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1. Introduction 4. Methods

VLN agents are trained on a fixed set of environments
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(a) Perplexity Replay (b) Episodic Self-Replay
0O
¥ -  We adopt a rehearsal-based CL approach with a fixed replay memory to reduce
Environment 1 Environment2  Environment 3 catastrophic forgetting.
rme « After each domain, the memory is refreshed by replacing old episodes with new
Real-world VLN agents require ones.

continual learning without catastrophic forgetting.
Perplexity Replay (PerpR)

2. Continual Vision-and-Language Navigation
guag & « Uses Action Perplexity (AP) to measure episode difficulty.

 Keeps high-AP (hard) episodes and removes low-AP (easy) ones to store

Fixed Scene Domains New Scene Domain New Scene Domain New Scene Domain more ian rm ative sam ples_

* Trains on both current and replayed episodes to retain prior knowledge.

Train Train

Continual
Learning

Episodic Self-Replay (ESR)

h QQ BQ@ . Stores step-wise action logits for each episode.

Seen/Unseen Domains Seen Domains Seen Domains Seen Domains * Replays past logits to preserve previous action behavior while learning new

Eval Eval

(a) Vision-and-Language Navigation (b) Continual Vision-and-Language Navigation domains.

 Combines supervised replay with self-distillation for better knowledge retention.

Vision-and-Language Navigation (VLN)

« Agentis trained once on a fixed dataset and tested on unseen scenes.

5. Experiment

Continual Vision-and-Language Navigation (CVLN)

Extends VLN to sequential learning across multiple scene domains. I-CVLN D-CVLN
N o . . Method
« At each step, the agent learns a new domain while retaining performance on previously learned domains.
AvgSPL1T  AvgSRt AvgNE| AvgGPT
« Reflects real-world deployment: agents must adapt to new environments over time without forgetting past
nowledge. l. Vanilla 23.1+0.8 25.6+0.6 105405 55404
2. Joint 40.1+0.2 42.64+0.1 7.11+0.3 8.11+0.1
3. Benchmarks for CVLN 3. L2 1334£02 14.64+02 127403 43404
C ‘S n _ 1-GVLN D-CVLN 4. AdapterCL 7.81+£0.3 914+£06 13.9+0.8 43+1.2
urrent scene bomamn 1 CWVRN i 5. AGEM 46428 45422 13.0+02 27409
x Instruction: our starting point x The room contains a desk lamp 6. RandR 24.94+0.6 28.01+0.7 10.0£0.5 5.7+0.3
ser ;| IS in @ living room, you can see |:  oOracle : i3 L L L L
User | the door opened enter nto . | o through the door i bening? | | B8 7. PerpR (Ours) 26.1+1.6 289+1.8 9.8+0.2 6.1+0.4
| Turn right and go through the  Navigator 8. ESR (OUI'S) 28.21+0.4 31.9+0.9 9.24+0.3 5_8 +0.5
corridor, until you reach an x : | No, | meant the door in front. :
:| open door on the left. Now, : | After going through the door,
;| enter the room, turn leftand  |:  ©Oracle: |y right and go straight. You
;| move forward. : : | can see the bedroom onthe |
: | left. Enter the room. I-CVLN D-CVLN
Instruction ! 50D Method . .
X Got it. now where? 'g}_ Memory Size AvgSPLT AvgSRT AvgNE| Memory Size AvgGPt
Starting Point ’-,m. < 2alog History ' : ;Na,,‘-,;m 200 23.8 26.3 10.2 50 4.9
@ Destination — x | Go to the left side of the bed | : PerpR 500 23.8 26.4 9.8 100 6.2
O 1000 28.7 31.1 8.7 200 6.0
N avig ﬂtnr Oracle "= e ssrrrrssrrsssmmisiistssissssssssssssssssssssssssssnssane s
200 25.8 29.2 9.2 50 53
ESR 500 27.7 31.1 8.8 100 55
90 eee gsc—l 9_% 95}"'1 oo 93 1000 29.8 34.4 9.1 200 5.9
We introduce two CVLN benchmarks: I-CVLN stability-plasticity trade-off D-CVLN stability-plasticity trade-off
Initial-Instruction CVLN (I-CVLN) and Dialogue-based CVLN (D-CVLN). e o
| e 25.93 a0
‘ 24.20 23.78 8s 8.42
cirac ' 23.38 8.17
« |-CVLN: The agent receives a full navigation instruction at the beginning (built from R2R and RxR). %,. 21.80 3 o
- Includes 15,700 training and 1,563 validation episodes, grouped into 20 scene domains. AL 7.21 gan
Vanilla S Vanilla 6.69 6.71
RandR 3 RandR
ESR PerpR 6.30
 D-CVLN: The agent navigates using dialogue history between a follower and an oracle (based on plasticity trade-off stability " plasticity trade-off stability
CVDN).
- Includes 3,737 training and 382 validation episodes, grouped into 11 scene domains.
« Both benchmarks require agents to learn scene domains sequentially, enabling evaluation of . I-CVLN D-CVLN Ablation I-CVLN D-CVLN
Ablation AvgSPL1T AveSRT AveNE| AvgGP?t
continual learning capabilities. SPLT SRT NE/| GP?
PerpR 261+1.6 289+1.8 98+0.2 6.1+0.4 Leskaoa 217 311 8.8 >3
 CVLN evaluates an agent’s ability to adapt to new domains while retaining past knowledge. cIp : ' . ' : ' : ' - Ly 26.0 27.9 9.7 5.4
PerpR-Rev. 24.6+1.1 27.1+1.2 10.2+0.3 544+0.2 e 297 4.9 10.4 51

* We report the Average Metric across scene domains, where performance on each domain is

measured after the final stage of training.
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