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Abstract. Federated learning (FL) protects sensitive (Vision-Language
Navigation) VLN data without centralizing trajectories or instructions,
but severe non-11D environments make personalized FL (pFL) necessary.
Moreover, VLN poses several coupled challenges for personalized feder-
ated learning, including environment heterogeneity, multimodal language-
vision fusion, and long-horizon navigation with time-varying decision
contexts. To address these challenges, we propose FedNASP, a step-wise
personalized federated learning framework for VLN. The key idea is to
dynamically calibrate personalization strength along a navigation trajec-
tory. Specifically, we introduce a lightweight Step-wise Personalized Mod-
ulator (SPM) that predicts personalization strength at each navigation
step. We further design a structure-aware adapter-based personalized
prefix injection mechanism that enables client-specific grounding while
keeping the backbone shared across clients. Experiments on three rep-
resentative datasets show that FedNASP consistently outperforms state-
of-the-art federated VLN methods under substantial cross-client hetero-
geneity. Compared with the non-centralized baselines, FedNASP improves
Remote Grounding Success on REVERIE by 13.0% and Success Rate
on CVDN by 22.6%. Extensive ablation studies and visualizations fur-
ther validate the effectiveness of adaptive step-wise personalization for
federated VLN. Code is available at: https://github.com/IntelliSys-
Lab/FedNASP.git
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Fig.1: Motivation of step-wise personalized federated VLN. (a) Client-
induced heterogeneity: different houses exhibit distinct visual statistics, and users de-
scribe routes with diverse instruction styles, yielding severe non-IID data across clients
in federated training. (b) Long-horizon, time-varying decision contexts: within a single
episode, the agent may alternate between uncertain steps (e.g., unfamiliar turns) and
confident steps (e.g., familiar hallways), motivating step-wise adaptation of personal-
ization strength rather than a fixed per-client or per-episode strategy.

1 Introduction

Vision-Language Navigation (VLN) is widely regarded as a key challenge in
embodied intelligence, since it evaluates whether an agent can ground natural-
language instructions in egocentric visual observations and reliably execute long-
horizon navigation in complex 3D environments . Achieving robust VLN
performance typically relies on large-scale training data because the agent must
perform complex multimodal reasoning, grounding ambiguous language into vi-
sual observations and sequential decisions ﬂ§| However, real-world VLN data
are often collected from private homes or offices: trajectories, panoramic ob-
servations, and user-written instructions can reveal sensitive information such
as house layouts, objects present, and even daily routines. This privacy barrier
makes the conventional assumption of centralizing all user data on a server un-
realistic, and recent studies have highlighted that privacy is a largely overlooked
but critical gap between VLN research and practical deployment in personal
spaces .

Federated Learning (FL) provides a natural training solution for this setting:
each VLN agent (or each environment) keeps raw data locally and participates
by communicating only model updates. FedVLN demonstrates the feasi-
bility of decentralized VLN training, yet a single shared model obtained via
standard aggregation (e.g. FedAvg ) can be a poor fit when clients corre-
spond to distinct environments. As Fig. [ illustrates, treating each house agent
as a client yields substantial cross-client shifts in both environmental layout and
appearance, and instruction style; under such severe non-IID conditions, naively
averaging updates often produces a compromised policy that is not optimal for
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any individual client, particularly for VLN where precise instruction grounding
and reliable exploration are essential.

These observations motivate personalized Federated Learning (pFL) for VLN.
pFedNavi [23] is the first pFL method for VLN. However, its layer selection
strategy and parameter-wise personalization can be suboptimal for VLN, since
it incurs high optimization overhead and fails to deal with multi-dimensional
challenges in VLN. This is mainly because multiple difficulty sources in VLN are
tightly coupled. (i) Severe, multi-dimensional client heterogeneity. In fed-
erated VLN, each client naturally corresponds to a distinct house/environment.
As illustrated in Fig. [Th, different houses exhibit markedly different visual statis-
tics and spatial structures. In practice, this heterogeneity is not a single-factor
shift but manifests simultaneously across complementary dimensions: environ-
ments vary in spatial extent, layout organization, and navigation topology, in-
ducing navigation graphs with diverse sizes and connectivity patterns and con-
sequently shaping distinct trajectory distributions. As a result, clients operate
under heterogeneous observation spaces and navigation structures, making the
personalization difficult to generalize across environments. (ii) Multimodal fu-
sion amplifies distribution shifts. VLN policies rely on cross-modal fusion to
align language with visual context for action selection. Under client shifts, main-
taining robust language—vision alignment becomes harder; personalization that
improves one modality can inadvertently perturb cross-modal grounding. (iii)
Long-horizon navigation with time-varying decision contexts. VLN is a
sequential decision problem where uncertainty is non-uniform along an episode.
Fig.[1b illustrates that decision difficulty is non-uniform within an episode: some
steps are almost deterministic given the memory and observation, whereas others
require resolving ambiguity among multiple candidates. This makes fixed per-
sonalization brittle: applying a fixed personalization level throughout an episode
can be overly aggressive when shared knowledge should dominate, yet insuf-
ficient when local, step-specific disambiguation is required. Moreover, because
early mistakes compound over time, miscalibrated personalization at a few key
steps can disproportionately harm overall success.

We address these challenges with FedNASP, a step-wise personalized feder-
ated learning framework for VLN. FedNASP dynamically calibrates personal-
ization strength along a navigation trajectory to match time-varying decision
contexts while preserving globally transferable navigation knowledge. Specifi-
cally, a lightweight step-wise prefix modulator (SPM) predicts step-wise modu-
lation scalars from the current navigation state and history memory. To support
structure-aware personalization in multimodal VLN, FedNASP employs adapter-
based personalized prefix injection (SPI) on selected attention layers, whose in-
fluence is modulated by SPM. Overall, FedNASP balances shared knowledge and
client-specific grounding across steps, enabling robust federated VLN under se-
vere heterogeneity and long-horizon uncertainty. Building on this insight, we
make the following contributions:

— Step-wise personalized federated VLN. We propose FedNASP, a step-
wise personalized federated learning framework for VLN that dynamically
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calibrates personalization strength along a navigation trajectory to handle
long-horizon and time-varying decision contexts.

— Structure-aware personalization. We empirically analyze the personal-
ization sensitivity of different functional modules in VLN models, and design
a structure-aware personalized prefix injection (SPI) mechanism to enable
module-aware client-specific adaptation.

— Empirical validation on federated VLN benchmarks. We conduct ex-

tensive experiments on representative VLN settings, including object-grounding

VLN (REVERIE [15]), dialog-based VLN (CVDN) [21], and standard nav-
igation VLN (R2R [1]), under federated training with severe cross-client
heterogeneity. FEdNASP consistently outperforms strong federated VLN and
personalized FL baselines. Compared with the non-centralized baselines,
FedNASP improves Remote Grounding Success on REVERIE by 13.0% and
Success Rate on CVDN by 22.6%. Extensive ablations and trajectory-level
visualizations further validate the effectiveness of adaptive step-wise person-
alization.

2 Related work

VLN Tasks: Heterogeneity and Rising Task Complexity. Recent VLN
tasks increasingly reflect real-world deployment, where diverse environments
and instruction sources naturally amplify difficulty. Early action-directed tasks
(e.g. R2R [1], RxR [9]) built on Matterport3D |3] operate on a fixed topology
(panoramic viewpoints with pre-defined links), yet still exhibit strong cross-house
variation in layout, object distributions, and visual statistics. Goal-directed tasks
(e.g. REVERIE [15], SOON [28]) raise complexity by requiring object grounding,
making language—vision alignment more environment-sensitive. Interactive set-
tings (e.g. HANNA [13], CVDN |[21]) add multi-turn dialog, where varied speak-
ing styles and incremental updates intensify instruction heterogeneity. Beyond
nav-graphs, VLN-CE [8] and Robo-VLN [7] evaluate continuous environments
(e.g. Habitat |16]/Matterport3D |3]) with low-level control, where small execu-
tion biases and local layout differences can significantly affect outcomes. Task-
oriented embodied settings (e.g. ALFRED [17]|, TEACh [14], DialFRED |[4]) fur-
ther add interaction/manipulation, stressing long-horizon planning under multi-
modal uncertainty. Together, these tasks show how environment and instruction
heterogeneity compounds into long-horizon multimodal complexity.

VLN Models: Stronger Multimodal Pretraining and Explicit Reason-
ing. Early VLN agents are largely seq2seq, pairing an instruction encoder with
an attention-based policy decoder, and are improved via data augmentation
and environment dropout for better generalization |20]. Recent approaches in-
creasingly adopt transformer-based multimodal backbones with cross-modal at-
tention, where pretraining + fine-tuning is dominant; e.g., AirBERT performs
in-domain VLN pretraining on large-scale BnB/Airbnb data to reduce domain
shift and improve transfer |5]. In parallel, LLM/VLM-based methods introduce
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Fig. 2: House-level heterogeneity on REVERIE [15]. We v|sualize house-level
statistics along four dimensions: Instruction, measured by the average instruction
length; Path, measured by the variance of navigation trajectory lengths within each
house; Scale, measured by the number of rooms, indicating the house size; and Com-
plexity, measured by the number of nodes in the induced navigation graph, indicating
how many navigation states and decisions the agent needs to encounter. Left: nor-
malized statistics for each house/scan (min max scaled to [0; 1] across houses), where
darker colors indicate smaller values. Right: the distribution of environment size shows

a long-tail pattern. Together, these results con rm substantial non-11D heterogeneity
across environments in REVERIE, motivating personalized learning.

higher-level planning and reasoning (NavGPT-2|[26], UniGoal|[24]). Recent anal-
yses further note that physical and visual disparities in embodied deployment can
substantially degrade performance, underscoring the need for robustness under
heterogeneous conditions [22]. Overall, model advances mirror task evolution:
coping with heterogeneous environments and instructions requires adaptive and
robust long-horizon multimodal decision-making.

Personalized Federated VLN. Real-world VLN data often reside in private
homes/o ces, making centralized training impractical. Federated learning (FL)
enables collaborative training by keeping raw data local and exchanging only
model updates; however, FedVLN|[12, 2/7] shows that standard aggregation (e.g.
FedAvg) struggles under the severe non-1ID setting of VLN, where each client
corresponds to a distinct house with shifts in layout/appearance and instruction
style. As a result, naive averaging can produce a compromise policy that ts no
client well, motivating personalized FL for VLN to balance globally transferable
navigation knowledge with client-speci ¢ adaptation. Early pFL e orts such as
pFedNavi |23] take steps in this direction, but can incur high overhead and be
suboptimal when personalization is overly static or parameter-granular, limiting
robustness to VLN's coupled heterogeneity (visual/statistical shifts, language
vision misalignment, and long-horizon decision dynamics).

3 Motivating Step-wise Personalized FL for VLN

While FL protects privacy and enables knowledge sharing, vanilla federated VLN
(e.g., FedVLN [27]) that aggregates client updates into a single global policy of-
ten underperforms under VLN's severe non-1ID conditions. As Fig[2 shows, at
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the house level, clients exhibit substantial heterogeneity along multiple dimen-
sions, including instruction statistics, path variability, environment scale, and
navigation complexity. Such heterogeneity changes both the observations and
the decision structure: di erent houses vary in visual content (e.g. objects, tex-
tures) and in spatial layout, which in turn reshapes the set of feasible actions
and the local ambiguity at each step. Because VLN decisions are explicitly con-
ditioned on the instruction, these environment shifts also alter how the same
language cue should be grounded into step-level action choices. Consequently,
the instruction-to-action grounding becomes client-dependent, motivating the
need for personalized federated learning (pFL) in VLN.

However, directly applying existing pFL techniques most of which are de-
veloped for unimodal classi cation is still insu cient for VLN. Most prior pFL
methods assume that personalization can be captured by static client-level adap-
tation [2, 10, 18, 19, 25] that remains xed throughout an episode. This as-
sumption is often violated in VLN because several challenges are coupled: severe
environment-induced heterogeneity, multimodal fusion, and long-horizon trajec-
tories exhibit step-varying uncertainty. Under this joint e ect, static episode-level
personalization can easily become miscalibrated over-adapting when shared
knowledge should dominate and under-adapting when local, step-speci ¢ cues
are critical.

We address these challenges with an adaptive step-wise pFL framework that
enables the agent to determine an appropriate personalization strategy based on
the current environment and history memory (Fig. 3).

Design Objectives: 1) Heterogeneity-robust personalization: apply
client-speci ¢ personalization to diverse instruction styles and environments while
maintaining generalization. 2) Step-wise long-horizon adaptation: dynami-
cally adjust personalization strength during each navigation episode; 3) Multi-
modal grounding preservation: enable structure-aware personalization with-
out sacri cing multimodal alignment.

Key Challenges: These objectives translate into three key challenges that
directly motivate our design components:

Non-IID drift makes naive aggregation suboptimal. With extreme
cross-environment and cross-instruction heterogeneity, FedAvg-style averag-
ing can produce a global model that is not optimal for any particular client,
and local updates can be inconsistent across rounds.

Time-varying personalization demand within a navigation episode.

VLN is a sequential, long-horizon decision process: an agent's grounding qual-
ity can vary substantially across steps due to unfamiliar states or imperfect his-
tory memory. Consequently, a xed personalization strategy within an episode
is often insu cient when adaptation is needed, or overly aggressive when
shared general knowledge should dominate.

Where to personalize matters: module selection is performance-

critical. VLN models are tightly coupled across functional components, yet
these components are not equally sensitive to client heterogeneity. Personaliz-
ing the wrong modules can yield negligible gains and may even degrade perfor-
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Fig. 3: Work ow of FedNASP from client i's perspective. (1) SPM predicts step-wise
scaling factors : from the current state and history memory. (2) SPI uses client-local
adapters ; to generate additive projection deltas for selected attention modules, with
injection strength modulated by . (3) Clients train locally, upload only backbone
updates for FedAvg aggregation, and keep SPM/SPI parameters local.

mance. Conversely, relying too heavily on a global model can under-adapt to
environment-speci ¢ patterns, limiting performance on heterogeneous clients.

4  The Design of FedNASP

4.1 Overview

We propose a step-wise personalized federated learning framework for VLN,
where each client performs adaptive personalization during a navigation episode.
Step (1) Adaptively predict the modulate scaling factors via a Step-

wise Personalization Modulator (SPM): At each navigation step, a lightweight
modulator predicts a sequence of scaling factors based on the current state and
history memory to control the injection strength of personalized pre xes. Step
(2 Structure-aware Personalized Pre x Injection (SPI) with modu-

lated strength: For selected attention modules, we perform adapter-based SPI,
where lightweight adapters produce additive projection deltas and the SPM out-
puts modulate their injection strength at each step. Step (3) Local training

& communication: Each client locally updates its personalized parameters
(adapter and SPM) together with the backbone using standard VLN objectives,
and uploads only backbone updates; the server aggregates and broadcasts the
global backbone via FedAvg, while personalized parameters are kept local for
e cient and privacy-friendly personalization.
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