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Abstract— Towards human-robot coexistence, socially aware
navigation is significant for mobile robots. Yet existing studies
on this area focus mainly on path efficiency and pedestrian
collision avoidance, which are essential but represent only a
fraction of social navigation. Beyond these basics, robots must
also comply with user instructions, aligning their actions to task
goals and social norms expressed by humans. In this work, we
present LISN-Bench, the first simulation-based benchmark for
language-instructed social navigation. Built on Rosnav-Arena
3.0, it is the first standardized social navigation benchmark
to incorporate instruction following and scene understanding
across diverse contexts. To address this task, we further propose
Social-Nav-Modulator, a fast-slow hierarchical system where
a VLM agent modulates costmaps and controller parameters.
Decoupling low-level action generation from the slower VLM
loop reduces reliance on high-frequency VLM inference while
improving dynamic avoidance and perception adaptability. Our
method achieves an average success rate of 91.3%, which
surpasses the most competitive baseline by 63%, with most
of the improvements observed in challenging tasks such as
following a person in a crowd and navigating while strictly
avoiding instruction-forbidden regions. The project website is
at: https://social-nav.github.io/LISN-project/

I. INTRODUCTION

For mobile robots to be successfully integrated into human
society, they must not only navigate from one point to an-
other but also respect both implicit and explicit social norms
[1]. This requires a level of social intelligence that goes be-
yond simple obstacle avoidance. Some studies on language-
instructed social navigation have not been conducted in real
robot systems [2], but progress has been limited in current
benchmarks, which mainly assess low-level capabilities such
as collision avoidance and path efficiency using metrics like
path length, travel time, and minimum distance to humans
[3]-[6]. While these metrics are essential, they overlook
high-level navigation behaviors that must adhere to social
rules specified in language instructions.

To bridge this gap, this work explores language-instructed
social navigation (LISN). First, we establish a new bench-
mark, namely LISN-Bench, which properly formulates this
problem and emphasizes task context and high-level social
understanding. We argue that 1) understanding text-instructed
social rules, 2) understanding environment visual semantics,
and 3) navigation in crowds and dynamic obstacle avoidance
are three key capabilities for intelligent robots to be deployed
into the dynamic real world. For example, in hospitals, a
robot may be tasked with accompanying patients equipped
with medical devices or keeping distance when appropriate,
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Fig. 1: The proposed Social-Nav-Modulator overview. The
slow-loop VLM reasoner takes in visual data and a language
instruction, outputting adjustments for the fast-loop Social
Force Model (SFM) controller parameters and the value map
states, which together generate real-time control commands
that comply with the social rules and instructions.

while also navigating around restricted areas like operating
rooms as necessary. The robot must interpret commands,
recognize key elements in the scene, and navigate safely
through busy corridors to complete its tasks. Our LISN-
Bench is built on Arena 3.0 [3] with comprehensive metrics
across diverse social contexts. It is the first simulation-based
benchmark that introduces instruction following and scene
understanding into the social navigation task, addressing the
lack of standardized evaluation.

Besides, the integration of the aforementioned capabilities
into a real-time system is also challenging. First, the robot
must fuse information from multiple modalities, including
visual cues and natural language commands, to form a high-
level understanding of the social situation. Second, this high-
level reasoning must be translated into a high-frequency
reactive control signal to ensure collision-free movement in
a dynamic world. Large Vision-Language Models (VLM)
models have the capability for multi-modal understanding,
but with an inference time of at least several seconds.
The existing VLA-based navigation methods [7], [8]., even
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capitalizing on a small base VLM, struggle to meet the high-

frequency control demands of dynamic environments, with

control rates frequently falling below 1 Hz.

To this end, we propose Social-Nav-Modulator, a hierar-
chical fast-slow system that bridges the slow high-level social
status understanding with fast reacive control. The insight
is, if we frame classical social navigation as an optimization
problem, then we can use a VLM to dynamically modulate
the input and parameters of the optimization problem to
align with instruction and social norms. This approach has
two merits. First, it allows the robot to exhibit sophisticated
social behaviors, translating abstract concepts like caution or
urgency into concrete changes in the planner’s optimization
objective while maintaining the real-time collision avoidance
capabilities and safety guarantees from classical social plan-
ners [9], [10]. In summary, our main contributions include:
o LISN-Bench: The first simulation-based benchmark for

language-instructed social navigation that explicitly eval-

uates instruction following and adherence to social norms
across diverse contexts with standardized metrics.

o Social-Nav-Modulator: A hierarchical social navigation
framework that decouples high-level VLM-based semantic
reasoning from low-level reactive control, enabling sophis-
ticated social behaviors while ensuring real-time obstacle
avoidance for safety.

o Through systematic evaluation, our framework demon-
strates clear advantages over existing baselines, particu-
larly in complex and dynamic social navigation scenarios.
Our analysis further reveals the efficiency limitations of
large VLMs for dynamic obstacle avoidance, underscoring
the effectiveness of our fast—slow hierarchical design.

II. RELATED WORKS
A. Social Navigation Benchmarks

Previous works in the social navigation community have
provided several simulators and benchmarking tools for
problems related to navigation in crowd environment while
keeping the social norm, specifically the human-robot in-
teraction behavior. SEAN 2.0 [4] formalizes social situ-
ations and with a behavior graph, modeling the reactive
interactions of the human group when robots approach in
simulation. In comparison, SocNavBench [5] offers curated
photorealistic scenarios based on real pedestrian data. On
top of these works, HuNavSim [6] and Arena 3.0 [3]
both provide a rich set of task modes, human models, and
social metrics with large planner suites. Benchmarks from
Visual-Language Navigation field such as HA-VLN [11] and
Habitat 3.0 [12] also introduce dynamic, interactive human
models into photorealistic environments. However, typically
these frameworks rely on a turn-based simulation model
where the agent and the environment’s dynamic elements
take actions sequentially with discrete action space. This
creates a significant gap when transferring learned policies
to real-world robotic systems that require continuous real-
time control. In comparison, our benchmark follows Arena
3.0 [3], supporting simultaneous simulation and continuous
real-time control, thus better bridging this gap.

B. Social Navigation Methods

Previous studies in social navigation have largely focused
on achieving collision-free movement in dynamic environ-
ments, with methods broadly categorized into classical and
learning-based methods.1) Classical generic planners such as
DWA [13] and TEB [14] can be adapted to dynamic obstacles
with hand-made cost functions, but perform poorly in safety-
critical scenarios and a crowd environment. Social planners
such as SFM [9] and ORCA [10] incorporate the modeling
of other agents in the environment and are more common
in social navigation tasks. 2) More recent works use deep
learning to capture the subtleties of human behavior and learn
a reactive policy in a data-driven approach. Reinforcement
learning is one of the main approaches to learning social nav-
igation policies, including [15]-[19]. Besides, Social-GAN
[20] uses generative adversarial networks to predict socially
plausible trajectories. Our proposed Social-Nav-Modulator
uses a VLM as a parameter modulator to tune the cost
functions and parameters in SFM planner and controllers,
and thus can be viewed as an extension on classical methods.

C. Large Models for Robot Navigation

The recent success of large vision language models
(VLMs) has opened new avenues for robot navigation. [7],
[21]-[24] demonstrated the ability to follow natural language
instructions for navigation by combining pre-trained vision
and language models. Specifically for social navigation,
some works have begun to explore the potential of VLMs.
VLM-Social-Nav [2] used a GPT-based scoring module
to learn a social cost function. Vi-LAD [25] proposed an
attention distillation method to transfer the social reasoning
capabilities of a large VLM into a lightweight, real-time
Transformer. CoNVOI [26] leveraged a VLM to identify
environmental context and generate reference paths that are
more aligned with human conventions. Our work builds
on this trend but distinguishes itself by using the VLM to
directly adapt the parameters of a classical planner, creating
a fast-slow hierarchical system to bridge time-consuming
visual-language semantic understanding and geometric-only
real-time reactive controller.

III. TASK OF LANGUAGE-INSTRUCTED SOCIAL
NAVIGATION

To facilitate a more holistic evaluation of socially-aware
navigation, we propose a new task setting in which the
comprehension of language instructions and visual semantics
is required for the robot to navigate through dynamic social
environment. We name this new task setting as Language-
Instructed Social Navigation (LISN). We then build a bench-
mark based on the popular rosnav-arena simulation platforms
[3], [27], to provide a shared platform for evaluation.

A. Problem Definition

As we discussed in the introduction section, we identify
the 1) understanding language instruction 2) understanding
environment visuals 3) dynamic avoidance as three key
capabilities for the social robots. Thus, we formulate the
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TABLE I: LISN-Bench Tasks: Instructions, scenes and navigation patterns.

Task Instruction Scene Pedestrian | Pedestrian | Region Region
Following Avoidance Reaching Avoidance
a) Follow Doctor Follow the doctor to deliver to utensils | Hospital 1 1 0 0
you are carrying
b) Reception Desk Navigate to the reception desk. Hospital 0 1 1
c¢) Public Area Stay in public areas and keep away | Hospital 0 1 0 1
from wards and patients
d) Go to Forklift in Hurry Go to the forklift in a hurry. You can | Warehouse | O 1 1 0
ignore safety regulations and signs.
e) Go to Forklift Carefully | Go to the forklift carefully. Do not enter | Warehouse | 0 1 1 1
areas in yellow line markings.

LISN task as a multi-modal grounding and control problem
where the robot observes a tuple (L, I, P) consisting of a
language instruction L, an RGB visual input /, and LiDAR
scans P. The goal is to generate a sequence of control actions
a; = (vg,w;) that drive the robot to navigate in a socially-
aware manner consistent with L while operating safely in

dynamic environments.
Formally, the classical social navigation task can be mod-

eled as a Markov Decision Process (MDP) (S, A,T,C)
[2]. In LISN, we require the low-level navigation behavior
to be dependent on the languange instruction, modulated
by the VLM model. Then we denote the LISN task as
an instruction-conditioned MDP M(L) = (S, A, T,C(- |
L),0), where L € L is a natural language instruction, S
is the state space, A is the action space, 7 is the transition
function, C(- | L) is the instantaneous cost space conditioned
on language instruction L, and O is the observation space.
We consider the state s; € S to include the kinematic
state of the robot, as well as the local dynamic cost map,
which is constructed by observation O; € . Observation
O; = (It, P;) € O includes the ego-centric RGB image I;
and the LiDAR scan P;. Action a; = (v, w;) € A is the
differential-drive control signal executed at time ¢.

B. Benchmark Design

Our benchmark extends existing social navigation en-
vironments Arena 3.0 [3] with detailed annotations and
context-rich scenarios. To evaluate how navigation behavior
aligns with instruction and environment semantics, we in-
troduce additional annotations that include semantic region
masks, pedestrian identities with corresponding human mesh
models, episodic precomputed navigation paths for specific
dynamic objects, as shown in Figure 2.

We identify four navigation patterns that the mobile robot
should perform, conditioned on the understanding of lan-
guage instructions and the perception of the environment.
A key insight is that language instruction typically refers
to two primary types of grounding targets: 1) Pedestrians
(Dynamic Targets). Specific individuals or groups of people,
represented as moving agents with dynamic spatial positions.
2) Regions (Static Targets). Areas within the environment
referred to or hinted at in instructions, such as restricted
areas and destination areas. Given these grounding targets,
the robot’s navigation behavior can be roughly categorized
along two orthogonal dimensions: 1) Behavioral Relation to

Target: Whether the robot is instructed to approach (move
close to) or avoid (keep away from) the grounded entity or
region. 2) Type of Target: Whether the target is a dynamic
pedestrian or a static region.

Combining these axes yields four fundamental patterns for
LISN: 1) Pedestrian Following, 2) Pedestrian Avoidance, 3)
Region Reaching, and 4) Region Avoidance. In the following
sections of benchmark construction and metric design, we
follow this insight and design five tasks specified by the
(instruction, scene) tuple that provide enough coverage for
the four patterns, as in Table I.

C. Evaluation Metrics

Success Rate: This metric accesses whether the robot
reaches the goal while satisfying task-specific semantic con-
straints, which mainly refers to semantic rules, such as
avoiding restricted zones or complying with region-aware
navigation requirements.

Collision Rate: percentage of runs with collisions against
pedestrians or obstacles.

Path Smoothness: We quantify smoothness based on
variations in trajectory curvature, reflecting the legibility and
comfort of robot motion. Formally, we compute the cumula-
tive angular change between consecutive trajectory segments
as Curvature Smoothness = Z?;ll |[wrap(air1 — o)l
where «; denotes the orientation of the i-th segment and
wrap(-) ensures that the difference is normalized within
[-7, 7]. The lower value indicates a smoother and more
human-like path.

Average Subject Score: This metric assesses the robot’s
social behavior toward specific subjects. We use distance-
based scoring: a U-shaped function for tasks like following
a doctor (optimal score at a proper distance, penalties for
too close/far), and a distance-penalty function for vulnerable
individuals. Scores are averaged over time and all subjects
in each episode.

Average Region Score: This measures compliance with
zone rules (e.g., avoiding restricted areas). Zone violations
incur severity-weighted penalties based on type, impact, and
duration, capped to avoid runaway scores. The overall score
starts from 100 and decreases by average violation severity,
reported per episode.

IV. METHOD

Following the problem definition in Section III-A, we
propose Social-Nav-Modulator, a novel fast-slow system in-
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Fig. 2: The figure demonstrates the annotations required for LISN task evalution on the hospital asset in Arena 3.0 [3].
Sub-figure a) depicts the semantic region annotations, represented by a list of region masks with a semantic ID. Sub-figure
b) demonstrates the pedestrian annotations in an episode, where a pedestrian assigned with a specific identity also has a
pre-defined movement trajectory in the environment. We also add extra mesh models to the original assets to provide the

identity-corresponding mesh in the simulation, such as Doctor.

tegrating VLM capabilities and the classical social navigation
planner. In this section, we will discuss the overview of our
proposed method, how it relates to past works in Section I'V-
A; we then dive into the details of our slow system and fast
system in Section IV-B and Section IV-C, respectively.

A. Overview

Using VLM models for multi-modal grounding and action
generation has been common in navigation systems, as
discussed in Section II-C. However, since the inference time
of common VLM models are usually over several seconds
or even longer, directly having the VLM model generate
navigation actions can be inefficient and increase collision
risks. To address this inference time gap between the infer-
ence of the VLM model and the low-level control, we draw
inspiration from SFW-SAC [19], which leverages the off-
policy Soft Actor-Critic [28] to optimize the parameters of
the cost function of their social force window planner.

Similarly, we can apply a VLM model to adjust the cost
map values and planner parameters based on semantics,
while the low-level reactive control system independently
operates at high frequency for dynamic avoidance and nav-
igation. Following the conventions in [19], we denote the
overall cost function as J, the state at time ¢ is S} (including
the kinematic state of the robot, the cost map, dynamic
pedestrians), the observation O, (including the RGB image
and lidar scans), and the language instruction L as input. The
overview of our method can be formulated as follows:

Or, M =V LM(L,Or) ---Slow System, (1)
Sy = Social_CostMap(Oy, Mr) - -- Fast System, (2)
vy, w; = argmin J(S¢|0r) --- Fast System, 3)

VW

where 07 denotes the parameters of the cost function, Mp
denotes the visual markers of the RGB image, and (v}, wy)
denotes the optimal control signal solved by minimizing
the overall cost function. Note that the subscripts of T

and t hints whether the module runs in a slow system
cycle or a fast system cycle. This pipeline is also illustrated
in Figure 3. This decoupling allows the robot to exhibit
nuanced, socially-aware behaviors without compromising the
safety and fluidity of its navigation in dynamic environments.

B. Slow System: VLM Reasoning Agent

The core of our slow reasoning module is a VLM, which
is responsible for interpreting the social context from visual
inputs and language-based instructions. At each decision
cycle of the slow loop (e.g., every 10 seconds or upon
receiving a new user query), the system captures the current
first-person view from the robot’s camera. This image, along
with the overarching task instruction (e.g. “Follow the person
in the blue shirt”), and the recent conversation history, are
formatted into a multimodal prompt. The VLM is tasked to
analyze this prompt and invoke predefined tools to translate
its understanding into parameters 6 and visual markers M.

We use two types of tool function in the slow system:

1) Perception Models: We provide the VLM with Robo-
Point [29] and Grounded-SAM 2 [30] as perception tools by
function call. Robopoint provides the ability to set navigation
goals. Grounded-SAM aids to segment specific regions or
persons of interest (e.g., ‘doctor’, ‘door’, ‘traffic line’). These
markers will be projected to cost map so that the VLM can
assign differenet social cost attributes to different entities,
such as a cost_value and inflation_radius.

2) Parameter Updaters: This component enables the
VLM to dynamically tune the behavioral parameters of the
fast-loop social force controller in real time. Importantly,
these parameter adjustment rules and their exact values are
predefined in the system prompt, ensuring consistent and
interpretable behavior. For example, when the mode is set
to Follow, the prompt specifies that sfm_people_weight
should be set to 2.0 and sfm_goal_weight to 0.5,
so that the robot stays close to the target person while
avoiding collisions. In the Goal mode, the prompt sets
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Fig. 3: The proposed Social-Nav-Modulator architecture. The slow-loop VLM reasoning agent takes in visual data and a
language instruction, putting adjustments for the fast-loop reactive controller and the social costmap layer, which together

generate real-time control commands.

sfm_goal weight to 1.0, enabling the robot to move
directly and efficiently toward its destination. For exploratory
tasks, the VLM can increase sfm_obstacle_weight
and sfm_people_weight to promote cautious surveying,
while in idle or waiting states, the prompt requires lowering
max_lin_vel and max_rot_vel to near zero to keep the
robot stationary. By linking task intent (e.g., “follow the
doctor,” ”go to ward 1B,” ) to prompt-defined parameters,
the VLM allows the robot to navigate flexibly and socially
adaptively, becoming cautious around children and elderly,
or assertive when delivering urgent supplies.

C. Fast System: Social Force Model and Costmap

The fast-loop module ensures safe and efficient naviga-
tion by reacting to the immediate environment at a high
frequency. It consists of a social force model local planner
and a dynamic social costmap layer.

1) Social Force Model (SFM) Local Planner: We employ
a local planner based on the Social Force Model (SFM). The
SFM models agent movement as a response to a combination
of internal desires and external forces. The total force Fgjobal
is a linear combination of several force components:

Fglobal = Fesired + Fobstacte + Fsocial + Fgroup 4)

where Fyegireq guides the robot towards its goal, Fopsacie
repels it from static obstacles, Fyoca manages interactions
with other agents, and Fg,u, governs group-based behaviors.

Each of these components is weighted by a
set of parameters  (e.g., forceFactorDesired,
forceFactorSocial). The slow system can dynamically
adjust these parameters via the update_sfm param tool,
allowing for high-level control over the robot’s emergent
social behavior.

Importantly, when the task follows a specific object and
an agent is identified by VLM and Grounded-SAM 2 as
belonging to a special semantic class such as doctor, the
default SFM social force is replaced by a modified social
force that combines repulsion at short range and attraction
at long range:

F(doctor) —k

social

- d]+ (*é) + katt [d - dmaX]+ é> (5)

where d is the distance to the doctor, € is the unit vector
pointing toward them, and d i, diax define a safe following
band. This ensures that the robot keeps a proper distance:
repelled when too close, gently attracted when too far, and
otherwise stable in between.

2) Dynamic Social Costmap Layer: To incorporate the
semantic understanding of the scene of the VLM in the
planning of the route, we developed a new layer of the
name SocialLayer on top of the original obstacle map of
the social force. When the agent identifies a socially salient
entity, it provides an entity caption (e.g., “person”) and a
set of cost attributes: a base cost value Cpue, an inflation
radius R, and a decay rate A. The SocialLayer subscribes
to these entities’ information sent by the VLM agent, and
generates a potential field around the segmented entity’s
location in the costmap. The cost C' at a distance d from
the entity is calculated using an exponential decay function:

(6)

This allows the VLM to create regions of varying cost in
the robot’s environment map. For instance, it can assign a
high cost around a person to maintain a respectful distance,
or a lower cost to indicate a permissible but less-preferred
area. For entities such as a doctor, the costmap is aligned
with the modified social force: high cost within d < d,

TE [ dmin
P

C(d) = Coase - € ford <R
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TABLE II: Quantitative results across scenarios. The result with the best performance is highlighted in bold.

Metric Method Scenario
a) b) c) d) e)
Follow Doctor  Reception Desk ~ Public Area  Go Forklift in Hurry ~ Go Forklift Carefully
VLM-Nav 0 13.33 55.00 33.33 16.67
Success Rate (%) 1 VLM-Social-Nav 0 50.00 30.00 60.00 0
Ours 100 100 90.00 100 66.67
VLM-Nav 5.88 38.89 11.11 66.67 3333
Collision Rate (%) | VLM-Social-Nav 11.76 50.00 0 16.67 25.00
Ours 5.88 0 10.00 0 0
VLM-Nav 2.38 7.69 8.15 6.52 17.32
Path Smoothness 1 VLM-Social-Nav 2.27 10.62 7.57 19.94 19.02
Ours 28.85 11.97 31.17 14.51 20.57
VLM-Nav 55.53 99.26 99.67 none none
Average Subject Score T VLM-Social-Nav 71.84 100 99.65 none none
Ours 78.63 100 99.62 none none
VLM-Nav none none 98.33 none 43.28
Average Region Score 1  VLM-Social-Nav none none 95.40 none 36.56
Ours none none 98.65 none 80.50

(repulsion zone), moderate cost within [dyin, dmax] (stable
following band) and lower cost beyond d,.x. The cost
values from this layer are combined with other layers (e.g.
static obstacles) using a maximum-value policy, ensuring that
safety-critical obstacles are always respected. This mecha-
nism provides a flexible and powerful way for the VLM’s
high-level social reasoning to directly influence the robot’s
low-level path planning.

V. EXPERIMENTS

In this section, we conduct systematic experiments to
evaluate the proposed Social-Nav-Modulator. Our goals are
threefold: 1) to validate its effectiveness in handling socially-
aware navigation tasks that require both instruction follow-
ing and compliance with contextual norms; 2) to compare
against strong baselines, highlighting how different inte-
gration strategies of vision-language models impact perfor-
mance; and 3) to provide both quantitative and qualitative
insights into its performance.

A. Experimental Setup

1) Simulation Environment: All experiments are con-
ducted in the Arena 3.0 simulation framework, built on ROS
Noetic and Gazebo. We evaluated all baseline methods on
our proposed LISN tasks, as listed in Table L.

For each task, we design at least 3 distinct scenarios, and
each scenario is repeated 5-9 times with randomized initial
conditions. We also list the models and planner implemen-
tations used in our experiment: 1) Slow-loop VLM: GPT-40
[31]; 2) Object Segmentation tool: Grounded-SAM?2 [30]
3) Point Prediction tool: RoboPoint [29]; 4) Local planner:
Social Force Model (SFM)!

'We use the re-implementation available at https://github.com/robotics-
upo/stm_local_controller, used in HuNavSim [6] simulation framework

B. Baselines

We compare our method with the following baselines.

VLM-Nav [22]: a zero-shot navigation agent, using visual
prompting to have the VLM model select navigation goal
pixels on the RGB image. This work is evaluated in the
Habitat [12] simulation framework with a discrete teleport-
like action space; thus, no low-level continuous control is
considered. To evaluate this work, we migrate their released
VLM agent code to our benchmark.

VLM-Social-Nav [2]: a VLM-based navigation system
triggered by object detection. VLM model generates high-
level action such as “Move (DIRECTION)with (SPEED)*,
(DIRECTION) e{left, straight, right}, (SPEED)e {low
down, speed up, constant, stop}. A discrete candidate action
set is then evaluated by a weighted cost function. The action
with the lowest cost is selected and published. Since the code
has not been released, we re-implement this method in our
benchmark. The prompt and workflow of the VLM agent are
migrated from the paper.

To facilitate fair comparison, both our method and baseline
methods use GPT-40 in experiments.

C. Quantitative Results

Table II summarizes the comparative results across all
scenarios, clearly demonstrating that our approach surpasses
both baselines on success rate, collision avoidance, and
semantic compliance.

Success Rate. In the most challenging “Follow Doctor”
task (a), only our method achieves a 100% success rate,
while both baselines completely fail. Across other tasks,
our approach maintains 90-100% success, whereas baselines
typically remain below 60%.

Collision Rate. Our method maintains near-zero collisions
in most scenarios, achieving 0% in (b), (d), and (e), and
remaining low in (a) and (c). Baselines show much higher
rates, especially in crowded or constrained settings.
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Fig. 4: Qualitative Evaluation. This figure explains how our method improves performance compared with the two baselines.
In the upper row, our method successfully tracks the moving doctor while two other methods fail due to slow VLM inference
and then lose track of the doctor from RGB observation. In the lower row, our method attends to ground line markings
much better than the two baselines and abides by the social norm with maximum effort, thanks to extra perception tools.

Path Smoothness. Our values are generally higher (e.g.
28.85 in (a) vs. 2.x for baselines).

Semantic Compliance. Our method achieves a higher
Subject Score in the “Follow Doctor” task (78.63) compared
to VLM-Social-Nav (71.84) and VLM-Nav (55.53), indi-
cating better maintenance of socially acceptable distance.
For Region Score in the “Go to Forklift Carefully” task,
our method (80.50) also outperforms the baselines (VLM-
Nav: 43.28, VLM-Social-Nav: 36.56), demonstrating better
adherence to spatial constraints even under VLM latency
and occlusions. These results validate our metric design
for assessing both inter-personal distance and spatial rule
compliance, both critical for social navigation.

D. System Latency Analysis

Beyond navigation performance, we further analyze the
system latency to demonstrate why disentangling the fast
system action generation loop from the VLM inference loop
is important. We aim to measure:

o Slow System (VLM inference): from image + instruction
input - VLM Agent — response. For each method, we
measure and report the average latency over ten runs.

« Fast System (Local planning and control): from LiDAR
input — costmap + SFM planner — controller (v, w). We
report the average latency over 100 runs.

Table III summarizes the measured latencies of each
method. We report averaged results in milliseconds (ms).
There is a clear separation in latency: the upper VLM
reasoning loop is the main bottleneck, whereas the lower
planning loop is efficient (~ 5ms/step), easily meeting real-
time control needs.

Our framework trades off latency for better perception
results and disentangles low-level action generation from

TABLE III: Latency Analysis of fast and slow systems.

Method System  Avg. Latency (ms)
VLM-Nav Slow 9072.10
VLM-Social-Nav Slow 1751.80

Ours Slow 7094.16

SFM controller Fast 5.27

VLM inference. A key example is the most challenging
scenario: the “Follow Doctor” task as in Table II. Our system
achieves a success rate of 100%, while both VLM-Nav and
VLM-Social-Nav completely fail. This dramatic difference
directly stems from the architectural decoupling of our
fast and slow systems in action generation, especially in
dynamic target interaction: In our method, we project visual
markers to the social cost map to associate the geometric
obstacle entities on the map with semantic attributes and
parameters. Then the map value will be updated by lidar
scans with a fast system frequency without further update of
the slow system, even with the movement of semantic targets.
These results also highlight the general importance of using
the fast-slow system in highly dynamic environments when
visual-language grounding is required.

E. Qualitative Results

We provide two qualitative results in Fig. 4 with two case
studies. The upper row presents an episodic evaluation result
of the task Follow Doctor. Only our method successfully
followed the doctor, while both baselines got stuck near the
reception desk due to VLM latency, which caused loss of
the target. The lower row presents an episodic evaluation
result of the task Go to Forklift Carefully. Our agent adapted
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behavior to different instructions (hurry vs. avoid forbidden
zones), while baselines often violated semantic constraints.
Overall, our approach shows stronger robustness and seman-
tic compliance.

VI. CONCLUSION AND FUTURE WORK

In this paper, we introduced LISN-Bench, a standard-
ized simulation benchmark for language-instructed social
navigation that unifies instruction following and scene un-
derstanding under continuous, real-time control, filling a
critical evaluation gap in socially aware navigation beyond
path efficiency and collision avoidance. We further presented
Social-Nav-Modulator, a VLM-driven fast—slow architecture
that modulates costmaps and SFM controller parameters to
translate semantic instructions and social norms into low-
dimensional control objectives while preserving the respon-
siveness and safety properties of classical planners.

Despite these promising results, our work has limitations.
The current set of tasks and metrics, while a step forward,
is not exhaustive. The evaluation was also conducted purely
in simulation. Future work will proceed in three main di-
rections. First, we plan to expand the benchmark with more
diverse social contexts, including different cultural norms and
more complex multi-person interactions. Second, we will en-
rich the definition of social norms within the system, moving
beyond simple zone-based rules. Finally, we aim to transfer
our system to a real-world robotic platform to validate its
performance in unstructured human environments.
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