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Abstract
Geospatial applications such as urban planning, epidemic forecast-

ing, and transportation demand modeling depend on individual

mobility data, but such data are costly to collect, uneven in coverage,

and privacy-sensitive. Human mobility simulation offers a scalable

alternative. A recent line of work treats large language models

(LLMs) as human agents, modeling individual cognitive processes

to generate realistic trajectories. Yet because each agent is simulated

in isolation, these methods provide no population-level coordina-

tion mechanism, and the collective regularities of real mobility —

how trip distances, visited locations, and flows distribute across

a population — fail to emerge. We close this gap with COMPASS,

which turns empirical mobility scaling laws into a feedback sig-

nal that guides prompt construction. COMPASS starts from coarse,

population-level adjustments driven by these scaling laws and pro-

gressively refines them into individual prompts, jointly satisfying

multiple aggregate objectives while keeping individual trajecto-

ries realistic. Across two public datasets, COMPASS outperforms

state-of-the-art LLM-based simulators.

Keywords
Human mobility simulation; Large language model; Scaling law of

human mobility

1 Introduction
Human mobility captures how populations move across geographic

space over time, providing essential information for geospatial and

spatiotemporal applications in location-based services [38, 39], traf-

fic forecasting [17, 18], epidemic forecasting [6, 36], and urban

resource allocation [33]. In practice, such data come from travel

surveys and sensor-based tracking, but both channels have limi-

tations that cap their scalability. Travel surveys record individual

trips in detail, yet their high cost and infrequent deployment limit

the population they can cover [3, 31]. Sensor-based tracking, such

as mobile-phone traces and Bluetooth beacons, captures finer tem-

poral detail, but its coverage hinges on device adoption and it raises

serious privacy concerns [15]. As a result, neither channel readily

delivers mobility data that is both population-scale and privacy-

preserving.

Recent studies [1, 8, 13, 14, 16, 19, 22, 25] prompt large language

models (LLMs) to generate synthetic mobility trajectories in a zero-

shot way. Unlike approaches that train a trajectory model on real-

world data [9, 21, 44], LLM-based methods enable large-scale data

generation while preserving individual privacy. These methods

treat the LLM as a human agent: given a user profile, the model

reasons step by step about a person’s mobility intentions and pro-

duces a trajectory accordingly. They focus on making each agent’s
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Figure 1: Core idea of COMPASS.
behavior more human-like by modeling individual-level cognitive

processes such as intention and reflection. These methods, however,

simulate each agent on its own, with no mechanism to coordinate

behavior across the population. Individual trajectories may there-

fore look plausible while their aggregate fails to reproduce the

mobility patterns seen in real data (Section 2.1 provides empirical

evidence). This gap matters for downstream tasks such as trans-

portation planning and epidemic modeling, where decisions hinge

on accurate population-level flows, behavioral heterogeneity, and

rare events rather than on individually plausible routines. Our goal

is to develop an LLM-based mobility simulation framework that keeps
individual behavior realistic while also matching the population-level
patterns found in real data.

Prior research in social physics shows that human mobility fol-

low stable and reproducible scaling laws at the population level [4,

10, 23, 29]. These laws surface in observable measures such as travel

distance and radius of gyration, which remain accessible in pub-

lic mobility datasets even at coarse spatial or temporal resolution.

We argue that these scaling laws of human mobility can serve as

population-level guidance for bridging individual-level trajectory

generation and collective realism in LLM-based human mobility

simulation. For example, the radius of gyration [10] quantifies the

spatial range of individual mobility, and has been shown to follow

a truncated power law. By comparing the distributions observed in

real-world data with those generated by simulation, we can identify

differences, such as fewer short-distance trips (around 1 km) and

more very long-distance trips (beyond 200 km) in the simulated

trajectories. These differences provide diagnostic signals, indicat-

ing which types of individuals are not adequately captured by the

generative process. Based on this analysis, we can tailor individual-

level prompts by incorporating explicit behavioral constraints and

persona descriptions, so that different individuals are guided by

distinct prompts rather than sharing a single prompt that varies

only in profile information. These targeted adjustments correct

underrepresented mobility behaviors in the generative process and

thereby reproduce the population-level mobility patterns reflected

by scaling laws of human mobility.

Building on this idea, we leverage scaling laws of humanmobility

to guide individual-level prompt adjustment, generating trajectories
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that better reproduce population-level patterns, as shown in Fig-

ure 1. Such laws are usually estimated from detailed trajectory data,

but we find they survive largely intact in coarse-grained shared

datasets (details in Section 2.3). This is consistent with emerging

data-sharing practices, where what is released is often coarse trajec-

tories [37], validated simulation output [42], or aggregated statis-

tics [10], and it means our approach can operate under limited data

access, improving both generalizability and practical deployability.

Using scaling laws this way is not straightforward. Because they

manifest across several facets of population behavior, such as spatial

range, temporal regularity, and visitation preference, it is unclear

which individuals to adjust and which aspects of their behavior

to change. Suppose a simulation produces too few short trips and

too little activity around midday and at night; this does not mean

every adjusted individual should both travel short distances and be

active during those hours. Adjustments that satisfy one scaling-law

pattern must also be reconciled with the others, since fixing one

can easily distort another.

To address these challenges, we view prompt adjustment as a

multi-objective, multi-prompt optimization problem, formulated

as a Markov Decision Process (MDP) and solved with Monte Carlo

Tree Search (MCTS). A state is the current set of prompts for all

individuals; an action is an LLM-generated coarse-grained adjust-

ment strategy applied to a group of individuals; and the reward

measures how closely the resulting trajectories match the scaling-

law objectives. To keep these objectives from competing, we design

a multi-objective reward that credits progress on one objective only

when it does not degrade the others. Although each strategy is

defined at the group level, we design a two-level MCTS procedure

to refine its application at both the strategy and user levels: the

search selects promising adjustment strategies while identifying the

users most responsive to each strategy. Across iterations, individ-

uals accumulate different combinations of adjustments, so coarse

group strategies become fine-grained, individual-level adaptations

that improve the population-level objectives together. To reduce

cost, we introduce a context-aware global action value estimator to

prioritize promising adjustment strategies before expensive trajec-

tory regeneration and evaluation. We further perform the search

on a small subset of individuals and then generalize the resulting

adjustments to larger groups of individuals with similar profiles.

In particular, our main contributions are as follows.

• We explore the idea of leveraging scaling laws of human

mobility from shared data as guidance to bridge individual

trajectory generation and collective realism in LLM-based

mobility simulations.

• Wedesign COMPASS, a COllectiveMulti-PromptAdjustment

framework guided by Scaling lawS for large-scale LLM-based

humanmobility simulation. Our framework starts from LLM-

generated coarse-grained adjustment strategies and uses a

two-level MCTS search to decide both which strategies to

apply and which individuals should receive each strategy.

By allowing different individuals to undergo different com-

binations of adjustments, COMPASS turns coarse strategies

into fine-grained individual-level prompt adaptations, which

jointly improve multiple scaling-law objectives at the popu-

lation level.

• We conduct extensive experiments on two public datasets,

and the results demonstrate that our method achieves the

best performance, with improvements ranging from 10.70%

to 74.79% over the best baseline across multiple metrics. In

addition, we evaluate the impact of different types of shared

data on our method. The results show that mobility measures

obtained from different types of shared data can effectively

guide LLM-based mobility simulations. Notably, even statis-

tical shared data, without trajectory-level information, leads

to noticeable performance improvements.

2 Motivation
2.1 Limitations in reproducing scaling laws
We begin with two classical scaling laws of human mobility, those

for travel distance and location visitation frequency, to show that

existing simulations cannot fully reproduce the population-level

behaviors observed in real data. As a representative case, we com-

pare LLMob [13], a recent LLM-based simulator, against real-world

data from Beijing (data details in Section 4.1).

Travel distance. Travel distance is the distance Δ𝑑 between

consecutive locations in an individual’s trajectory, capturing the

spatial scale of human mobility. It follows a truncated power-law,

𝑃 (Δ𝑑) ∼ (Δ𝑑 + Δ𝑑0)−𝛽 exp
(
− Δ𝑑

𝜅

)
, where Δ𝑑0 is a small offset

parameter [10]. The exponent 𝛽 determines how frequently long-

distance movements occur, with larger values leading to fewer long

trips and smaller values leading to more long trips. The cutoff 𝜅

captures the spatial extent of individual mobility.

We compute the travel distance from both the real-world data

and the simulation and visualize their complementary cumulative

distribution functions (CCDFs) in Figure 2. The real-world data

are well described by a truncated power-law, with parameter val-

ues consistent with those reported in previous studies [10] (with

𝛽 ≈ 1.75 ± 0.15 and 𝜅 ≈ 400 km). In contrast, for the simulation,

the estimated scaling exponent is smaller (𝛽 ≈ 1.22), and is accom-

panied by a cutoff at around (𝜅 ≈ 1039.3 km), which is much larger

than that observed in real-world data. These results show that the

simulation produces too many long-distance trips and does not

capture the shape decline in such trips that the real-world data

exhibit.
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Figure 2: Travel distance distri-
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Figure 3: Visitation frequency
(Real vs. Simulation).

Visitation frequency. Visitation frequency describes the rank–

frequency relationship among the locations an individual visits. The

visitation frequency 𝑓𝑘 of the 𝑘-th most frequently visited location

follows 𝑓𝑘 ∝ 𝑘−𝜁 , where 𝜁 ≈ 1.2± 0.1 in a prior study [29]. A larger

value of 𝜁 indicates that the individual concentrates visits on a small

number of core locations, whereas a smaller 𝜁 implies a greater

tendency to explore new locations. For each user, we estimate
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𝜁 and compare the resulting distributions across users between

the real-world data and the simulation, as shown in Figure 3. We

observe that the simulation produces insufficient heterogeneity

compared with the real-world data. In the real-world dataset, some

individuals tend to explore a large number of new locations, while

others repeatedly return to a small set of core places. Together with

the travel-distance result, this confirms that the simulation fails to

reproduce population-level mobility patterns.

2.2 A preliminary study on the effectiveness of
mobility scaling law guidance

In this section, we provide a preliminary validation of the effective-

ness of mobility scaling-law guidance. Specifically, we focus on a

single scaling-law objective, the radius of gyration. We first com-

pute the radius-of-gyration distribution from simulated data. Next,

we prompt another LLM to analyze the differences between the

simulated and target radius distributions. Based on this analysis, the

LLM provides coarse adjustment suggestions. We then randomly

select 5% of individuals for prompt adjustment and generate new

trajectories using the updated prompts. We then visualize the cu-

mulative distribution functions (CDFs) of the radius distributions

for the real-world data, the simulation, and the adjusted trajec-

tories, as shown in Figure 4. We observe that scaling-law-guided

adjustments bring the simulated trajectories closer to real-world

patterns. Nevertheless, a discrepancy remains, partly because the

adjustment strategy is simple and focuses on only one mobility

scaling-law objective. Furthermore, scaling laws of human mobility

span multiple dimensions of population-level behavior, making it

unclear which specific individuals should be adjusted and whether

one or multiple aspects of their behavior need to be modified.
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Figure 4: Comparison of radius
of gyration.
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Figure 5: Travel distance (Real
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2.3 Preservation of human mobility scaling
laws in coarse-grained data

We next ask whether coarse-grained trajectories still carry the

scaling laws present in the original real-world data. Following

dataset [37], we map the coordinates of the real data onto a 500m×
500m grid and measure all distances in this grid space; time is like-

wise discretized into intervals of length 48 to form coarse-grained

trajectoris. On both the real and coarse-grained data, we then com-

pare travel distance, stay duration, and visitation frequency, which

together cover the spatial, temporal, and joint spatiotemporal as-

pects of mobility. For space, we report only the spatial result here

(Figure 5) and defer the rest to Appendix A.1. In every case, the

coarse-grained data preserves the same scaling laws as the full-

resolution data, and this is what makes coarse and shared data

usable as guidance.

3 Methodology
3.1 Definition
3.1.1 Trajectory. A mobility trajectory refers to a sequence of

discrete location visits within a single day, rather than a densely

sampled GPS trace. Each visit records where an individual stays

at a specific time, marking a meaningful moment in their daily

activities. Formally, we define the trajectory of individual 𝑖 as

𝑌 𝑖 = {(𝑙𝑖
1
, 𝑡𝑖
1
), (𝑙𝑖

2
, 𝑡𝑖
2
), . . . , (𝑙𝑖

𝑇𝑖
, 𝑡𝑖
𝑇𝑖
)}, where 𝑙𝑖

𝑘
= (lat𝑖

𝑘
, lon𝑖

𝑘
) ∈ R2

denotes the geographic coordinates and 𝑡𝑖
𝑘
denotes the continuous

timestamp within the day. The trajectory length 𝑇𝑖 is not fixed in

advance and varies across individuals, reflecting heterogeneous

activity intensities.

3.1.2 LLM-based mobility simulation model. We build our

simulation model by adapting existing LLM-based mobility sim-

ulation approaches [1, 13]. Following these methods, we model

each individual as an LLM-powered agent that generates a mobil-

ity trajectory based on a user profile, such as occupation, income,

and demographic attributes. The prompt examples are provided in

Appendix A.4. Formally, letM denote the LLM-based simulation

model, and let 𝑝𝑖 denote the prompt provided toM for individ-

ual 𝑖 . The prompt 𝑝𝑖 consists of three components: a user profile

and a task description. The simulation process can be expressed as

𝑌 𝑖 =M(𝑝𝑖 ), where 𝑌 𝑖
is the trajectory generated for individual 𝑖

as defined in Section 3.1.1.

Extending this individual-level formulation to population-level

simulation, we consider a set of 𝑛 individuals, each associated with

a prompt 𝑝𝑖 . Let P = {𝑝1, 𝑝2, . . . , 𝑝𝑛} denote the set of prompts

assigned to these individuals, and let 𝑌 = {𝑌 1, 𝑌 2, . . . , 𝑌𝑛} denote
the resulting trajectories generated by applyingM to each prompt.

3.1.3 Problem formulation. Given the LLM-based simulation

modelM and a population of 𝑛 individuals, whose prompts share

the same task description but differ in the user profile, the goal

of this work is to identify a set of personalized prompts P =

{𝑝1, . . . , 𝑝𝑛} that improve the realism of the generated population’s

mobility behaviors across multiple scaling laws of human mobility,

by augmenting each prompt with detailed persona descriptions and

behavioral constraints.

Since realism is jointly characterized by multiple scaling law

metrics and each individual is assigned its own prompt, we for-

mulate prompt adjustment for human mobility simulation as a

multi-objective, multi-prompt optimization problem. Given

the scaling law metrics of human mobility from shared data as guid-

ance, we define a set of 𝐷 target objectives X∗ = {𝑥∗(1) , . . . , 𝑥∗(𝐷 ) },
where each 𝑥∗(𝑑 ) corresponds to one such scaling law metric. Our

goal is to find an optimal prompt set P∗ that jointly optimizes all

objectives in X∗.

3.2 Overview
We design COMPASS, a multi-prompt adjustment framework for

LLM-based human mobility simulation, guided by mobility scaling

law from shared data, as shown in Figure 6. First, we use a simula-

tion model that takes initial prompts as input to generate a set of

mobility trajectories. Second, different types of shared data provide

scaling-law guidance for evaluating and improving the generated

trajectories (details in Section 3.4). Third, in order to leverage the
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Figure 6: Framework of COMPASS.

guidance provided by the shared data to identify an optimal set

of prompts for improving simulation, we formulate the prompt

adjustment process as a Markov Decision Process, where the state

represents the current set of prompts for all individuals, and each

action corresponds to a coarse-grained prompt adjustment strategy

applied to a group of individuals, generated by an LLM. We then

use Monte Carlo Tree Search to find an optimal set of prompts

(details in Section 3.3 and Section 3.5). Finally, this optimized set of

prompts can be used for human mobility simulation and can also

be extended to larger populations based on similar profiles, thus

reducing the cost of prompt adjustment (details in Section 3.6).

3.3 COMPASS MDP formulation
We model the prompt adjustment process as a Markov Decision

Process (MDP) defined by the tuple (S,A,T , 𝑟 ). S denotes the set

of states;A denotes the action space; T denotes the state transition;

𝑟 is the reward function.We introduceS,A,T , 𝑟 in detail as follows.
States S: The state 𝑠𝑡 ∈ S represents the current set of prompts

assigned to a population of 𝑛 individuals:𝑠𝑡 = {𝑝1𝑡 , 𝑝2𝑡 , . . . , 𝑝𝑛𝑡 }. At
initialization, all individuals share the same base prompt, i.e., 𝑝𝑖

0
=

𝑝init, while personalization is achieved by different user profiles.

ActionA:An action𝑎 ∈ A is a group-specific prompt-adjustment

strategy expressed in natural language, generated by the procedure

described below:

For each shared-data as guidance channel (Sec. 3.4), we (i) com-

pute a target mobility scaling law metric (e.g., travel distance) 𝑋 ∗

from the shared data and the corresponding metric 𝑋 from the

current simulated trajectories; (ii) prompt an LLM to compare 𝑋 ∗

with 𝑋 , automatically partition the population into 𝐾 behaviorally

coherent groups, and produce one tailored adjustment strategy 𝑎 (𝑘 )

for each group. An example prompt is provided in Appendix A.4.

Each 𝑎 (𝑘 ) is treated as a single discrete action (see Figure 6 for

an example). Repeating the procedure for every target scaling-law

metric of human mobility (e.g., spatial and temporal) and aggregat-

ing the results yields the final action space A. The action space is

constructed once prior to MCTS and remains fixed throughout the

search. Two factors decide |A|: the number of target scaling-law

metric of human mobility 𝐷 (e.g., spatial, temporal) and the num-

ber of behavioral groups 𝐾 the LLM identifies per measure. In our

experiments this yields |A| ≈ 10–20.

Transition T : The transition specifies how the state is updated

after applying an action 𝑎𝑡 . Each action targets a specific group of

users; we sample a fraction 𝜌 ∈ (0, 1] of this group via a user-level

bandit (details in Sec. 3.5) to form the selected user set U𝑡 . For

each 𝑢𝑖 ∈ U𝑡 , the new individual prompt is produced by a prompt-

rewriting LLM: 𝑝𝑖𝑡+1 = LLMrewrite (𝑝𝑖𝑡 , 𝑎𝑡 ). All other individuals keep
their previous prompts (𝑝𝑖𝑡+1 = 𝑝

𝑖
𝑡 ). The aggregated prompts form

the next state 𝑠𝑡+1 = (𝑝1𝑡+1, . . . , 𝑝𝑛𝑡+1).
Reward 𝑟 : The reward function 𝑟 measures the quality of the

simulation at each step. Let x𝑡 = (𝑥 (1)𝑡 , . . . , 𝑥
(𝐷 )
𝑡 ) denote the vector

of scaling-law metrics of human mobility observed at step 𝑡 , where

𝑥
(𝑖 )
𝑡 may be either a scalar or a vector depending on the type of

shared data; let x∗ denote the corresponding target vector. For

each scaling-law metric 𝑖 , we define a function 𝑔(𝑥 (𝑖 )𝑡 , 𝑥∗(𝑖 ) ) that
measures the distance to the target one, whose specific definition

depends on the type of shared data (details in Section 3.4).

We normalize each distance function 𝑔(𝑥 (𝑖 )𝑡 , 𝑥∗(𝑖 ) ) by its initial

value 𝑔(𝑥 (𝑖 )
0
, 𝑥∗(𝑖 ) ) and aggregate the 𝐷 per-channel utilities via the

geometric mean:

𝑅(𝑡) =
(

𝐷∏
𝑖=1

𝑔(𝑥 (𝑖 )
0
, 𝑥∗(𝑖 ) )

𝑔(𝑥 (𝑖 )
0
, 𝑥∗(𝑖 ) ) + 𝑔(𝑥 (𝑖 )𝑡 , 𝑥∗(𝑖 ) )

)
1/𝐷

. (1)

The geometric mean on bounded utilities enforces balanced im-

provements across all dimensions [12]. The immediate reward is

defined as the increase in aggregated utility between consecutive

steps: 𝑟𝑡 = 𝑅(𝑡 + 1) − 𝑅(𝑡).

3.4 Scaling-law of human mobility from
different types of shared data

We consider three typical types of shared data, each providing

different scaling-laws of human mobility for guidance. All such

scaling-laws are compatible with our framework; the key difference

lies in how they influence action generation and the design of the

reward function.

(1) Coarse-grained trajectories with user IDs. This type of
shared data [37] is available at the user level, where each trajectory

is linked to a unique but anonymous user ID. We select several

scaling law metrics of human mobility as the target to guide prompt

adjustment. In the following, we describe the selected target scaling

law metrics and discuss the reasons for choosing them. We select

the radius of gyration, stay duration, and visitation frequency as

target scaling law metrics, representing the spatial, temporal, and

spatial-temporal dimensions of the scaling law of human mobility,
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respectively. We choose them because they are representative of the

three dimensions and have been widely studied in human mobility

research, where power-law scaling has often been reported [10, 29].

In addition, thesemetrics can be computed at the user level, enabling

analysis of differences across population groups.

For action generation, we provide the LLM with the CCDF dis-

tributions of the radius of gyration and stay duration, as well as

the distribution of user-specific 𝜁 in visitation frequency, for anal-

ysis. For the reward function: we define the function 𝑔(𝑥 (𝑖 )𝑡 , 𝑥∗(𝑖 ) )
measuring the distance between the simulated scaling law metric

𝑥
(𝑖 )
𝑡 and its target value 𝑥∗(𝑖 ) , where 𝑥 (𝑖 )𝑡 is a vector. This func-

tion consists of two components: a scale-sensitive deviation from

the target and a distribution discrepancy. For the first component,

we compute the 1-Wasserstein distance in log space, which is de-

fined as LW1 (𝑥 (𝑖 )𝑡 , 𝑥∗(𝑖 ) ) =𝑊1

(
log(𝑥 (𝑖 )𝑡 + 𝜀), log(𝑥∗(𝑖 ) + 𝜀)

)
, where

𝜀 is a small constant to ensure numerical stability. For the sec-

ond component, we measure distance between the two CCDFs:

LL1 (𝑥 (𝑖 )𝑡 , 𝑥∗(𝑖 ) ) =
∫ ��𝐶 (𝑖 )𝑡 (𝑧) − 𝐶

(𝑖 )
∗ (𝑧)

��
d𝑧, where 𝐶

(𝑖 )
𝑡 and 𝐶

(𝑖 )
∗ de-

note the CCDFs of 𝑥
(𝑖 )
𝑡 and 𝑥∗(𝑖 ) . Finally, the function 𝑔𝑖 (𝑥 (𝑖 )𝑡 , 𝑥∗(𝑖 ) )

is defined as 𝑔(𝑥 (𝑖 )𝑡 , 𝑥∗(𝑖 ) ) = LW1

(
𝑥
(𝑖 )
𝑡 , 𝑥∗(𝑖 )

)
+ 𝜇 LL1

(
𝑥
(𝑖 )
𝑡 , 𝑥∗(𝑖 )

)
,

where 𝜇 is a weighting coefficient.

(2) Coarse-grained trajectories without user IDs. This type
of shared data [42] is not available at the user level and consists only

of independent trajectories. Consequently, scaling law metrics that

rely on user-level information (e.g, radius of gyration) or long-term

mobility history (e.g., revisit probabilities) cannot be computed. For

the target scaling law metrics, we select travel distance and stay du-

ration, which are computed at the trajectory level and represent the

spatial and temporal dimensions, respectively. The travel distance

is adopted as the spatial metric, as it reflects individual mobility de-

cisions and directly influences higher-level spatial mobility metrics,

such as the radius of gyration and the travel range.

For action generation, we provide the LLM with the CCDF dis-

tributions of the travel distance and stay duration, as well as the

distribution of user-specific 𝜁 in visitation frequency, for analysis.

For the reward function, we use the same distance function as in

the first type of shared data setting.

(3) Mobility statistical summaries This type of shared data
includes only reported statistical summaries, without explicit tra-

jectory information, e.g., parameters exponent 𝛽 describing travel

distance distributions from prior studies [10]. Such data provide

only coarse-grained guidance for mobility simulations. For example,

by comparing the exponent and cutoff parameters of travel distance

distributions between real-world and simulated data, we can infer

whether certain population groups are potentially overrepresented

or underrepresented. Following the first type of shared data, we

select the radius of gyration, stay duration, and visitation frequency

as target scaling law metrics.

For action generation, the LLM is provided with statistical sum-

maries, including the exponent and cutoff parameters of the travel

distance and stay duration distributions, as well as the total 𝜁 as-

sociated with visitation frequency. For the reward function: as the

scaling law metric 𝑥
(𝑖 )
𝑡 is a scalar, we define the function measuring

the distance to the target value 𝑥∗(𝑖 ) as 𝑔(𝑥 (𝑖 )𝑡 , 𝑥∗(𝑖 ) ) = |𝑥
(𝑖 )
𝑡 −𝑥∗(𝑖 ) |
𝑥∗(𝑖 )

.

3.5 Optimization
We adapt Monte Carlo Tree Search (MCTS) [34] to this MDP frame-

work by incorporating both strategy-level and user-level selection.

In our formulation, each node represents a state and each edge

corresponds to a coarse-grained adjustment strategy, while an ad-

ditional user-level selection step determines which individuals re-

ceive the selected strategy. A state-action value function estimates

the expected cumulative reward of applying a strategy at a given

state. The search tree is constructed by iteratively performing four

operations: selection, expansion, simulation, and back-propagation.

Selection.At each iteration, the algorithm starts from 𝑠0 through

the search tree until reaching a leaf. Selection operates at two levels:

which action to take and which users the action is applied to.

(1) Action-level: At a state 𝑠 , among already-expanded actions, we

select 𝑎∗ = argmax𝑎 UCT(𝑠, 𝑎) with the score UCT(𝑠, 𝑎) =𝑄 (𝑠, 𝑎)+
𝑐

√︃
ln(𝑁 (𝑠 )+1)
𝑁 (𝑠,𝑎)+1 , where 𝑄 (𝑠, 𝑎) is the mean reward of (𝑠, 𝑎), 𝑁 (𝑠) and

𝑁 (𝑠, 𝑎) are visit counts, and 𝑐 controls exploration.
(2) User-level: Given 𝑎∗, the algorithm selects a fraction 𝜌 of

users from the group targeted by this action. Rather than sampling

randomly, wemaintain a per-user reward𝑄𝑢 (𝑢𝑖 , 𝑎, 𝑠) and visit count
𝑁𝑢 (𝑢𝑖 , 𝑎, 𝑠), and select users by

UCB𝑢 (𝑢𝑖 ;𝑎∗, 𝑠) =𝑄𝑢 (𝑢𝑖 , 𝑎∗, 𝑠) + 𝑐𝑢

√︄
ln(𝑁𝑎∗,𝑠 + 1)
𝑁𝑢 (𝑢𝑖 , 𝑎∗, 𝑠) + 1

, (2)

where𝑁𝑎∗,𝑠 =
∑

𝑗 𝑁𝑢 (𝑢 𝑗 , 𝑎∗, 𝑠). This identifies both the most promis-

ing actions and the users most responsive to them.

Expansion. The expansion step grows the search tree by adding

new child nodes under the leaf reached during selection. Evaluating

all actions at every leaf is too costly, since each evaluation triggers

multiple LLM calls. We therefore first filter A down to a small

candidate set C using a count-conditioned global UCB, then evaluate

only the candidates in C by their immediate rewards.

Since repeatedly applying the same action along a path tends

to yield diminishing returns, we condition the global statistics on

both the action and its in-path occurrence count. Let𝑚𝑎 denote

the number of times action 𝑎 has appeared on the path. We keep

an average reward 𝑄𝑔 (𝑎,𝑚𝑎) and visit count 𝑁𝑔 (𝑎,𝑚𝑎), and score

each action by its average reward 𝑄𝑔 (𝑎,𝑚𝑎) only when 𝑁𝑔 (𝑎,𝑚𝑎)
reaches a minimum reliability threshold 𝑛min; otherwise, we assign

it a neutral score of zero. The top-𝑛 actions under this score form

the candidate set C. For each 𝑎 ∈ C, the transition function yields

a successor state 𝑠𝑎 and the reward function yields an immediate

reward 𝑟 (𝑠, 𝑎). We select 𝑎∗ = argmax𝑎∈C 𝑟 (𝑠, 𝑎), add 𝑠𝑎∗ to the tree
as a new child, and forward it to the simulation stage.

Simulation. The simulation phase estimates long-term returns

by performing a forward rollout starting from the newly expanded

state. Given the initial state 𝑠′, the algorithm iteratively applies a

rollout policy, while no additional tree nodes are created during

simulation. At each rollout step, we first generate a candidate action

set C using the global filtering policy. For each 𝑎 ∈ C, we obtain
the resulting state 𝑠𝑎 = T (𝑠, 𝑎) and the immediate reward 𝑟 (𝑠, 𝑎)
through the transition function and the reward function. We then

select the action with the highest immediate reward to advance

the rollout. The rollout terminates when a predefined stopping

criterion is met, such as reaching a maximum rollout depth.
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Back-propagation. After a rollout completes, the observed

rewards are propagated backward along the trajectory to update

three sets of value estimates: the per-node 𝑄 (𝑠, 𝑎) used by UCT,

the count-conditioned global 𝑄𝑔 (𝑎,𝑚𝑎) used by candidate filtering,

and the per-user 𝑄𝑢 (𝑢𝑖 , 𝑎, 𝑠) used by user-level selection.

(1) Per-node update (cumulative). For each (𝑠𝑡 , 𝑎𝑡 ) on the trajec-

tory, 𝑄 (𝑠𝑡 , 𝑎𝑡 ) is the average cumulative reward of all Ω rollouts

passing through it: 𝑄 (𝑠𝑡 , 𝑎𝑡 ) = 1

Ω

∑Ω
𝑗=1

∑
(𝑠′,𝑎′ ) ∈traj𝑗 (𝑠𝑡 ,𝑎𝑡 ) 𝑟 (𝑠

′, 𝑎′),
where traj𝑗 (𝑠𝑡 , 𝑎𝑡 ) is the sub-trajectory of rollout 𝑗 starting at (𝑠𝑡 , 𝑎𝑡 )
until termination.

(2) Global updates. We update the global statistics with the im-

mediate reward 𝑟 (𝑠𝑡 , 𝑎𝑡 ) instead of the cumulative reward, so that

they reflect only the value contributed by (𝑠𝑡 , 𝑎𝑡 ) itself, without
absorbing credit from subsequent actions in the trajectory.

3.6 Applying the optimized prompt set
After identifying the optimal prompts, we can directly use the

updated prompt set to generate new mobility trajectories. These

prompts can also be scaled to larger populations. To reduce the

computational cost of searching for the optimal prompt set, we first

randomly sample a subset of users and perform prompt optimization

on this group. Once the optimized prompts are obtained, we scale

them to the full population. Specifically, for each adjusted prompt,

we assign it to the𝑚 most similar users in the full population based

on profile similarity, where𝑚 is determined by the population size

ratio between the subset and the full population.

4 Evaluation
4.1 Dataset description
We use two public mobility datasets. One dataset is collected in Bei-

jing, China, covering the period from October 1, 2019 to December

31, 2019 [25]. The dataset contains mobility trajectories and user

profile information (e.g., age, gender, and occupation), collected via

a social networking platform. The other dataset is a global simula-

tion dataset that has been validated under scaling laws of human

mobility [42]. All trajectory points are discretized into spatial grids

of 1000 × 1000 meters, and time is discretized into 48 time slots

per day. The dataset does not contain user identifiers. We select

one city (New York City) from this dataset, which includes over

100,000 trajectories. Since this dataset does not contain persistent

user identifiers, we evaluate only metrics that do not require user-

level long-term histories on NYC. In our simulation setting, user

profile data are required as inputs, and mobility trajectories are used

for validation. We select these two datasets because they satisfy

both requirements and cover different countries and cities. Some

other publicly available datasets are not suitable for our setting. For

example, datasets [37] do not release city-level information, making

it impossible to construct individual-level profiles. In addition, POI

check-in datasets are less appropriate, as their sparse records do

not align well with the daily mobility patterns.

For the Beijing dataset, we select 1,200 individuals with approxi-

mately one month of data as the ground truth, resulting in around

30,000 trajectories in total. All baseline methods and our approach

use the released user profiles and an LLM to generate one-month

synthetic humanmobility trajectories. For the New York dataset, we

use the entire dataset as the ground truth. We simulate user profiles

based on U.S. Census demographics [5]; all baseline methods and

our approach use these simulated profiles and an LLM to generate

two-week synthetic human mobility trajectories.

4.2 Evaluation setup
4.2.1 Implementation. For our method COMPASS, we use the

first type of shared data as scaling law guidance and implement

the framework with Qwen2.5-72B as the LLM backend. All ex-

periments are implemented in Python 3.13.5. For the transition

function, we set the user sampling ratio to 𝜌 = 0.15, meaning that

each action is applied to 15% of users in its corresponding group.

For the reward function, we set 𝜇 = 1. In the MCTS search, we

perform 500 simulations, and the tree depth is determined adap-

tively by the search process; in practice, the explored trees typically

reach a depth of around 8–9. The action-level UCT exploration

constant is set to 𝑐 = 1.4. For user-level selection, we use a UCB

bandit with exploration constant 𝑐𝑢 = 1.0. For candidate filtering,

we use count-conditioned global action values with a top-ratio of

0.6, selecting three candidate actions at each non-root expansion.

Following Section 3.6, for the Beijing dataset, we perform prompt

optimization on 30% of users to reduce search cost, and then extend

the optimized prompts to the full population. Specifically, for each

optimized prompt, we assign it to the most similar users in the full

population based on profile similarity, which is computed using the

pre-trained MPNet model [30].

4.2.2 Baselines. We compare our method with LLM-based hu-

man mobility simulation baselines: CoPB [25] is a mobility simu-

lation framework that guides LLMs through structured reasoning

stages to generate realistic mobility intentions. Urban-Mobility-
LLM (UML) [1] is a method that synthesizes travel survey data

by prompting LLMs to generate individual mobility patterns. LL-
Mob [13] is an LLM-based agent framework for personal mobil-

ity generation, combining self-consistency and retrieval strategies.

CitySim [2] leverages LLM-powered agents with personas, mem-

ory, and long-term goals to simulate realistic human behavior.

We also conduct comparisons with several variants of the model:

(1) We consider two additional types of shared data that provide

scaling law guidance, namely COMPASS with the second Shared
Data (w SD2) and COMPASS with the third Shared Data (w
SD3). (2)COMPASS w/o PA. In this setting, we remove the prompt

adjustment part. (3) COMPASS w E. In this setting, we perform

prompt search on a sampled subset and extend the resulting ad-

justments to the full population based on profile similarity. (4)

COMPASS w/o UB. This variant replaces the per-user UCB bandit

with random user sampling when selecting individuals for a chosen

adjustment strategy. (5) COMPASS w/o UB & CUCB. This variant
further replaces the count-conditioned global UCB for candidate

filtering with a standard action-level UCB that does not distinguish

between different application counts of the same adjustment.

4.2.3 Metric. Following existing simulation work [13, 25], we

evaluate our model using three aspects metrics. To assess the simi-

larity between the simulation and real-world data, we compute the

Jensen–Shannon divergence (JSD) between their distributions for

each metric. It is worth noting that the evaluation metrics include

the scaling law metrics used as guidance. While we report results
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Table 1: Overall Performance on Beijing dataset. Bold scores are for the best values. The gray-shaded parts indicate the metrics
used for guidance under the specific shared data setting, while the remaining metrics are used for evaluation.

Method

Spatial Temporal Spatial-temporal

Radius Distance Locfreq Duration Circadian Visit-Freq Exploration Return

CoPB 0.0663±0.0093 0.0283±0.0014 0.2548±0.0630 0.0309±0.0008 0.1229±0.0336 0.1471±0.0039 0.1445±0.0275 0.2436±0.0146
UML 0.0565±0.0037 0.0291±0.0078 0.2711±0.0173 0.0234±0.0026 0.0913±0.0020 0.1752±0.0406 0.1829±0.0399 0.2669±0.0735
LLMob 0.0963±0.0048 0.0096±0.0016 0.3111±0.0083 0.0305±0.0026 0.0906±0.0005 0.1607±0.0337 0.3895±0.0290 0.2531±0.0383
CitySim 0.0584±0.0042 0.0531±0.0044 0.2616±0.0005 0.0325±0.0018 0.1129±0.0081 0.1507±0.0181 0.1285±0.0672 0.3452±0.0115

COMPASS w SD2 0.0376±0.0014 0.0065±0.0009 0.1918±0.0019 0.0178±0.0003 0.0735±0.0002 0.1315±0.0020 0.1001±0.0069 0.0803±0.0009
COMPASS w SD3 0.0403±0.0024 0.0069±0.0004 0.1957±0.0058 0.0174±0.0005 0.0732±0.0003 0.1391±0.0043 0.0854±0.0018 0.0768±0.0023

COMPASS 0.0324±0.0021 0.0070±0.0004 0.1914±0.0016 0.0180±0.0004 0.0718±0.0007 0.1247±0.0032 0.0756±0.0134 0.0614±0.0034

Table 2: Overall Performance on NYC dataset. Bold scores
are for the best values. The gray-shaded parts indicate the
metrics used for guidance under the specific shared data
setting, while the remaining metrics are used for evaluation.

Method

Spatial Temporal

Distance Locfreq Duration Circadian

CoPB 0.1370±0.0126 0.2893±0.0155 0.1326±0.0301 0.1046±0.0436
UML 0.1097±0.0026 0.2812±0.0339 0.1444±0.0016 0.0666±0.0069
LLMob 0.1395±0.0048 0.3451±0.0048 0.1400±0.0005 0.0745±0.0059
CitySim 0.1359±0.0062 0.2912±0.0107 0.0869±0.0037 0.1620±0.0237

COMPASS w SD2 0.0397±0.0005 0.2511±0.0503 0.0721±0.0002 0.0547±0.0143
COMPASS w SD3 0.0411±0.0009 0.2649 ±0.0283 0.0854±0.0005 0.0578 ± 0.0156

for all metrics, performance improvements are evaluated only on

metrics excluding the guidance metrics.

Spatial aspect: (1) Radius of gyration: quantifies the spatial

extent of an individual’s mobility. We compute the radius of gy-

ration as the root mean square distance of visited locations from

the trajectory centroid. (2) Travel distance: defined as the geo-

graphical distance between consecutive locations in a trajectory.

(3) Origin–destination similarity (OdSim): quantifies the similar-

ity between generated and real trajectories in terms of OD travel

patterns. It is computed by comparing the normalized frequency

distributions of OD pairs using JSD.

Temporal aspect: (1) Stay duration: measures how long individ-

uals remain at each visited location. We compute the duration distri-

bution from the time intervals between consecutive movements. (2)

Circadian rhythm: This metric [24] captures the circadian rhythm

of human mobility intensity over a 24-hour period. We quantify it

by aggregating trips into hourly bins.

Spatial-temporal aspect: (1) Visitation frequency. This met-

ric [29] describes the rank-frequency relationship of an individual’s

visited locations. The detailed definition is in Section 2. (2) Explo-

ration: This metric [29] characterizes how the number of distinct

locations grows with the total number of visits. Let 𝐻 denote the

number of stays and 𝑁new (𝐻 ) the cumulative number of unique lo-

cations. Exploration follows a sublinear power-law, 𝑁new (𝐻 ) ∼ 𝐻𝛼
,

where 𝛼 is the exploration exponent. We estimate 𝛼 for each user

and compare its distribution between real and simulated data. (3)

Preferential return: Following [29], we characterize preferential

return as the tendency to revisit previously visited locations with

probability proportional to their past visitation frequency. Let 𝑛𝑖 (𝑡)
denote the number of visits to location 𝑖 prior to time 𝑡 . Following

the original linear assumption (𝑃 ∝ 𝑛𝑖 ), where 𝑃 denotes the proba-

bility of returning to location 𝑖 , we generalize the model by fitting

𝑃 ∝ 𝑛𝛾
𝑖
. We estimate 𝛾 for each user and compare the simulated and

real user-level 𝛾 distributions using JSD.

4.3 Overall performance
4.3.1 Overall performance on Beijing dataset. We compare

our method COMPASS with other baseline methods, as shown in

the Table 1. For our method COMPASS, we use the first type of

shared data to provide guidance. As guidance, we use three scaling

law metrics of human mobility: radius of gyration, stay duration,

and visitation frequency, corresponding to the spatial, temporal,

and spatio-temporal perspectives, respectively. The guidance met-

rics are shown in gray, while the remaining metrics are used only

for evaluation. From the Table, we can see that our method out-

performs all other baselines, achieving at least an improvement

of 27.08% in travel distance, 24.88% in odSim, 20.75% in circadian,

41.17% in exploration, and 74.79% in return. This demonstrates that

scaling laws of human mobility can provide effective guidance for

individual-level generation, thereby improving collective realism.

4.3.2 Overall performance onNYCdataset. For theNYC dataset,

we only consider the latter two types of shared data and evaluate

spatial and temporal metrics, since the dataset does not provide user-

level trajectories and thus does not support spatial-temporal metric

computation. As guidance, we use two scaling law metrics of hu-

man mobility: radius of gyration and stay duration, corresponding

to the spatial and temporal perspectives, respectively. The guidance

metrics are shown in gray, while the remaining metrics are used

only for evaluation. We compare our method COMPASS with other

baseline methods, as shown in Table 2. From the Table, we can see

that our method outperforms all other baselines, achieving at least

an improvement of 10.70% in OdSim, 17.87% in Circadian.

4.4 Performance across shared data types
In this section, we study how different types of shared data affect

prompt adjustment for simulation, and whether good performance

can still be achieved using only statistical summaries.

4.4.1 Performance across shared data types onBeijing dataset.
For the Beijing dataset, we consider three types of shared data

and select metrics from three perspectives: spatial, temporal, and

spatio-temporal. We compare our method COMPASS with variants,

as shown in the Table 1. Due to data type limitations, different

shared data settings use different scaling laws of human mobility as

guidance. Therefore, we use the metrics not included as guidance

for evaluation, as shown in gray. We can observe that using the
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first type of shared data (i.e., COMPASS) achieves the best perfor-

mance, because each scaling law metric is computed at the user

level, allowing more precise identification of issues across different

individuals. The performance of using the third type of shared data

(i.e., COMPASS w SD3) slightly decreases, since having only mo-

bility statistical summaries can provide only a coarse direction for

improvement. Nevertheless, the overall performance of COMPASS

w SD3 remains good and outperforms all baselines.

4.4.2 Performance across shared data types on NYC dataset.
For the New York City dataset, we consider two types of shared

data and select metrics from spatial and temporal aspects. We com-

pare two variants of our method COMPASS, as shown in Table 2.

Similarly to the Beijing dataset, we use the metrics not included as

the guidance for evaluation, as shown in gray. Overall, using the

second shared data (i.e., COMPASS w SD2) performs slightly better

than using the third shared data (i.e., COMPASS w SD3), because

COMPASS w SD2 provides more fine-grained rewards. Similar to

the findings in the Beijing dataset, even when COMPASS w SD3

uses mobility statistical summaries as the guidance, performance

remains good and outperforms all baselines.

4.5 Effect of prompt adjustment on mobility
scaling laws

To assess whether scaling-law-guided prompt adjustment improves

behavioral realism, we compare simulations before (COMPASS

w/o PA) and after adjustment (COMPASS) on the Beijing dataset

under the first shared-data setting, using well-established scaling

laws of human mobility: travel distance, preferential return, and

exploration scaling. These analyses complement the metric-based

evaluation by examining whether the generated trajectories repro-

duce key behavioral patterns observed in real-world data.
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Figure 7: Preferential return behavior.

Preferential return: Figure 7 examines preferential return be-

havior from two perspectives. The left panel shows the relationship

between a location’s visit count 𝑛 and its selection rate 𝑃 (𝑛). Com-

pared with w/o PA, COMPASS more closely matches the real-data

trend, particularly for highly visited locations. The right panel

compares the distribution of the preferential-return exponent 𝛾

estimated separately for each user. COMPASS produces a distribu-

tion that is substantially closer to the real data, while w/o PA shifts

toward larger 𝛾 values. This suggests that our framework not only

improves the aggregate preferential-return pattern but also better

captures user-level heterogeneity in revisit behavior.

Exploration: Figure 8 examines exploration behavior. The left

panel shows the growth of explored locations over time. Although

COMPASS slightly overestimates exploration compared with the

real data, it substantially reduces the gap observed in w/o PA. The

right panel compares the distribution of the user-level exploration

exponent 𝛼 , where COMPASS more closely matches the real dis-

tribution. These results suggest that our framework improves the

modeling of exploration dynamics at both the population and indi-

vidual levels.
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Figure 8: Exploration scaling behavior.

Travel distance: Figure 9 shows the results for travel distance.
For visualization clarity, travel distances are clipped to a prede-

fined maximum threshold (i.e., 600km) during plotting; all reported

metrics are computed using the full dataset. We observe that, af-

ter adjustment, the travel distance distribution becomes closer to

the real-world data. In addition, the cutoff values obtained from

fitting the truncated power-law distribution are more consistent

with those of the real-world data, better reflecting realistic human

activity ranges.
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Figure 9: Effect of prompt ad-
justment on travel distance.
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4.6 Ablation study
4.6.1 Subset-search generalization. To validate whether the prompt

adjustments identified from a small subset can generalize to a larger

population, we conduct an experiment using the NYC dataset. We

choose this dataset because it contains fewer users and trajectories,

making full-dataset search computationally feasible. Specifically, we

compare COMPASS w E, which performs prompt search on a subset

and extends the resulting adjustments to the full population, with

COMPASS w SD2, which performs prompt search directly on the

full dataset. Figure 10 shows the two variants achieve comparable

performance, indicating that prompt adjustments learned from a

subset can effectively generalize to larger groups of individuals.

4.6.2 Effect of the user-bandit and count-conditioned UCB.
To assess the contribution of the two key components in COMPASS,

we compare the full model with two variants on the Beijing dataset

under the first shared-data setting. We report performance on the

evaluationmetrics that are not directly used as scaling law guidance.

COMPASS w/o UB replaces the per-user UCB bandit with random

user sampling when selecting users for an action. COMPASS w/o

UB & CUCB further replaces the count-conditioned global UCB
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with a standard action-level UCB that does not distinguish between

different application counts of the same adjustment.

Figure 11 reports the performance of the full model and its vari-

ants on the five evaluation metrics. Removing the user-bandit con-

sistently worsens performance across all metrics, while removing

both the user-bandit and count-conditioned UCB leads to a further

decline. These results confirm that both components contribute to

the effectiveness of COMPASS.
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Figure 11: Effect of the user-bandit and count-conditioned UCB.

4.6.3 Effect of MCTS-based optimization. To evaluate the con-
tribution of the proposed MCTS-based search, we compare COM-

PASS with a random-search variant (COMPASS w/ RS) on the Bei-

jing dataset under the first shared-data setting. This variant uses

the same action space as COMPASS but selects actions uniformly at

random from the candidate set, without considering future rewards.

Figure 12 shows that replacing MCTS with random search sub-

stantially degrades performance across all metrics. The largest per-

formance drops are observed on Exploration and Return, suggesting

that random action selection struggles to capture realistic mobility

dynamics. These results highlight the importance of MCTS-based

search. At each optimization step, the framework must determine

both what adjustment to apply and which users should receive it.

Random search makes these decisions without considering their

estimated utility, whereas MCTS explicitly evaluates candidate ac-

tions before selecting them. As a result, MCTS is more likely to

identify adjustments that improve population-level mobility statis-

tics, leading to consistently lower discrepancies across all metrics.
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Figure 12: Comparison between COMPASS and random search.

4.7 Performance across different LLMs
To examine whether COMPASS depends on a particular LLM back-

bone, we evaluate it on the Beijing dataset under the first shared-

data setting using four representative models: GPT-5.2, GPT-4o-

mini, LLaMA 3.3 70B, and Qwen 2.5 72B.

Table 3 reports the performance of COMPASS under four differ-

ent LLM backbones across mobility metrics. We find that no single

model consistently performs best across all metrics. For example,

GPT-5.2 achieves the lowest discrepancy on some metrics, while

Qwen 72B performs best on others. More importantly, the differ-

ences among the stronger models are relatively small. In particular,

Qwen 72B matches GPT-5.2 by achieving the best result on four of

the eight metrics. This suggests that the effectiveness of COMPASS

does not rely on a specific LLM backbone. Open-source models

can serve as a practical alternative to proprietary ones without

substantially sacrificing simulation quality.

4.8 Parameter sensitivity analysis
The sampling rate 𝑘 controls the fraction of users selected for each

action. A smaller 𝑘 reduces the number of LLM calls but provides

less feedback for evaluating candidate adjustments, while a larger

𝑘 increases computational cost by applying adjustments to more

users.We vary𝑘 ∈ {0.05, 0.10, 0.15, 0.20, 0.25} on the Beijing dataset
under the first shared-data setting and report the performance on

its five corresponding evaluation metrics in Figure 13.

Figure 13 shows that 𝑘 = 0.15 achieves the best overall per-

formance, yielding the best results on four of the five evaluation

metrics. Both smaller and larger values of 𝑘 lead to worse results,

suggesting that an intermediate sampling rate provides the best

balance between evaluation quality and adjustment granularity.
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Figure 13: Sensitivity of COMPASS to the sampling rate.

4.9 Convergence analysis
To examine whether the MCTS optimization converges within a

fixed number of iterations, we track the best Q value during the

search on the Beijing dataset under the first shared-data setting.

Figure 14 shows the rolling mean (± std), computed using a 10-

iteration window. The COMPASS curves begin to plateau after

roughly 500 iterations, with only marginal improvements thereafter.

Therefore, we set 500 iterations as the default optimization budget

for all experiments.
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Figure 14: MCTS convergence on the Beijing dataset.

4.10 Overhead analysis
We quantify the overhead using two metrics: the number of LLM

calls and the monetary cost. In our implementation, one LLM call

refers to either one prompt-adjustment call that updates a user’s

behavioral traits, or one trajectory-generation call that generates

a one-day trajectory for a user. Thus, the number of LLM calls

measures the amount of fresh generation required during search,

while the cost is estimated based on the provider’s token pricing.

To reduce repeated LLM calls, we use a user-level cache. Each

time an action is executed, we cache the before-and-after adjust-

ment state of the selected users together with their regenerated

trajectories. If the same action is later applied under the same

state and selects a user already stored in the cache, we directly

reuse the cached trajectory instead of invoking the LLM. In 500

MCTS iterations, the cache achieved a 95.9% hit rate, reducing the

search overhead to an average of 31.5 LLM calls per iteration. Under

Qwen2.5 pricing, this corresponds to a monetary cost of $5.97.
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Table 3: Performance across different LLMs. Bold scores are for the best values. The gray-shaded parts indicate the metrics used
for guidance under the specific shared data setting, while the remaining metrics are used for evaluation.

Method

Spatial Temporal Spatial-temporal

Radius Distance Locfreq Duration Circadian Visit-Freq Exploration Return

COMPASS w GPT5.2 0.0385±0.0026 0.0064±0.0005 0.2017±0.0076 0.0221±0.0002 0.0738±0.0003 0.1095±0.0042 0.0645±0.0014 0.0554±0.0101
COMPASS w LLama3.3 0.0403±0.0008 0.0068±0.0001 0.2081±0.0018 0.0223±0.0002 0.0731±0.0002 0.1746±0.0093 0.0618±0.0030 0.0745±0.0018

COMPASS w GPT4o-mini 0.0410±0.0435 0.0077±0.0010 0.2274±0.0106 0.0229±0.0011 0.0721±0.0007 0.1612±0.0072 0.0751±0.0239 0.1129±0.0606
COMPASS w Qwen 0.0324±0.0011 0.0070±0.0002 0.1914±0.0016 0.0180±0.0004 0.0718±0.0007 0.1247±0.0032 0.0756±0.0134 0.0614±0.0034

5 Discussion
Lessons learned: Based on the results of our paper, we summarize

the following lessons learned: (1) Scaling laws of human mobility

obtained from different types of shared data can effectively guide

LLM-based mobility simulations, as shown in Table 1 and Table 2.

Even statistical information without any trajectories leads to notice-

able performance improvements. (2) Our framework incorporates

multi-dimensional scaling law metrics as guidance, enabling im-

provements that extend beyond targeted aspects and enhance the

overall mobility simulation, as shown in Table 1. (3) Our framework

enables identifying optimal prompt combinations from a small sub-

set of individuals and generalizing them to a larger population,

reducing search overhead, as shown in Figure 10.

Limitation: Despite its effectiveness, our framework has several

limitations. Our framework introduces additional computational

overhead in mobility simulation, particularly at large scales, al-

though this cost is partially mitigated by our method. Our evalua-

tion is currently limited to two cities and extending validation to

more diverse urban environments remains future work.

Ethics and privacy: This work focuses on population-level

mobility simulation rather than individual tracking or prediction.

Our framework uses user profiles as inputs, which are derived from

census statistics or publicly available data. All information is highly

anonymized and represented at a coarse-grained level, preventing

identification of individuals. Scaling laws of human mobility are

obtained from publicly shared data and do not involve privacy-

sensitive information. While LLM-based simulations may introduce

biases or unrealistic behaviors, our framework uses scaling laws of

mobility to guide individual generation for improving realism.

6 Related work
LLM-based human mobility simulation. Existing works ex-

plored using LLMs for human mobility simulation by leveraging

their knowledge and human-like reasoning capabilities. The ad-

vantage of these approaches is that they do not require large-scale

real-world mobility data for training. These works [1, 8, 13, 14, 16,

19, 20, 22, 25] guide LLMs to simulate human-like mobility inten-

tion reasoning step by step and then produce realistic mobility

activity sequences. For example, CoPB [25] is an intention- and

planning-based framework that enables LLMs to generate human

mobility trajectories through step-by-step reasoning. Although

these works produce realistic outputs, the reliance on LLMs makes

the simulation expensive. This work [13] designs a LLM-based

agent framework for personal mobility generation, combining self-

consistency and retrieval strategies to align language models with

real-world human activity. However, they generate each individ-

ual’s trajectory independently, without any population-level coor-

dination mechanism, thereby failing to capture the emergence of

collective behaviors.

Prompt optimization Previous research on prompt optimiza-

tion focuses on identifying an optimal prompt that enables an LLM

to produce the best performance for a given class of tasks [7, 32, 35].

Existing methods can be categorized into three types. The first cat-

egory focuses on how to select the optimal prompt given available

candidates [11, 26]. For example, given a set of human-readable

prompt candidates with unknown performance, ZOPO [11] em-

beds prompts into a continuous space and estimates update di-

rections based on past performance, enabling efficient local ex-

ploration toward high-performing prompts. The second category

considers both prompt refinement and optimal prompt selection,

and addresses single-objective optimization [34, 40]. For example,

Promptagent [34] enables an LLM to iteratively refine prompts

based on observed errors, using MCTS to explore the space of

prompt modifications. The third category considers both prompt

refinement and prompt selection, with a focus on multi-objective

optimization [12, 27, 28, 41, 43]. These works focus on balancing

multiple objectives. For example, ParetoPrompt [43] uses a pre-

trained language model as a policy, which is further optimized via

reinforcement learning to achieve multi-objective prompt optimiza-

tion. Unlike prior work that focuses on finding a single prompt

to achieve good performance on a specific task (single or multiple

objectives), we aim to address a multi-prompt, multi-objective opti-

mization problem. Specifically, our goal is to find an optimal set of

prompts that jointly optimizes multiple objectives.

7 Conclusion
In this work, we design COMPASS for LLM-based mobility simula-

tion. It leverages scaling laws of human mobility from shared data

as guidance to adjust individual-level prompts in order to reproduce

realistic population-level mobility behavior. Our framework applies

coarse-grained adjustment strategies guided by scaling laws of hu-

man mobility, progressively enabling fine-grained individual-level

adaptation while satisfying multiple population-level mobility ob-

jectives under a limited budget. Experiments show that COMPASS

significantly outperforms other LLM-based simulations.
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A Appendix
A.1 Supplementary analysis: preservation of

human mobility scaling laws in
coarse-grained data

In this section, we provide additional results that complement Sec-

tion 2.3. Based on both real-world and coarse-grained data, we

compare stay duration distributions and visitation frequency from

temporal and spatial-temporal perspectives (Figures 15 and 16).

We find that the distributions obtained from coarse-grained data

closely match those obtained from the original real-world trajecto-

ries, indicating that coarse-graining preserves key scaling laws of

mobility.
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Figure 15: Stay duration distribu-
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Figure 16: Visitation frequency
(Real vs. Coarse-grained).

A.2 COMPASS optimization algorithm
To make the optimization process easier to follow, we summarize

the main steps of COMPASS in Algorithm 1.

A.3 Example of prompt adjustment
To illustrate how behavioral constraints are injected into user pro-

files, we present two examples in which an initial profile is aug-

mented with an additional behavioral description. The original

profile contains only basic attributes, such as age, occupation, edu-

cation level, consumption level, and coarse home/work locations.

The adjusted profile further specifies mobility preferences that

guide the generation model toward a particular behavioral pattern.

For conciseness, the examples below report only the profile field. All

other parts of the prompt, including the task description, formatting

instruction remain fixed.

Example 1: prompt adjustment

Initial profile: A 35-year-old male logistics worker in

Beijing with a high-school education level and medium

consumption level. His home is near [116.5, 39.8], and his

workplace is near [116.7, 38.0].
Profile after adjustment: [Initial profile]. In addition,

the user has very weak location preference and high vari-

ability in visited places. His movements are largely driven

by tasks, assignments, or service-related needs rather than

routine. There is no single dominant activity center, and

his mobility naturally spans multiple areas.

Algorithm 1 COMPASS optimization algorithm

1: Input: initial prompt state 𝑠0, action spaceA, target objectives

x∗, user sampling ratio 𝜌 , number of iterations 𝑁iter

2: Initialize root node 𝑣0 with state 𝑠0
3: for 𝑖 = 1 to 𝑁iter do
4: Initialize empty trajectory 𝜏

⊲ Selection

5: while 𝑣 has expanded children and 𝑣 is not terminal do
6: 𝑎 ← SelectActionByUCT(𝑣)
7: U ← SelectUsersByUCB(𝑣 .𝑠𝑡𝑎𝑡𝑒, 𝑎, 𝜌)
8: Append (𝑣 .𝑠𝑡𝑎𝑡𝑒, 𝑎,U) to 𝜏
9: 𝑣 ← child(𝑣, 𝑎)
10: end while

⊲ Expansion

11: if 𝑣 is not terminal then
12: C ← GlobalFilter(𝑣 .𝑠𝑡𝑎𝑡𝑒,A, 𝐵)
13: for all 𝑎 ∈ C do
14: U𝑎 ← SelectUsersByUCB(𝑣 .𝑠𝑡𝑎𝑡𝑒, 𝑎, 𝜌)
15: (𝑟𝑎, 𝑠𝑎) ← ApplyAndEvaluate(𝑣 .𝑠𝑡𝑎𝑡𝑒, 𝑎,U𝑎, x∗)
16: end for
17: 𝑎∗ ← argmax𝑎∈C 𝑟𝑎
18: Create child node 𝑣 ′ with state 𝑠𝑎∗

19: Add edge (𝑣, 𝑎∗) to the search tree

20: Append (𝑣 .𝑠𝑡𝑎𝑡𝑒, 𝑎∗,U𝑎∗ , 𝑟𝑎∗ ) to 𝜏
21: 𝑣 ← 𝑣 ′

22: end if
⊲ Simulation

23: 𝑠roll ← 𝑣 .𝑠𝑡𝑎𝑡𝑒

24: for 𝑡 = 1 to 𝐿 do
25: if 𝑠roll is terminal then
26: break
27: end if
28: C ← GlobalFilter(𝑠roll,A, 𝐵)
29: for all 𝑎 ∈ C do
30: U𝑎 ← SelectUsersByUCB(𝑠roll, 𝑎, 𝜌)
31: (𝑟𝑎, 𝑠𝑎) ← ApplyAndEvaluate(𝑠roll, 𝑎,U𝑎, x∗)
32: end for
33: 𝑎∗ ← argmax𝑎∈C 𝑟𝑎
34: Append (𝑠roll, 𝑎∗,U𝑎∗ , 𝑟𝑎∗ ) to 𝜏
35: 𝑠roll ← 𝑠𝑎∗

36: end for
⊲ Back-propagation

37: Update node-level statistics with cumulative returns

38: Update global action statistics with immediate rewards

39: Update user-level statistics for selected users

40: end for
41: return the optimized prompt state from the search tree

Example 2: prompt adjustment

Initial profile:A 23-year-old female IT engineer in Beijing

with a bachelor’s degree and medium consumption level.

Her home is near [116.3, 40.0], and her workplace is near

[116.3, 40.0].

Profile after adjustment: [Initial profile]. In addition,

most of her activities are expected to occur near home or

within the same neighborhood. She has a strong nearest-

option preference when choosing destinations, and tends

to visit fixed local places repeatedly.
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A.4 Prompt example
We provide two representative prompt examples: one for the mo-

bility simulation model and another for action generation in the

MDP-based prompt adjustment process.

Abridged mobility simulation prompt example

INPUT DATA
Profile: {profile, today_date, home_location,
work_location}.
Date: {today_date}.
ROLE & TASK
You are a human mobility simulation agent. Given a per-

son’s profile, date, home location, work location, and can-

didate POIs, generate the person’s daily mobility trajectory.

The output should be a sequence of mobility events.

TASK REQUIREMENTS
• Generate events in chronological order.

• Each event should correspond to a physical visit to

a location with a clear purpose.

• Do not generate passive or non-mobility activities,

such as sleeping, resting at home, watching TV, or

browsing the phone.

• Do not generate continuous GPS traces; each output
item should be an event-level spatiotemporal point.

• ...

OUTPUT FORMAT
1. At 8:12 a.m., commute from home to the logistics ware-

house for the morning work shift. Activity: Work. Location

type: workplace. Location: [116.7, 38.0].

Abridged action generation prompt example

ROLE
You are an expert in human mobility modeling, urban sci-

ence, statistical physics of mobility, and LLM-based syn-

thetic population simulation...

BACKGROUND
The simulated data is created by feeding human personas

(profiles) into an LLM, which generates mobility trajec-

tories. The objective is to improve simulation realism by

adjusting persona design or constraining behavioral rules...

INPUT DATA
ANALYSIS GOALS
• Population composition biases

• Missing or exaggerated activity-space archetypes

• Behavioral causes of distribution mismatch

• Ways to adjust personas or behavioral rules

TASK REQUIREMENTS
TASK 1 — Population-level Diagnosis
From a human mobility perspective, briefly explain what

the observed differences suggest about overall activity

space. Describe whether the simulated population tends

to move within larger or smaller areas than real people,

and identify which general mobility archetypes may be

overrepresented or underrepresented...

TASK 2 — Population Group
Goal:Define a practical radius-based segmentation schema.

Requirements:
• Define 4–6 radius groups that partition individuals

by activity-space size (small→ large).

• Groups must be defined by radius magnitude.

• For each group provide: Group name, Radius range

(clear thresholds or relative scale), One-sentence be-

havioral description and Target proportion (%) rep-

resenting a realistic population distribution...

TASK 3 — Adjustment Strategy
For each group defined in Task 2, provide concrete adjust-

ments aimed at improving simulation realism...

Examples include:

• Adding behavioral constraints (e.g., stronger home/-

work anchors)

• Increasing routine or location stability...

OUTPUT FORMAT
(1) Population Diagnosis

(2) Population Groups Table

Columns: Group Name | Radius Range | Behavioral
Description | Target proportion

(3) Adjustment Strategy (group-by-group suggestions)
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