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Abstract

Vision-and-Language Navigation (VLN) requires agents
to navigate photo-realistic environments following natural
language instructions. Current methods predominantly rely
on imitation learning, which suffers from limited gener-
alization and poor robustness to execution perturbations.
We present NavGRPO, a reinforcement learning framework
that learns goal-directed navigation policies through Group
Relative Policy Optimization. By exploring diverse trajec-
tories and optimizing via within-group performance com-
parisons, our method enables agents to distinguish effec-
tive strategies beyond expert paths without requiring ad-
ditional value networks. Built on ScaleVLN, NavGRPO
achieves superior robustness on R2R and REVERIE bench-
marks with +3.0% and +1.71% SPL improvements in un-
seen environments. Under extreme early-stage perturba-
tions, we demonstrate +14.89% SPL gain over the baseline,
confirming that goal-directed RL training builds substan-
tially more robust navigation policies. The code is available
at https://github.com/cocoastar/NavGRPO.

1. Introduction

Vision-and-Language Navigation (VLN) [4] is a core task
in Embodied AI, requiring agents to autonomously navigate
to target locations based on natural language instructions.
This task is highly challenging as agents must ground ab-
stract linguistic concepts to visual observations and perform
multi-step reasoning to achieve navigation goals. Addition-
ally, VLN tasks typically require agents to execute instruc-
tions in unseen environments, posing stringent tests on the
model’s generalization capability.

*Corresponding author: Songlin Dong (dongsl@suat-sz.edu.cn)

Currently, the mainstream paradigm for solving VLN
tasks is imitation learning (IL), which employs DAgger-
based [11] techniques to train agents to mimic expert
demonstrations through supervised learning. Although
these methods have achieved significant results in seen en-
vironments, their optimization objective is to imitate expert
behavior rather than learn goal-directed reasoning. There-
fore, two fundamental limitations exist: (i) Limited gen-
eralization capability: IL agents rely on expert trajectories
in training data, leading to overfitting and difficulty gen-
eralizing to unseen environments. (ii) Poor robustness to
perturbations: IL methods suffer from the inherent distribu-
tion shift problem. When agents deviate from expert paths
due to perturbations, they enter unseen state distributions.
Without effective recovery policies, such deviations often
prevent task completion.

Figure 1 intuitively shows that in unseen environments,
when IL agents are perturbed and deviate from expert paths,
they often have to take significant detours due to a lack
of effective recovery strategies. This raises the core ques-
tion of this paper: Can we train a VLN agent that not only
overcomes the limited generalization capability of IL, but
also possesses effective recovery and replanning capabili-
ties when perturbed and deviating from expert paths?

We hypothesize that robust learning requires exposing
agents to diverse navigation trajectories, including both
successes and failures. By learning relative distinctions
across all outcomes, rather than relying solely on the ab-
solute correctness of expert demonstrations, an agent can
extract a richer learning signal that generalizes beyond sim-
ple expert replication.

To realize this hypothesis, we propose NavGRPO, a re-
inforcement learning framework designed for robust gen-
eralization built on three key design choices. (1) Group
Relative Policy Optimization [20, 58]. GRPO samples
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9143



Instruction: Find and pass through the brick 
archway connected to the kitchen to reach the 
beige couch in the living area.
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Environment
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Figure 1. Navigation behavior under early-stage perturbations in unfamiliar environments. The baseline IL agent struggles to recover from
errors due to limited exposure to failed trajectories, often detouring or failing to reach the goal. Our NavGRPO agent learns from diverse
rollouts, enabling robust error correction and successful navigation despite perturbations.

multiple trajectories per instruction and optimizes policies
through within-group performance comparisons. Unlike
value-based RL methods [10] that require auxiliary critic
networks, GRPO directly learns from trajectory-level re-
wards by ranking outcomes within each group. This de-
sign naturally encourages exploration of diverse navigation
strategies while avoiding the instability of value network
training, enabling agents to discover effective recovery be-
haviors beyond expert demonstrations. (2) Goal-oriented
trajectory reward. Unlike prior RL methods using step-wise
rewards [6], our reward directly evaluates complete trajecto-
ries based on goal achievement and path efficiency, provid-
ing clearer learning signals. (3) Adaptive training strategy.
We incorporate targeted supervised fine-tuning on challeng-
ing instructions to prevent catastrophic forgetting and com-
plement reinforcement learning with behavioral guidance.

On R2R [4] and REVERIE [53] validation unseen splits,
we achieve +3% and +1.71% SPL improvements over the
ScaleVLN baseline. More importantly, under extreme per-
turbations where agents are forced off-path in early steps,
we demonstrate superior robustness with +14.89% SPL im-
provement compared to ScaleVLN, showing effective ro-
bustness. Our contributions are: (1) We establish an effec-
tive framework for VLN that integrates GRPO with a multi-
level reward function and adaptive training strategy, appli-
cable to multiple baseline models. (2) Perturbation experi-
ments show that agents trained with GRPO exhibit stronger
robustness to perturbations present in navigation. (3) On

standard R2R and REVERIE unseen benchmarks, we pro-
vide empirical evidence that goal-directed RL fine-tuning
improves generalization to unseen environments.

2. Related Work
Vision-and-Language Navigation (VLN). VLN requires
embodied agents to follow natural language instructions to
reach target locations in photo-realistic environments. The
task was formalized with the Matterport3D simulator [5],
and various datasets have since been introduced to address
different aspects of embodied navigation [4, 33, 53, 82],
covering diverse scenarios from fine-grained object interac-
tion to long-horizon instruction following across indoor and
outdoor scenes. Early approaches employed sequence-to-
sequence architectures with imitation learning [4, 17, 39],
which were later complemented by diverse training strate-
gies including reinforcement learning [59, 64, 65], adver-
sarial training [18, 42, 74], generative modeling [34], cur-
riculum learning [72], and cycle-consistent learning [60].
The integration of vision-language pre-training brought
substantial improvements through large-scale offline pre-
training [13, 21, 22, 26], auxiliary task design [41, 50, 81],
and regularization techniques [52, 62, 67] for more stable
and less biased training. Architectural innovations evolved
from recurrent encoders to sophisticated representations, in-
cluding attention-based mechanisms [10, 24], graph-based
topological reasoning [8, 11, 14], and scene representa-
tions [6, 45, 61, 69], with recent works designing flexi-
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ble action spaces for efficient exploration and backtrack-
ing [11, 19, 28]. To enhance cross-modal understand-
ing [15, 16], researchers have pursued finer-grained vi-
sual feature extraction [27, 44, 51] and textual decom-
position [12, 36, 43, 75], while incorporating external
knowledge from large language models [7, 78–80], vision-
language models [38], and structured knowledge bases [40].
Parallel efforts in data augmentation have explored obser-
vation perturbation [23, 29, 37], automatic trajectory an-
notation via speaker-follower frameworks [17, 30, 70], and
large-scale scene generation [35, 46, 47, 68]. Despite these
advances, existing methods predominantly rely on imitation
learning from expert demonstrations, limiting exposure to
diverse navigation scenarios. This results in poor general-
ization to novel configurations and fragility under execution
deviations. We address these limitations with NavGRPO, a
trajectory-level reinforcement learning approach that learns
from diverse navigation experiences to develop robust poli-
cies.
Reinforcement Learning for VLN. While imitation learn-
ing dominates VLN research, several efforts have ex-
plored reinforcement learning to address generalization
challenges. Early work by Wang et al. [65] introduced
RCM, which employs a matching critic to provide intrin-
sic rewards for vision-language alignment. Their method
further incorporated Self-Imitation Learning to exploit suc-
cessful trajectories in unseen environments, demonstrating
improved generalization on R2R. Subsequent approaches
focused on reward engineering: SERL [59] proposed soft
expert reward learning to distill expert demonstrations into
dense reward signals, avoiding manual reward shaping
while maintaining strong supervision from human annota-
tions. More recent methods have integrated RL into their
training pipelines, with HAMT [10] applying policy gradi-
ent fine-tuning after pretraining, and SEvol [6] using RL to
refine graph-based scene representations. However, these
methods face critical limitations: step-level sparse rewards
lead to severe credit assignment issues in long-horizon nav-
igation, while learned value networks struggle in VLN’s
high-dimensional action space. We adopt Group Relative
Policy Optimization (GRPO) [20], which eliminates both
issues through trajectory-level geometric rewards and ad-
vantage estimation via relative ranking, enabling robust
learning from diverse trajectories including both successful
and failed attempts.

3. Method
Problem Definition. In the standard VLN setup, the en-
vironment is represented as an undirected navigation graph
G = {V, E}, where V = {Vi}Ki=1 denotes a set of K navi-
gable locations and E represents the connectivity edges be-
tween locations. Each location in the graph corresponds
to a specific viewpoint in the physical environment, and

the agent can only traverse along the edges defined by the
graph structure. Given a natural language instruction W =
{w1, w2, ..., wL} composed of L words, at each navigation
timestep t, the agent is situated at location Vt ∈ V and
perceives the surrounding environment through panoramic
visual observations Ot = {oi}ni=1 captured at the current
location, consisting of n view images. The agent also ob-
serves a set of reachable neighboring nodes N (Vt). Based
on the instruction and current observations, the agent must
select an action at from the available action space At. The
action space includes navigating to a neighboring location
Vt+1 ∈ N (Vt) connected to the current position, or issuing
a stop signal to terminate the navigation episode.
Overview. NavGRPO trains navigation policies through
Group Relative Policy Optimization, which learns from di-
verse trajectories sampled during training. We describe the
GRPO framework in Sec. 3.1, our geometric reward design
in Sec. 3.2, and the training pipeline in Sec. 3.3.

3.1. NavGRPO for VLN
We adopt GRPO [20], which estimates advantages through
group-based reward comparison without requiring a sepa-
rate value network.
Policy Architecture. The proposed navigation policy πθ is
parameterized by the vision-language transformer network.
At each timestep t, given the instruction W , the current
panoramic observations Ot, and the graph map represen-
tation Mt that encodes spatial topology and historical nav-
igation information, the policy outputs a probability distri-
bution over the action space:

πθ(at|W,Ot,Mt) = softmax(fθ(W,Ot,Mt)) (1)

where fθ represents the network’s logit output for each can-
didate action in At.
Group-based Trajectory Sampling. For each instruction
Wi sampled from the instruction set DB, which denotes
a mini-batch of B instructions, we sample a group of K
independent trajectories by rolling out the current policy
πθ. Each trajectory τk = (sk,0, ak,0, sk,1, ak,1, ..., sk,T )
represents a complete navigation episode, where sk,t =
(Vk,t,Ok,t,Mk,t) denotes the state at timestep t. Dur-
ing sampling, actions are drawn stochastically from at ∼
πθ(·|sk,t), and we store the corresponding log probability
log πθ(ak,t|sk,t) as pold

k,t for later policy updates.
Debiased Group Relative Advantage Estimation. For
each instruction W in the training batch, we sample K
trajectories and compute their rewards {r1, r2, ..., rK} us-
ing the reward function detailed in Section 3.2. Follow-
ing Dr.GRPO [49], we estimate advantages through group-
relative comparison without variance normalization:

Âk = rk − mean({r1, ..., rK}) (2)
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Figure 2. Overview of our NavGRPO training framework for vision-language navigation. For each instruction, we sample K diverse
trajectories through policy rollout, compute rewards using trajectory-level and step-level signals, estimate group relative advantages by
comparing within instruction groups, and optimize the policy through debiased advantage estimation without value networks.

This uses the empirical group mean as a natural baseline,
eliminating the need for separate value function approxima-
tion. Removing variance normalization avoids amplifying
noise in low-diversity groups, making the learning signal
more robust. The trajectory-level advantage is broadcast to
all timesteps during policy updates.
Policy Optimization Objective. For each state-action tran-
sition (sk,t, ak,t) in trajectory τk, we compute the probabil-
ity ratio:

ρk,t =
πθ(ak,t|sk,t)
πθold(ak,t|sk,t)

= exp
(
log πθ(ak,t|sk,t)− pold

k,t

)
(3)

where πθold represents the behavior policy with frozen pa-
rameters. We incorporate the step-level progress coefficient
γk,t from Section 3.2 to modulate the advantage signal. Fol-
lowing PPO [57], the clipped surrogate objective becomes:

Jclip(k, t) = min
(
γk,tÂkρk,t, γk,tÂk·clip(ρk,t, 1−δ, 1+δ)

)
(4)

The clipping mechanism constrains ρk,t within [1−δ, 1+δ]
to prevent excessively large policy updates. The complete
optimization objective is:

JGRPO(θ) = EW∼DB,{τk}K
k=1∼πθold (·|W) 1

K

K∑
k=1

|τk|∑
t=1

(Jclip(k, t)− βDKL[πθ∥πref])


(5)

We aggregate across all timesteps without length normaliza-
tion to avoid introducing bias. The KL divergence term reg-

ularizes the policy against the reference policy πref, which
is the fixed policy before RL training begins, weighted by β
to prevent excessive deviation.

3.2. Reward Function for NavGRPO
The reward function guides the RL training process by pro-
viding learning signals at both trajectory and step levels. We
design a composite reward function with trajectory-level re-
wards for overall navigation quality and step-level rewards
for step-wise progress.
Navigation Success Reward. Let V k

T denote the final view-
point of trajectory τk and V ∗ represent the target destina-
tion. The navigation error is dk = dshortest(V

k
T , V ∗). The

success reward uses exponential decay:

Rnav(dk) = exp

(
− d2k
2ϵ2

)
· I(dk < ϵ) (6)

Where ϵ is the success threshold. This provides smooth de-
cay that emphasizes precise goal reaching while maintain-
ing differentiability.
Path Efficiency Reward. To discourage inefficient behav-
iors such as backtracking and detours, we penalize exces-
sive path length:

Rpath(Lk, L
∗) = −max(Lk − L∗, 0)/L∗ (7)

where Lk is the actual path length and L∗ is the shortest
path length.
Total Reward Function. The trajectory-level reward com-
bines navigation success and path efficiency:

rk = Rnav(dk) + α ·Rpath(Lk, L
∗) (8)
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Table 1. Robustness analysis under stochastic perturbations on R2R Val Unseen. Left: Global perturbation samples from policy distribution
with probability p. Right: Early perturbation selects the least probable action for the first N steps. ∆SPL shows SPL degradation from the
unperturbed setting (prob=0 or Steps=0) for each method. NavGRPO demonstrates superior robustness across all perturbation levels.

Method
Global Perturbation Early Perturbation

prob OSR↑ NE↓ SR↑ SPL↑ ∆SPL Steps OSR↑ NE↓ SR↑ SPL↑ ∆SPL

ScaleVLN 0.0 87.48 2.34 79.40 69.97 -0.00 0 87.48 2.34 79.40 69.97 -0.00
NavGRPO 0.0 89.18 2.19 81.88 72.65 -0.00 0 89.18 2.19 81.88 72.65 -0.00
ScaleVLN 0.2 87.14 2.43 78.97 67.80 -2.17 1 83.06 2.94 74.76 59.06 -10.91
NavGRPO 0.2 88.75 2.21 81.27 72.11 -0.54 1 85.05 2.67 77.44 67.04 -5.61
ScaleVLN 0.4 87.19 2.42 78.67 65.90 -4.07 2 83.61 2.86 75.69 54.25 -15.72
NavGRPO 0.4 88.79 2.22 81.06 71.69 -0.96 2 83.85 2.70 76.50 65.10 -7.55
ScaleVLN 0.8 87.06 2.52 77.61 61.94 -8.03 3 83.52 3.04 74.16 47.77 -22.20
NavGRPO 0.8 88.49 2.27 79.95 69.98 -2.67 3 82.96 2.82 75.35 62.66 -9.99

where α balances the contribution of path efficiency.
Step-level Progress Coefficient. Navigation tasks possess
well-defined spatial metrics that allow quantifying progress
at each decision step. For trajectory τk at timestep t, we
define a progress coefficient that modulates the advantage
signal:

γk,t = 1 + sign(Âk) ·
dt−1 − dt

L∗ (9)

where dt is the distance to the goal at step t and L∗ is the
ground-truth shortest path length. This coefficient ensures
that steps approaching the goal (dt−1 > dt) yield stronger
learning signals γk,t·Âk in magnitude, while steps deviating
from the goal receive attenuated signals, allowing the agent
to distinguish productive actions even in failed trajectories.

3.3. Adaptive Training with Hard Case Replay
While our method enables learning from diverse trajecto-
ries, certain instructions remain persistently challenging de-
spite extensive sampling. We address this by periodically
applying supervised refinement on hard cases identified dur-
ing RL training.
Hard Case Identification. For each instruction Wi in the
training batch, we sample K trajectories and identify it as a
hard case when all sampled trajectories fail:

Hard(Wi) = I

(
K∑

k=1

I(dk < ϵ) = 0

)
(10)

These instructions are stored in buffer Bhard.
Supervised Refinement. When |Bhard| reaches threshold
M , we perform supervised updates on expert trajectories:

Lhard(θ) = − 1

|Bhard|
∑

Wi∈Bhard

Ti∑
t=0

log πθ(a
∗
t |s∗t ,Wi) (11)

The buffer is then cleared. This adds negligible cost since
the compute saved from fewer RL rollouts more than com-
pensates for the supervised updates on hard cases.

4. Experiment
4.1. Experimental Setup
Datasets. We evaluate on three widely-used VLN bench-
marks: R2R [4] provides fine-grained step-by-step naviga-
tion instructions; REVERIE [53] presents high-level goal-
oriented instructions specifying target rooms and objects;
R2R-CE [32] extends R2R to continuous environments us-
ing Habitat simulator [56], where agents navigate continu-
ously rather than between discrete viewpoints.
Evaluation Metrics. We adopt standard VLN evaluation
metrics [4]. Navigation Error (NE) measures the average
distance in meters between the agent’s final position and
the goal location. Success Rate (SR) computes the percent-
age of episodes where the agent stops within 3 meters of
the target. Success Rate penalized by Path Length (SPL)
penalizes SR by the ratio of the shortest path length to the
actual trajectory length, rewarding both accuracy and effi-
ciency. Oracle Success Rate (OSR) measures the success
rate under an ideal stop policy.
Implementation Details. We maintain the same setup as
baseline methods [11, 68]. All models are trained for 200k
steps with learning rate 1×10−5. After supervised warm-up
(30k steps), we transition to GRPO with batch size B = 8
and K = 8 trajectories per instruction. Following standard
PPO settings [57], we set clipping threshold δ = 0.2 and KL
penalty β = 0.01. For reward function, we use α = 0.25.
For hard case replay, we set buffer size M = 200. As training
progresses and the policy improves, the frequency of hard
case updates naturally decreases. All results are averaged
over three random seeds.

4.2. Robustness to Action Noise
Motivation. Real-world deployment faces execution noise
from sensor errors and actuation imprecision. While im-
itation learning optimizes for near-optimal trajectories, it
provides limited exposure to noisy action sequences during
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Table 2. Comparison with SoTA methods on R2R and REVERIE datasets. †: Methods using reinforcement learning for policy optimization.

Methods
R2R Val Unseen R2R Test Unseen REVERIE Val Unseen REVERIE Test Unseen

NE↓ SR↑ SPL↑ NE↓ SR↑ SPL↑ OSR↑ SR↑ SPL↑ OSR↑ SR↑ SPL↑
RCM† [65] 5.88 43 - 6.12 43 38 14.23 9.29 6.97 11.68 7.84 6.67
SERL† [59] 4.74 56 48 5.63 53 49 - - - - - -
VLN⟳BERT [24] 3.93 63 57 4.09 63 57 35.02 30.67 24.90 32.91 29.61 23.99
HAMT† [10] 3.65 66 61 3.93 65 60 36.84 32.95 30.20 33.41 30.40 26.67
SEvol† [6] 3.99 62 57 4.13 62 57 - - - - - -
HOP+ [54] 3.49 67 61 3.71 66 60 40.04 36.07 31.13 35.81 33.82 28.24
BEVBert [2] 2.81 75 64 3.13 73 62 56.40 51.78 36.37 57.26 52.81 36.41
LANA [66] - 68 62 - 65 60 38.54 34.00 29.26 36.41 33.50 26.89
KERM [40] 3.22 72 61 3.61 70 59 55.21 50.44 35.38 57.58 52.43 39.21
GridMM [69] 2.83 75 64 3.35 73 62 57.48 51.37 36.47 59.55 53.13 36.60
NaviLLM [78] 3.51 67 59 3.71 68 60 52.27 42.15 35.68 51.75 39.80 32.33
NavGPT-2 [80] 2.84 74 61 3.33 72 60 - - - - - -
VER [48] 2.80 76 65 2.74 76 66 61.09 55.98 39.66 62.22 56.82 38.76
MAGIC-L [63] 2.22 79 70 2.75 77 69 - - - - - -
GOAT [62] 2.40 78 68 3.04 75 65 - 53.37 36.70 - 57.72 40.53
NavQ [71] 3.06 73 63 3.30 72 63 60.47 53.22 38.89 60.39 53.29 39.50
COSMO [73] 3.15 73 61 3.43 71 58 56.09 50.81 35.93 59.33 52.53 36.12
DUET [11] 3.31 72 60 3.65 69 59 51.07 46.98 33.73 56.91 52.51 36.06
DUET-NavGRPO 3.18 74 63 3.39 71 62 53.17 49.47 35.32 58.32 54.49 38.16
ScaleVLN [68] 2.34 79 70 2.73 77 68 63.85 56.97 41.84 62.65 56.13 39.52
ScaleVLN-NavGRPO 2.19 82 73 2.52 79 70 65.19 58.91 43.55 64.21 58.25 41.34

Table 3. Navigation performance on the R2R-CE dataset. †: Meth-
ods that apply candidate waypoint predictor to support high-level
action space.

Methods
Val Unseen Test Unseen

NE↓ SR↑ SPL↑ NE↓ SR↑ SPL↑
LAW [55] 6.83 35 31 - - -
Sim2Sim [31] 6.07 43 36 6.17 44 37
MGMap [9] 6.28 39 34 7.11 35 28
CMA† [25] 6.20 41 36 6.30 38 33
VLN⟳BERT† [25] 5.74 44 39 5.89 42 36
GridMM† [69] 5.11 49 41 5.64 46 39
Ego2-Map† 4.94 52 46 5.54 47 41
Reborn [1] 5.40 50 46 5.55 49 45
ETPNAV [3] 4.71 57 49 5.12 55 48
COSMO† [73] - 47 40 - 47 40
DUET† [11] 5.26 47 39 5.82 42 36
DUET-NavGRPO† 5.02 50 42 5.64 44 38
ScaleVLN† 4.80 55 51 5.11 55 50
ScaleVLN-NavGRPO† 4.69 57 53 5.01 57 52

training. We evaluate whether RL exploration, by experi-
encing diverse state-action distributions, enables the agent
to better handle stochastic perturbations at inference time.

Experimental Setup. We design two perturbation strate-
gies to evaluate robustness: (1) Global perturbation mim-
ics real-world random noise—at each step with probability
p ∈ {0.0, 0.2, 0.4, 0.8}, the agent samples an action from its
policy distribution π(·|s); otherwise it takes the argmax ac-

tion. (2) Early perturbation tests recovery from initial mis-
takes—the first N ∈ {1, 2, 3} steps select the least probable
action from the policy distribution, while remaining steps
use argmax actions. This simulates scenarios where agents
start from poor decisions due to uncertain states, such as
imprecise localization, but must recover to reach the goal.
Results and Analysis. Table 1 demonstrates superior ro-
bustness of our method across both perturbation scenarios.
Under global perturbation at p = 0.4, our method degrades
by only 0.96 SPL compared to the baseline’s 4.07 degrada-
tion, representing 4.2× better robustness. At p = 0.8, this
advantage amplifies to 3.0× with degradations of 2.67 ver-
sus 8.03 SPL. Notably, our method maintains 69.98 SPL at
p = 0.8, exceeding the baseline’s unperturbed performance
of 69.97. For early perturbation, perturbing the first three
steps causes our method to degrade by 9.99 SPL while the
baseline degrades by 22.20 SPL, yielding a 2.2× robust-
ness advantage. These results indicate that GRPO train-
ing enables effective recovery from execution perturbations
through exposure to diverse trajectories.

4.3. Main Results

R2R. Table 2 shows results on the R2R dataset. Our method
consistently outperforms DUET, achieving 2% higher SR
and 3% higher SPL on both val unseen and test unseen
splits. When applied to ScaleVLN, our approach achieves
3% SPL improvement over the baseline and outperforms
GOAT by 5% on val unseen.
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Table 4. Ablation study on reward function design. Experiments
are conducted on R2R val unseen split.

Method #
Reward Components R2R Val Unseen
Rnav Rpath Rstep NE↓ SR↑ SPL↑

1 ✓ 2.31 80.14 71.07
2 ✓ ✓ 2.26 81.02 71.88
3 ✓ ✓ 2.25 81.29 71.93
4 ✓ ✓ ✓ 2.19 81.88 72.65

Table 5. Comparison of group-based policy optimization variants
on R2R Val Unseen split. All methods use the same reward func-
tion and sampling strategy.

Method OSR↑ NE↓ SR↑ SPL↑
w/o Group 87.48 2.34 79.40 69.97
GRPO [20] 88.15 2.26 80.15 71.23
GSPO [77] 88.62 2.23 80.52 71.68
GMPO [76] 88.56 2.24 80.47 71.62
Dr.GRPO [49] 89.02 2.19 81.88 72.65

REVERIE. On the REVERIE dataset, which features high-
level goal-oriented instructions requiring longer-horizon
planning, our approach outperforms DUET by 2.49% in
SR and 1.59% in SPL on val unseen. When built upon
ScaleVLN, our method further improves SR by 1.94% and
SPL by 1.71%, surpassing GOAT by 6.48% in SPL. The
gains are validated on test unseen, where we achieve 1.98%
higher SR and 2.10% higher SPL compared to DUET. No-
tably, our approach substantially outperforms traditional
RL-based methods such as RCM and HAMT, which face
challenges from step-level sparse rewards and credit assign-
ment in long-horizon navigation. The consistent improve-
ments across both datasets demonstrate generalization to di-
verse navigation scenarios, from fine-grained step-by-step
instructions to high-level goal-oriented tasks.
R2R-CE. Table 3 presents results on the continuous R2R-
CE benchmark. Despite training in discrete environments,
both DUET-GRPO and ScaleVLN-GRPO show consistent
improvements over their respective baselines, demonstrat-
ing effective transfer to continuous navigation scenarios.

4.4. Ablation Studies and Analysis
Impact of Reward Function Design. To understand the
contribution of different reward components, we conduct
ablation studies on the R2R val unseen split, as shown in
Table 4. Using only the navigation success reward pro-
vides a basic foundation with 71.07% SPL, demonstrating
that sparse trajectory-level signals alone can guide policy
learning. Incorporating the path efficiency reward improves
SPL to 71.88%, indicating that penalizing unnecessarily
long trajectories encourages more compact navigation be-
haviors. Alternatively, adding the step-level progress re-
ward achieves 71.93% SPL, showing that fine-grained in-

Table 6. Analysis of sampling trajectory number on R2R Val Un-
seen split.

Trajectories OSR↑ NE↓ SR↑ SPL↑
K = 2 88.28 2.31 79.98 71.02
K = 4 88.62 2.28 80.37 71.98
K = 8 89.02 2.19 81.88 72.65
K = 16 89.12 2.15 81.96 72.87

termediate guidance helps the agent make better local deci-
sions. Combining all three components yields the best per-
formance at 72.65% SPL and 81.88% SR, demonstrating
that trajectory-level and step-level rewards provide comple-
mentary supervision—the former guides overall navigation
quality while the latter refines individual action selections.
Impact of Group-Based Policy Optimization. We com-
pare different variants of group-based policy optimization
to validate our design choices, as shown in Table 5. With-
out grouping, the agent achieves 69.97% SPL on val unseen,
establishing a baseline for individual trajectory optimiza-
tion. Standard GRPO [20] introduces group-wise advan-
tage normalization, improving performance to 71.23% SPL
through better calibrated gradients. We evaluate three ad-
vanced variants adapted from recent LLM alignment litera-
ture: GSPO [77] shifts importance sampling and clipping to
the sequence level, GMPO [76] adopts geometric mean for
step-level reward aggregation, and Dr.GRPO [49] removes
length and variance normalization to mitigate length bias.
Dr.GRPO achieves the strongest performance with 72.65%
SPL on val unseen. We adopt Dr.GRPO’s debiased ad-
vantage estimation in our framework, which removes nor-
malization constraints and reduces hyperparameter sensi-
tivity. This design choice reduces hyperparameter sensi-
tivity and proves effective for generalizing across different
VLN benchmarks and base models. The consistent gains
across different optimization variants confirm the robust-
ness of this approach.
Analysis of Sampling Trajectory Number. We investigate
the impact of sampling trajectory number K during train-
ing, where K trajectories are sampled for each instruction
to form a group for relative advantage computation. Table 6
shows the results on R2R val unseen split with different
values of K. Using fewer trajectories provides limited di-
versity for relative comparison, resulting in suboptimal per-
formance. Increasing K to 8 substantially improves both
SR and SPL by 1.51% and 1.63% respectively compared to
K = 4, as the agent benefits from richer comparative sig-
nals within each group. Further increasing K to 16 yields
only marginal gains of 0.08% in SR and 0.22% in SPL while
doubling the training time and memory cost. Therefore, we
adopt K = 8 as our default setting to balance performance
and computational efficiency.
Comparison with Alternative RL Methods. We apply
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Table 7. Comparison with alternative RL methods on R2R Val
Unseen split.

Method OSR↑ NE↓ SR↑ SPL↑
SFT only 87.48 2.34 79.40 69.97
SFT+REINFORCE 87.35 2.36 79.28 69.85
SFT+A2C 87.72 2.32 79.65 70.25
SFT+PPO 88.15 2.29 79.95 70.68
SFT+GRPO 89.02 2.19 81.88 72.65

Table 8. Analysis of different training strategies on R2R Val Un-
seen split.

Training Strategy OSR↑ NE↓ SR↑ SPL↑
SFT only 87.48 2.34 79.40 69.97
RL only 74.52 4.30 64.30 59.82
Sequential SFT-RL 88.95 2.22 81.25 72.08
Ours 89.02 2.19 81.88 72.65

different RL algorithms to further optimize the IL-finetuned
model in Table 7 under a unified training framework. Our
GRPO uses trajectory-level rewards measuring navigation
success and path efficiency, which cannot be decomposed
into step-level signals required for A2C and PPO’s value
bootstrapping. REINFORCE, though compatible with both
reward types, still fails to improve performance due to its
inherently high gradient variance. Therefore, following
established practices [10], we provide classical methods
with step-level rewards including distance progress and ori-
entation alignment. REINFORCE degrades performance
slightly, while A2C achieves modest gains of 0.28% SPL,
and PPO improves the SPL metric to 70.68%. In contrast,
our GRPO achieves 72.65% SPL, outperforming PPO by
a margin of 1.97%. This result demonstrates that com-
paring trajectories within instruction groups yields substan-
tially more informative learning signals than optimizing tra-
jectories independently.
Analysis of Training Strategy. Table 8 compares differ-
ent training strategies to understand the contribution of each
component. All methods start from the same pretrained
vision-language model. Training with RL alone performs
poorly without navigation-specific initialization. SFT-only
training establishes a solid baseline by learning from ex-
pert demonstrations. Sequential SFT-RL improves perfor-
mance to 81.25% SR and 72.08% SPL, demonstrating that
RL optimization can surpass IL-finetuned models. Our ap-
proach with hard case replay further enhances results to
81.88% SR and 72.65% SPL, providing modest but consis-
tent gains. Importantly, hard case replay is triggered only
when the entire sampled group fails, thereby avoiding re-
dundant RL exploration on persistently challenging instruc-
tions. This adaptive strategy stabilizes training and prevents
catastrophic forgetting, balancing broad policy exploration
with targeted supervision.

Enter the building, walk past the bed and wait in the en suite bathroom.

ScaleVLN NavGRPO

Turn and walk down the red carpet along the roped areas with old chairs 
and wooden chests on tables. Walk to the entrance of the open double 

doors on the other side of the room.
ScaleVLN NavGRPO

perturbation

recovers

persists perturbation

Figure 3. Qualitative comparison on challenging instructions un-
der normal conditions (top) and initial perturbations (bottom).
ScaleVLN fails to recover from errors in both scenarios. Our
GRPO-trained agent successfully completes tasks and demon-
strates robust error correction under perturbations.

4.5. Qualitative Analysis

Figure 3 presents qualitative comparisons on spatially am-
biguous instructions. Under standard conditions, ScaleVLN
commits navigation errors from which it cannot recover,
while our GRPO-trained agent makes correct decisions at
critical waypoints to reach target locations. Under adversar-
ial perturbations, ScaleVLN persists along erroneous trajec-
tories initiated by the perturbation. In contrast, our method
demonstrates error-correction capabilities: in the first case,
it recognizes spatial deviation and backtracks to the correct
path; in the second case, it adjusts mid-trajectory despite
initial disruption. This demonstrates that group-based tra-
jectory optimization enables both improved spatial reason-
ing and robust recovery from navigational errors.

5. Conclusion

We present NavGRPO, a reinforcement learning framework
for VLN that learns from diverse trajectories through Group
Relative Policy Optimization. By comparing complete nav-
igation rollouts, our method achieves stable policy updates
without additional value networks. Experiments on several
benchmarks show consistent improvements over imitation
learning baselines, with substantial gains under perturba-
tions, demonstrating that goal-directed RL training builds
more robust navigation policies.
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