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Vision Language Navigation (VLN)
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Example of VLN task

Instruction

Observation

Action

Goal

Client i: “Fetch a bottle of 
drink from kitchen to bedroom”

An embodied agent follows natural-language instructions to reach a target location.



Federated VLN: Privacy-Preserving Training
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Client i: “Fetch a bottle of drink 
from kitchen to bedroom”

            Language Encoder
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            RL Critic Module
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Client i’s VLN Model 

Federated Server

AggregateLocal upload

Client j’s VLN Model 

. 

. 
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Existing Works on Federated VLN (FedVLN)
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.  .  .
Client i’s VLN Model Client j’s VLN Model

Zhou, Kaiwen, and Xin Eric Wang. "Fedvln: Privacy-preserving federated vision-and-language 
navigation." European Conference on Computer Vision. Cham: Springer Nature Switzerland, 2022.



Key Problems — Heterogeneity
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▪Personalized Instructions:

‣ different vacabulary 
‣ detail levels 
‣ landmarks

…

Client i: “Fetch a bottle of drink 
from kitchen to bedroom”

Client j: “Go through the 
hallway ... to the sofa”

Client k: “Go to the balcony 
via the living room”



Key Problems — Heterogeneity
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…

Client i: “Fetch a bottle of drink from 
kitchen to bedroom” Client j: “Go through the hallway ... to the sofa” Client k: “Go to the balcony via the living room”

▪Heterogeneous Environments:
‣ layout  
‣ scale 

‣ graph complexity 
‣ path distribution



Key Problems — Heterogeneity
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▪Data heterogeneity analysis on RxR dataset [1]:

Complexity

Scale

Path

Instruction

Houses

‣ layout  
‣ scale 

‣ graph complexity 
‣ path distribution

[1] Ku, Alexander, et al. "Room-across-room: Multilingual vision-and-language navigation with 
dense spatiotemporal grounding." Proceedings of the 2020 Conference on Empirical Methods 
in Natural Language Processing (EMNLP). 2020.



Key Problems — Multimodal Models
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RL Critic Module

VLN Navigation model

Language Embedding

BiLSTM Encoder

Projection

Action Embedding

Visual Attention

Language instructions Visual observation

Traditional Vision Model

ResNet or ..

Classifier

Label

Image

Encoder Module

Candidate Scoring

Language Attention

Decoder Module



Personalized Federated VLN
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Heterogeneous 
Environments

Personalized Instructions

Complex Multimodal 
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Non-personalized FL (FedVLN) vs. personalized FL 
(pFedNavi).



Adaptive Layer Selection for Personalization
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Layers Coefficient Decision
0 0.31 Shared
1 0.84 Personalized

…

            RL Critic Module

Global Model

Client i’s Local Model 
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            Navigation Decoder                    

            Language Encoder
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            Language Encoder
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Fine-grained Parameter Fusion
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Global Layer

Previous  
Local Layer

Fusion formulation

For each selected personalized layers:

Optimized by:



Evaluation
▪ Datasets:

‣ R2R

‣ RxR
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▪ Models:

‣ Seq2seq model

▪ Pretrained Image features:

‣ ResNet-152 representations

‣ CLIP representations

▪ Baselines:

‣ EnvDrop (centralized setting)

‣ FedVLN (federated setting)

▪ Metrics:

‣ Success Rate (SR)

‣ Success weighted by Path Length (SPL) 

‣ Oracle Success Rate (OSR)

‣ Navigation Error (NE) 

‣ Coverage weighted by Length Score 

(CLS)

‣ Normalized Dynamic Time Warping 

(nDTW) 



Main Results
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Improves Goal-
Reaching Ability

Improves Trajectory 
Fidelity

up to 7.5%

up to 7.8%

since it primarily estimates value functions conditioned
on environment-specific dynamics. The fusion weights
Wt

i = {W t
i,l}l→Kt

i
are optimized by minimizing

the supervised imitation loss under teacher forcing:
minWt

i
LIL

(
Di; !

t+1,0
i (Wt

i)
)

, which adaptively balances
global generalization and local specialization for each
personalized parameter.

E. Local Training and Upload
After learning the fusion weight, we calculate the initialized

personalized model !t+1,0
i by Equations (2, 3, 4) and then

train on the client’s local dataset Di using the standard VLN
objective, which combines imitation loss (IL) and RL loss [9].
After local training, the updated model !t+1

i is uploaded to
the server for aggregation: !t+1 =

∑
i→St

|Di|∑
j→St

|Dj | !
t+1
i ,

where St denotes the set of participating clients at round t
and |Di| is the size of client i’s local dataset. The aggregated
global model !t+1 is then broadcast to clients for the next
communication round.

IV. EVALUATION

A. Setup
Dataset and Model: We evaluate pFedNavi on two widely

used VLN datasets: Room-to-Room (R2R) [1] and Room-
across-Room (RxR) [6], which are both constructed from the
Matterport3D dataset. R2R contains 7K navigation trajectories
paired with human-written English instructions. RxR [6] is a
larger multilingual dataset with more trajectories and denser
linguistic grounding, where each word is time-aligned to
annotator viewpoints. We follow the standard data prepro-
cessing and environment configurations used in prior VLN
work [2]. We adopt the VLN agent architecture consistent
with prior studies [1] and evaluate it with two widely used
alternative pretrained visual feature extractors, ResNet-152
and CLIP. The navigation instructions are encoded using an
LSTM-based language encoder, and an attention-based LSTM
decoder attends to both textual and visual features to predict
actions at each step. The critic module is implemented to
estimate state values during reinforcement learning.

FL Setup: We regard each agent in a building environment
as an FL client. All experiments are conducted on a single
machine with two NVIDIA RTX 3090 GPUs bridged with
NVLink. We reuse the federated learning hyperparameters,
such as the number of training rounds, the number of local
epochs, and both the local and global learning rates, from
FedVLN [2]. Specifically, at each communication round, a
subset of clients is randomly sampled with a participation rate
of Sr = 0.2. Each participating client performs local training
for 5 epochs, and all models are trained until convergence.
For personalized layer selection, the mixing coefficients ω are
optimized using a learning rate of ωlr = 0.1 for Sω = 2
steps. We select personalized decoder layers using a threshold
ε = 0.6. For fine-grained fusion, the fusion weights are
updated with a learning rate of ϑ = 0.1 for SW = 1 step
per round, and are fully optimized until convergence only in
the second round, after which they are lightly fine-tuned.

TABLE I: Evaluation Results on R2R and RxR Datasets
(all metrics except NE in %). ResNet and CLIP indicate
the visual feature extractors used by VLN agent, with the
model architecture remaining identical. → indicates higher
values correspond to better performance, whereas ↑ indi-
cates lower values are better. Please note that EnvDrop [9]
is a centralized learning baseline.

Method on R2R SR → SPL → OSR → CLS → nDTW → NE ↑

ResNet
EnvDrop [9] 56.7 54.3 63.9 67.2 56.0 4.55
FedVLN [2] 50.7 47.3 60.3 63.4 50.8 5.37
pFedNavi 54.5 51.7 65.2 66.4 54.8 4.86

CLIP
EnvDrop [9] 61.5 56.5 69.8 67.3 55.4 3.94
FedVLN [2] 59.5 56.3 65.1 67.5 55.1 4.24
pFedNavi 60.7 57.4 67.3 68.6 57.1 3.65
Method on RxR SR → SPL → OSR → CLS → nDTW → NE ↑

ResNet
EnvDrop [9] 41.3 36.6 50.4 57.2 53.6 8.03
FedVLN [2] 39.9 33.1 47.8 55.5 50.7 8.62
pFedNavi 40.1 36.7 51.2 57.3 52.9 8.10

CLIP
EnvDrop [9] 47.7 43.4 56.1 61.2 56.8 6.53
FedVLN [2] 43.0 39.4 51.5 58.7 54.8 7.37
pFedNavi 46.1 41.2 56.3 59.8 56.9 6.91

Baselines: We compare our method with both centralized
and federated learning approaches. For centralized training, we
use EnvDrop [9], which employs a BiLSTM-based language
encoder, an attentive LSTM decoder for action prediction. We
evaluate EnvDrop under two visual feature extraction settings,
using either pretrained ResNet-based features or CLIP-based
features. For federated learning, we evaluate FedVLN [2], the
first work that applies FedAvg [5] to the VLN setting.

Metrics: To comprehensively assess navigation ability, we
consider two categories of evaluation metrics: 1) goal-reaching
performance and 2) trajectory fidelity. 1) Success Rate (SR)
computes the proportion of episodes in which the agent issues
a stop action within 3 meters of the target. Success weighted
by Path Length (SPL) extends SR by incorporating path
optimality, rewarding agents that reach the goal with shorter
and more efficient paths. Oracle Success Rate (OSR) reflects
the agent’s ability to at least visit a promising region even if
it fails to stop correctly. Navigation Error (NE) reports the
average distance between the agent’s final position and the goal
location, providing a continuous measure of goal accuracy.
2) Coverage weighted by Length Score (CLS) jointly
considers spatial coverage and trajectory length to evaluate
how well the agent explores relevant regions. Normalized
Dynamic Time Warping (nDTW) aligns the predicted and
reference trajectories to quantify their similarity. Together,
these metrics assess high-level task completion as well as low-
level behavioral fidelity, both of which are essential for VLN
evaluation. Notably, we use the average client-side value of
each metric for our pFedNavi method and compare it with the
corresponding global metric value.

B. The Effectiveness of pFedNavi
Table I summarizes the performance comparison among

centralized training, FedAvg-based federated learning, and
our personalized federated approach on both R2R and RxR
datasets. Overall, pFedNavi consistently outperforms FedVLN
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Various personalized layer selection strategies
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pFedNavi

All Layers

No Layers

-18.25%
-9.80%

on SPL

on SPL
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