 10.41

Database-augmented Prompting
Acc 15.26 7.78 22.22 16.55 7.57 11.80 15.28 26.08 1.35 0.0
Acc|EX 52.43 56.29 67.73 54.93 51.04 46.30 63.79 74.90 12.91 0.0

Closed-source LLMs

Gemini 2.5 Flash-Lite
Context Prompting Acc 59.74 9.80 54.78 33.42 67.74 48.85 56.56 52.68 25.71 17.62

Database-augmented Prompting
Acc 39.04 34.86 54.32 44.46 36.23 44.89 45.49 50.26 9.26 5.41
Acc|EX 82.92 73.75 98.30 76.89 78.88 70.23 97.92 84.75 40.31 22.86

Claude-3-haiku
Context Prompting Acc 45.73 7.01 52.20 23.95 47.51 41.05 46.29 39.98 17.27 10.77

Database-augmented Prompting
Acc 28.22 15.49 45.62 29.01 26.46 34.31 32.78 44.74 1.76 4.31
Acc|EX 64.95 79.12 98.35 64.25 63.88 56.73 94.40 90.28 9.56 21.25

GPT-4o
Context Prompting Acc 69.78 15.63 71.45 49.58 79.08 75.06 68.31 61.62 33.87 28.11

Database-augmented Prompting
Acc 42.50 26.45 58.47 31.31 14.89 19.29 41.50 50.41 15.63 16.98
Acc|EX 93.74 98.89 99.26 87.52 96.85 77.59 99.23 99.17 86.04 87.78

Table 8: Fine-grained LLMs performance by question type and answer format. Question types include Fact Query
(FQ), Aggregated Statistics (AS), Conditional Query (CQ), Numeric Comparison (NC), and Trend Analysis (TA).
Answer formats include Yes/No, Single Number, Short Text, Pairwise Answer, and Multi-item Answer.

Question Type Answer Type Overall
Model Setup Metric FQ AS CQ NC TA Yes/No Single Number Short Text Pairwise Answer Multi-item Answer

Qwen2.5-7B
Context Prompting Acc 19.38 5.21 70.34 24.42 73.56 63.38 60.69 42.66 1.78 0.36 40.45

Database-augmented Prompting
Acc 29.78 17.37 36.21 12.90 11.80 11.71 27.07 32.55 6.06 3.04 21.45
Acc|EX 83.57 94.19 95.15 65.86 70.03 60.21 97.53 80.05 63.46 29.51 84.78

Qwen2.5-14B (4-bit)
Context Prompting Acc 17.49 6.24 62.97 30.24 71.45 56.39 59.56 49.84 0.35 0.18 38.42

Database-augmented Prompting
Acc 22.87 13.10 22.38 15.78 9.13 11.60 16.89 30.16 6.94 4.22 16.39
Acc|EX 61.01 60.59 50.10 49.20 63.16 49.21 50.40 68.91 58.75 27.22 54.82

Qwen2.5-14B (8-bit)
Context Prompting Acc 60.54 8.29 75.89 35.65 75.52 62.72 66.97 52.14 26.19 19.48 51.51

Database-augmented Prompting
Acc 29.59 17.05 29.59 18.31 5.78 9.26 22.35 33.02 7.31 2.87 19.10
Acc|EX 84.23 78.30 84.23 74.68 72.30 62.19 82.44 83.56 63.66 21.85 77.82

Qwen2.5-32B (4-bit)
Context Prompting Acc 65.48 9.80 69.98 41.94 81.90 71.99 67.46 56.12 28.38 21.17 53.86

Database-augmented Prompting
Acc 29.75 19.65 46.67 25.49 12.34 17.71 34.03 37.85 8.29 3.63 26.95
Acc|EX 64.84 79.84 79.71 73.18 76.50 69.70 79.19 82.54 48.95 20.28 75.24

Table 9: Performance of Qwen2.5 variants under different model scales and quantization settings. We report results
by question type, answer format, and overall accuracy.



Model Setup Metric
Single-user Multi-user

Single M-Sleep M-Activity M-C2 M-C4 Single M-C4

Open-source LLMs

deepseek-coder-1.3B
Context Prompting Acc 0.77 0.72 3.57 0.37 2.92 / /

Database-augmented Prompting
Acc 2.90 2.88 0.64 1.05 0.00 1.01 0.00
Acc|EX 2.39 21.05 1.59 5.95 0.00 4.17 0.00

Llama-3.2-3B
Context Prompting Acc 22.53 10.07 23.68 16.90 29.17 / /

Database-augmented Prompting
Acc 17.42 0.00 4.21 6.17 0.63 21.58 12.87
Acc|EX 66.78 0.00 58.62 58.95 75.00 71.54 68.11

Phi-3.5-mini-3.8B
Context Prompting Acc 28.10 14.75 26.67 17.27 2.08 / /

Database-augmented Prompting
Acc 32.06 0.36 3.33 4.99 2.71 23.72 6.15
Acc|EX 86.45 1.35 53.40 50.09 92.86 83.37 56.15

Mistral-v0.3-7B
Context Prompting Acc 34.60 24.82 42.46 29.30 8.33 / /

Database-augmented Prompting
Acc 19.71 0.00 0.70 0.45 0.31 15.15 0.25
Acc|EX 77.57 0.00 100.00 18.84 100.00 76.34 75.00

Qwen2.5-7B
Context Prompting Acc 45.00 18.70 48.54 40.23 14.69 / /

Database-augmented Prompting
Acc 38.37 21.22 15.43 12.74 2.81 24.52 15.00
Acc|EX 86.28 83.10 88.00 86.33 67.50 83.97 74.59

Llama-3.1-8B
Context Prompting Acc 28.07 19.06 21.11 16.73 15.63 / /

Database-augmented Prompting
Acc 35.15 4.68 8.95 12.91 4.48 27.12 20.98
Acc|EX 91.01 13.27 60.96 68.29 48.31 80.43 69.32

gemma-2-IT-9B
Context Prompting Acc 42.59 11.15 38.25 13.68 0.00 / /

Database-augmented Prompting
Acc 22.01 4.32 6.08 7.27 3.02 21.26 9.03
Acc|EX 53.27 28.57 32.10 34.46 26.61 61.74 47.74

Qwen2.5-14B (4-bit)
Context Prompting Acc 52.54 14.75 45.44 34.89 11.35 / /

Database-augmented Prompting
Acc 22.46 5.03 10.79 10.19 18.65 20.01 21.15
Acc|EX 45.26 54.72 23.99 55.84 89.95 58.23 93.39

Qwen2.5-14B (8-bit)
Context Prompting Acc 53.26 44.60 53.98 51.43 42.40 / /

Database-augmented Prompting
Acc 36.01 4.68 3.16 9.22 10.63 24.00 16.23
Acc|EX 85.04 31.71 26.70 82.70 26.70 75.09 94.33

Qwen2.5-32B (4-bit)
Context Prompting Acc 59.09 48.92 54.80 51.14 50.10 / /

Database-augmented Prompting
Acc 39.31 2.52 26.90 16.01 20.31 30.82 30.08
Acc|EX 75.12 5.79 85.29 65.49 87.44 78.70 88.97

Llama-3.1-70B (4-bit)
Context Prompting Acc 51.28 35.25 42.51 33.76 38.85 / /

Database-augmented Prompting
Acc 16.95 0.72 4.39 7.29 12.71 20.39 14.43
Acc|EX 54.18 11.76 24.15 46.18 62.56 69.19 73.13

Closed-source LLMs

Gemini 2.5 Flash-Lite
Context Prompting Acc 55.35 46.76 44.21 40.20 32.19 / /

Database-augmented Prompting
Acc 54.13 18.71 25.38 32.09 22.81 42.40 40.81
Acc|EX 93.47 41.60 80.00 77.86 60.07 84.10 78.25

Claude-3-haiku
Context Prompting Acc 45.79 42.81 42.81 30.01 22.71 / /

Database-augmented Prompting
Acc 39.54 11.15 23.74 23.14 12.19 33.73 19.51
Acc|EX 80.68 28.85 69.28 62.91 55.39 89.02 70.21

GPT-4o
Context Prompting Acc 62.64 47.12 54.67 54.51 57.39 / /

Database-augmented Prompting
Acc 55.67 32.73 31.40 23.04 23.54 36.27 31.31
Acc|EX 98.40 89.22 99.63 93.40 99.12 94.71 90.63

Table 10: Performance by user scope and domain complexity. Single denotes questions grounded in one lifestyle
dimension; M-Sleep and M-Activity denote questions involving multiple indicator types within the sleep and activity
domains, respectively; M-C2 and M-C4 denote cross-domain questions involving two and four lifestyle dimensions.
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