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Abstract. Vision-Language Navigation in Continuous Environments
(VLN-CE) requires agents to learn complex reasoning from long-horizon
human interactions. While multi-modal large language models (MLLMs)
have driven recent progress, current training paradigms struggle to bal-
ance generalization capability, error recovery, and training stability. Specif-
ically, (i) policies derived from supervised fine-tuning (SFT) suffer from
compounding errors, struggling to recover from out-of-distribution states,
and (ii) Reinforcement fine-tuning (RFT) methods such as GRPO are
bottlenecked by sparse outcome rewards. Their binary feedback fails to
assign credit to individual steps, leading to gradient signal collapse in
failure-dominant batches. To address these challenges, we introduce Step-
Aware Contrastive Alignment (SACA), a framework designed to extract
dense supervision from imperfect trajectories. At its core, the Perception-
Grounded Step-Aware auditor evaluates progress step-by-step, disentan-
gling failed trajectories into valid prefixes and exact divergence points.
Leveraging these signals, the Scenario-Conditioned Group Construction
mechanism dynamically routes batches to specialized resampling and
optimization strategies. Extensive experiments on VLN-CE benchmarks
demonstrate that SACA achieves state-of-the-art performance.

Keywords: Vision-Language Navigation - Multi-modal Large Language
Models - Reinforcement Fine-Tuning - Embodied Intelligence

1 Introduction

Vision-Language Navigation in Continuous Environments (VLN-CE) requires
agents to interpret natural language instructions, process visual streams and
execute low-level actions [2,29]. While Video-based Large Language Models
(Video-LLMs) have improved spatial-temporal reasoning and serve as promising
foundation models, applying them to continuous navigation is challenging due to
trade-offs among generalization, error recovery and training stability [43,58]. The
standard adaptation approach for VLN relies on supervised fine-tuning (SFT)
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using expert data [12, 58, 70]. Although SFT quickly aligns models’ behavior
with instructions, policies trained purely by imitation suffer from compounding
errors. As shown in Fig. 1, minor deviations push agents into out-of-distribution
(OOD) states where policies trained by SFT often fail [43].

Reinforcement fine-tuning (RFT)
addresses this by allowing autonomous
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While Process Reward Models (PRMs) [13,59,62] can provide dense supervision,
training domain-specific PRMs can be costly and prone to reward hacking.

We observe that not all failures are equally uninformative. In fact, our ex-
perimental data indicates that approximately 73% of failed episodes success-
fully execute the initial sub-instructions, yielding valuable Valid Prefixes that
standard RL naively discards (details in Appendix A). To extract this dense,
step-level supervision from imperfect trajectories without relying on expensive,
domain-specific PRMs, we propose Step-Aware Contrastive Alignment (SACA).
At its core, SACA employs a Perception-Grounded Step-Aware (PGSA) auditor
that evaluates progress step-by-step against landmarks extracted from instruc-
tions. Integrating precise spatial grounding with semantic alignment, the PGSA
auditor provides a robust continuous Soft Score for trajectory ranking alongside
a discrete Structural Mask. This mask explicitly disentangles the trajectory into
a Valid Prefix and a Divergence Point, enabling SACA to pinpoint the earliest
moment the agent drifted off-course.

Leveraging these granular signals, SACA employs a Scenario-Conditioned
Group Construction mechanism to dynamically route batches to specialized
optimization strategies. If a sampled group has at least one success (mixed-
outcome), outcome rewards drive training: near-miss failures are utilized through
Repair Resampling, replanning from the Divergence Point to synthesize correc-
tive demonstrations. Conversely, if all trajectories fail (null-outcome), SACA
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triggers All-Failure Rescue. It forms a Reflection Subgroup using the best fail-
ure (the Pseudo-Anchor) alongside mined hard negatives, restoring relative su-
pervision via conservative process-aware advantages. Furthermore, fine-grained
step-level constraints are applied exclusively to the Pseudo-Anchor: Consistency
Alignment reinforces the Valid Prefix through behavior cloning, while Con-
trastive Correction explicitly penalizes the Divergence Point. These mechanisms
effectively convert failed rollouts into trajectory- and step-level supervision.

In summary, the main contributions are three-fold: (i) We propose Step-
Aware Contrastive Alignment (SACA), a framework that resolves learning-signal
collapse in sparse-reward settings by extracting dense supervision from imper-
fect trajectories. This is achieved through the Perception-Grounded Step-Aware
(PGSA) auditor that leverages zero-shot foundation models for precise spatial
and semantic tracking, bypassing the need for domain-specific PRMs (§3.1). (ii)
We introduce a Scenario-Conditioned Group Construction mechanism that dy-
namically switches between Repair Resampling for mixed-outcome groups and
All-Failure Rescue for null-outcome groups (§3.2). We further propose the robust
SACA optimization objective that combines trajectory-level advantages with
step-level Consistency Alignment and Contrastive Correction (§3.3). (iii) Ex-
tensive experiments on VLN-CE benchmarks demonstrate that SACA achieves
state-of-the-art performance, providing an efficient exploration paradigm for con-
tinuous embodied tasks (§4.2).

2 Related Work

Vision-Language Navigation in Continuous Environments (VLN-CE).
Vision-Language Navigation (VLN) requires embodied agents to execute natural
language instructions [2,42]. While early research focused on discrete topological
graphs [10, 14-17, 35-37, 52, 71], recent paradigms have shifted to continuous
environments (VLN-CE) [1,8,18,28,46,51,53], demanding fine-grained low-level
control. To manage this complexity, many methods rely on simulator-pretrained
waypoint predictors [1,55,57]. However, these predictors often overfit training
layouts, bottlenecking generalization to unseen scenes and highlighting the need
for more adaptable, long-horizon navigation architectures.

Navigation with Multi-modal Large Language Models (MLLMs). The
rapid evolution of MLLMs has unlocked new avenues for VLN. Some approaches [9,
39,40, 71| integrate MLLMs as high-level planners to achieve instruction anno-
tation with high linguistic diversity, though they typically underperform task-
specific models. Conversely, another line of research [12,64-66] focuses on end-to-
end SFT of Video-LLMs [6,11,30,31,33,58,68] to directly parse spatio-temporal
dynamics and output low-level control commands.

Reinforcement Fine-Tuning (RFT) in Embodied Intelligence. RFT can
enhance the ability of LLMs and MLLMSs in reasoning and generalization [19,
23,24, 34,49, 50, 63]. To balance alignment with computational efficiency and
learning complexity, RFT has rapidly evolved from DPO [45] and PPO [48] to
highly scalable, critic-free frameworks, e.g., GRPO [19,49] and GSPO [69]. They



4 H. Li et al.

span several paradigms, including offline, online, and test-time RL. While RFT
was a common technique in physics-based simulators [25,32], VLA [20,21,61,67]
and discrete VLN [5,54], its direct application to VLN-CE is incomplete due to
the expanded action space and longer trajectory length. Recently, VLN-R1 [43]
pioneered GRPO in VLN-CE. Yet, it remains bottlenecked by sparse outcome su-
pervision. The proposed SACA framework introduces a PGSA auditor to extract
dense, step-level signals from imperfect trajectories. Leveraging these signals, the
Scenario-Conditioned Group Construction mechanism dynamically reconstructs
pseudo-positive samples from failures. By structurally isolating Valid Prefixes
and repairing Divergence Points, SACA provides continuous supervision, effec-
tively overcoming the sample inefficiency of sparse rewards.

3 Method

In this section, we present the SACA framework. We first introduce a PGSA au-
ditor, which extracts continuous ranking signals and discrete structural bound-
aries from uninformative rollouts without requiring a pre-trained reward model
(8§3.1). Then, we detail the Scenario-Conditioned Group Construction mech-
anism, dynamically switching between Repair Resampling for mixed-outcome
groups and All-Failure Rescue for null-outcome groups (§3.2). Finally, we for-
mulate the robust SACA optimization objective, integrating trajectory-level con-
servative advantages with step-level corrective constraints (§3.3).

3.1 Perception-Grounded Step-Aware (PGSA) Auditor

To bridge the semantic gap between high-level linguistic instructions I and low-
level continuous observations O = {o1,...,0r}, the PGSA auditor employs a
hierarchical, zero-shot perception pipeline. Given an instruction, we first use a
frozen tiny LLM (e.g., Qwen3-0.6B [60]) to parse the instruction into a sequence
of intermediate landmarks L = {l,...,l,,}. By integrating foundation models
(e.g., GroundingDINO [38], SAM3 [3], CLIP [44]), the PGSA auditor synthe-
sizes two complementary supervision signals: a continuous Soft Score for fine-
grained trajectory ranking, and a discrete Hard Mask to structurally isolate the
exact Divergence Point where the policy deviates from the optimal path.
Hierarchical Soft Scoring. To formulate a robust evaluation of progress to-
ward a target landmark [;, we construct a composite Soft Score S; that pro-
gressively fuses global contextual awareness with precise object-level grounding.
Specifically, the PGSA auditor first computes a global semantic similarity via
CLIP [44]. GroundingDINO [38] acts as a spatial bottleneck, predicting a bound-
ing box and an associated detection confidence cq.¢. To distill pure object-centric
semantics and filter out background noise, instances with high detection confi-
dence (cget > Tqet) are further refined by SAM3 [3], yielding a precise object
mask Mgp; with an IoU score cjo. The integrated reward is formulated as:

Se(o1,1;) = wisim(oy, ;) +1(Cder = Tdet) [W2cder+w3(Ciou-sim(0;©Mop;, 15))], (1)
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Fig. 2: Overview of proposed SACA framework. The PGSA auditor evaluates K
trajectories against instruction landmarks, yielding a Soft Score for ranking and a Hard
Mask to isolate the Divergence Point. Based on batch outcomes, a Scenario-Conditioned
mechanism dynamically routes to either Repair Resampling (for mixed groups) or All-
Failure Rescue (for null-outcome groups), followed by robust optimization.

where sim(-,-) denotes the cosine similarity between CLIP visual and textual
embeddings, and w1, ws, w3 are balancing weights. This progressive formulation
ensures that S; gracefully relies on global context when the target is distant,
yet exhibits a sharp, highly informative peak upon precise spatial grounding,
providing the agent with dense positive reinforcement signals.

To derive a scale-invariant trajectory-level evaluation and mitigate the length
bias inherent in cumulative step-wise rewards, we aggregate the step scores into
a normalized process score R,,o.(7T) via a threshold-gated formulation:

1 T
Rproc(T) = 7 ), ReLU(S; —72), (2)

where T represents the trajectory length. Here, the ReLU function acts as a
noise-filtering gate: it truncates low-confidence step scores below the threshold
(75) to zero, ensuring that only valid perception steps strongly aligned with the
instruction can accumulate and contribute to the final trajectory score. Please
refer to Appendix B for detailed visualizations of the step-level trajectory score.
Structural Hard Masking. Simultaneously, we apply a stricter hard threshold
Tn to generate a step-wise binary mask M; = I(S; > 7,) € {0,1}. During
navigation, the active landmark [; advances to the next landmark in L once this
hard-match condition is satisfied for ¢ consecutive steps. This mask structurally



6 H. Li et al.

(a) Get Step-Wise Binary Mask M (b) Back to Divergence Point €44 (c) Repair Resampling

Fig. 3: Illustration of the Repair Resampling process. (a) Extracting the struc-
tural mask M, via the PGSA auditor. (b) Backtracking to the Divergence Point 4.
to prune the erroneous suffix. (¢) Resampling a corrective path from t4;., thereby sal-
vaging the Valid Prefix and providing robust step-level supervision.

disentangles the trajectory by identifying the exact step where the agent deviates
from the instruction. We define the Divergence Point tg4;, as:

3)

A min{t € {1,...,T} | My =0}, if It st. M, =0,
dv T +1, otherwise.

As shown in Fig. 3, the trajectory is partitioned into a Valid Prefix compris-
ing all steps ¢ < tg4;,, and a subsequent divergent phase starting at t4;,,. This
decoupling enables smooth trajectory-level ranking via Rp... while preserving
strict discrete boundaries for step-level correction.

3.2 Scenario-Conditioned Group Construction Mechanism

Let r°“*(T) € {0,1} denote the binary outcome reward. For each instruction,
the policy model 7y samples a group of trajectories: G = {Tq,..., Tk}, where K
denotes the group size.

Scenario A: Mixed Group (37; € G,r°“'(1;) = 1). When G contains suc-
cessful trajectories, outcome supervision drives the primary optimization. To
further boost sample efficiency, we apply Repair Resampling to high-quality
“near-miss” failures. We formally define this near-miss subset as trajectories:

(4)
1
Gumiss = {ﬁ G| (T) = 0A e > n} : (4)

where the valid-prefix ratio exceeds a threshold 1. For each 7; € Giss, We
truncate the rollout at the Divergence Point t((;i)v and iteratively resample suffixes
7. (u”} Fma( | T, o) ) up to Ny, times. We then halt resampling and construct

a repaired trajectory via concatenation:

_ (n)
T =T, ® Tougsre (5)



Let’s Reward Step-by-Step 7

These successfully synthesized trajectories form an auxiliary set T"°P to aug-

ment the current training update, strictly without recursive resampling. If all
Nyep attempts fail, the original 7; is retained.
Scenario B: All-Failure Rescue (V7; € G,r°“(T;) = 0). When all K tra-
jectories fail, standard outcome-based GRPO collapses. SACA triggers the All-
Failure Rescue by constructing a Reflection Subgroup G, centered around a
Pseudo-Anchor, which isolates the most informative failure and its nearby alter-
natives for corrective comparison. The Pseudo-Anchor Ty.cn is used only as the
most informative failure, rather than a pseudo-positive target. First, we select
the trajectory with the highest process score:

Tanch = argmax Rypoc(T). (6)
TeG

Next, we mine Hard Negatives using a dual-criterion score:
Sneg (T) =\ PreﬁXSim(T, Ench) - (1 - A) . (Rproc(nnch) - Rproc(T))a (7>

where PrefixSim is instantiated by action-level Longest Common Subsequence
(LCS), and A balances prefix similarity and process-score gap. We select the
top-m failed trajectories ranked by Syeq, excluding Tancn, to form Gpe, and
construct Ggup = {Tanch} U Greg, With |Ggup| > 2 for stable normalization.
Notably, Eq. (8) and Eq. (16) are applied only to Ggyp in Scenario B, whereas
Gmiss 18 used only in Scenario A for Repair Resampling.

3.3 Robust SACA Optimization Objective

We use Larpo(Ti, A;) to denote the standard clipped policy-ratio loss evaluated
on trajectory 7; with advantage A;. For all-failure groups, we compute process-
aware relative advantages within the Reflection Subgroup G- To reduce the
risk of wrongful penalization due to noisy visual-process estimates, we introduce
a hierarchical conservative estimation mechanism:

Rproc(Ti) - ,U/({Rproc(T) | TE Gsub})
U({R;DTOC(T) | 7€ Gsub}) +éo .

Margin-Based Rescue. First, we compute the margin A:
A= Rproc(7—a7wh) - M({RPTOC(T) | T e Gneg})- (9>
If the Pseudo-Anchor lacks credibility (A < 4), we shrink the advantages by

a temperature factor k < 1:
A {HA;W, if A<,

Al =
A7 otherwise.

Araw __
Arew —

(8)

(10)

7

Negative-Only Scaling. We apply an attenuation factor s € (0,1] strictly to
the negative advantages:

. A/ i’ >
A= A“A 41 20, (11)
s- AL, Al <0.



8 H. Li et al.

This preserves directional preference toward the most informative failure

while reducing the risk of over-penalizing plausible alternatives under noisy vi-
sual estimates.
Step-Level Constraints. Beyond trajectory-level advantages, we apply fine-
grained structural constraints exclusively to the Pseudo-Anchor T,.,cn to avoid
amplifying noisy supervision from low-quality failures. We treat the actions along
the Valid Prefix as pseudo-correct decisions and reinforce them via behavior
cloning. By definition of t4;,, all steps t < tgq;, satisfy M; = 1. Contrastive
Correction is applied strictly to the Divergence Point ¢4;,:

£align anch Z 10g7T9 Qg | Ot, )7 (12)

t<tqiv

exp(sim(hs,, s ha+)/a)
exp(sim(hs,, ,hat)/@) + exp(sim(h Seg. 0 a-)/)’

Ecor'r‘(%nch) = - 10g (13)
where hstdw denotes the policy hidden state at the Divergence Point ¢4;,. The
positive action a™ is the simulator shortest-path action, while the negative action
a~ is the erroneous policy action at t4;,. Thus, L., performs local correction
at the detected Divergence Point rather than trajectory-wide imitation.

Summary. SACA dynamically switches objectives based on the group scenario:

e For a Mixed Group, we use the outcome-based advantage Af“t and the mixed
strategy:
ro(Ti) — p({re(T) | T € G})

A = et () | T e G)) a0

(14)

Lized = ﬁ Z Larpo (7;’ A;mt) rep ‘7— | Z Z 10g g (at ‘ Ot, I)7
icG TPl TET, ep tesuffix(T)

(15)
where A, is the repair loss weight, 7;..,, denotes the set of successfully repaired
trajectories, and €q is a small constant for numerical stability.

e For an All-Failure Group, we utilize the robust process advantage A; alongside
the anchor-specific constraints:

Z »CGRPO Ai)+)\1£align(7:znch)+)\2£corr(7:1nch)7 (]-6)
1€Gsub

E .
fail = ‘Géub‘

where A1, Ay are balancing weights.

In each training iteration, SACA first scores sampled trajectories with the
PGSA auditor, then routes the group to either Mixed-Group Repair or All-
Failure Rescue based on outcome availability, and finally updates the policy with
scenario-specific objectives. Every sampled rollout is assigned a usable training
role, e.g., successful, repairable, or rescuable. Even failed trajectories contribute
structured supervision under severe reward sparsity. Additional step-by-step ex-
planation of the SACA framework is provided in Appendix B.
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Method ‘ Observation Encoder ‘ R2R-CE Val-Unseen ‘ RxR-CE Val-Unseen

| Pano. Odo. Depth SRGB|NE| OSt SRt SPLt|NE| SR{ SPLt nDTW?
HPN+DN* [26] 6.31 40.0 36.0 34.0 - - - -
CMA™ [22] 6.20 52.0 41.0 36.0 | 8.76 26.5 22.1 47.0

VLNGBERT* [22]
Sim2Sim* [27]
GridMM* [56]
ETPNav* [1]

5.74 53.0 44.0 39.0 | 898 27.0 22.6 46.7
6.07 52.0 43.0 36.0 - - - -

5.11 61.0 49.0 41.0 - -
4.71 65.0 57.0 49.0 | 5.64 54.7 44.8 61.9

NN NENENEN
NN N N NN
N N NN

543 62.5 52.8 47.2 | 6.72 48.6 425 60.2
4.57 64.9 60.3 55.1 | 4.90 60.3 49.8 62.1

5.22 62.5 54.0 49.0 | 6.77 49.3 44.0 58.8
5.58 53.3 47.0 42.7 | 6.24 487 40.9 -

498 642 56.9 519 |6.22 529 46.0 61.9
4.19 69.3 64.7 56.9 | 4.75 62.1 51.7 66.0

StreamVLN [58]
SACA (Ours)

NaVILA{ [12]
UniNaVidf [64]
StreamVLN7{ [58]
SACA (Ours)t

ScaleVLN* [57] 480 - 550 51.0| - - - -
InstructNav [39] - - - - 6.89 — 31.0 24.0 - - - -
AG-CMTP [7] < vV 790 392 231 191 | - - - .
R2R-CMTP [7] oo 7.90 380 264 227 | - - - .
LAW [46] v v v 6.83 44.0 35.0 31.0 |10.90 8.0 8.0 38.0
CM2 [18] v v |702 415 343 26| - - - -
WS-MGMap [8] VR v 1628 476 389 343| - - - -
ETPNav + FF [55] v v v 595 55.8 449 304 | 879 255 18.1 -
Seq2Seq [29] v v 707 370 25.0 22.0 (1210 139 11.9 30.8
CMA [29] v v 7.37 40.0 32.0 30.0 - - - -
VLN-R1 [43] v 7.00 41.2 30.2 21.8 |10.40 22.3 17.5 -
NaVid [65] v 547 49.1 374 359 - - - -
MapNav [66] v 493 53.0 39.7 37.2 - - - -
NaVILA [12] v | 537 57.6 497 455 | -

v

v

v

v

v

v

Table 1: Comparison with state-of-the-art methods. * indicates methods using
the waypoint predictor from [22]. T denotes methods using additional training data
beyond the R2R-CE [2] and RxR-CE [29] benchmarks.

4 Experiment

In this section, we comprehensively evaluate the SACA framework. We first
outline the experimental setup, detailing the VLN-CE benchmarks, evaluation
metrics, and implementation details (§4.1). Building upon this foundation, we
compare SACA with existing state-of-the-art methods, demonstrating its supe-
rior generalization and robust error-recovery capabilities in both standard and
complex long-horizon navigation tasks (§4.2). Finally, we present extensive ab-
lation studies to validate the individual contributions of the PGSA perception
modules, the Scenario-Conditioned Group Construction mechanism, and the ro-
bust SACA optimization objective (§4.3).

4.1 Experimental Setup

Datasets and Evaluation. We evaluate the SACA framework on two promi-
nent Vision-Language Navigation in Continuous Environments (VLN-CE) bench-
marks: R2R-CE [2] and RxR-CE [29]. Both datasets are constructed over the
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Instruction: Turn right and go down the hallway then turn left Pass the chair on the left and turn right into the kitchen. Wait near the fridge.

Fig. 4: Qualitative comparison of navigation trajectories. (a) Egocentric ob-
servations. (b) Top-down maps. Green and red frames denote correct trajectory and
failure trajectory, respectively.

Matterport3D (MP3D) [4] scenes and simulated within the Habitat platform [41,
47]. Following the standard evaluation protocol established by previous VLN-CE
works, we assess navigation performance using a comprehensive suite of metrics.
These include Trajectory Length (TL), Navigation Error (NE), Oracle Success
Rate (OS), Success Rate (SR), and Success weighted by Path Length (SPL). For
RxR-CE, we additionally report normalized Dynamic Time Warping (nDTW)
to measure the spatial fidelity between the predicted and ground-truth paths.
Among these metrics, SR and SPL on the unseen splits remain the most critical
indicators of an agent’s generalization capability.

Implementation Details. We initialize the policy network from a pre-trained
Video-LLM, LLaVA-Video-7B [68], and optimize it in two stages. In the first
stage, we perform SF'T on navigation demonstrations to align the visual-language
representation with low-level navigation actions. SF'T is trained on 8 NVIDIA
A6000 GPUs with a learning rate of 1 x 1075, a cosine learning-rate schedule, and
10% warmup, taking approximately 36 hours. In the second stage, we conduct
RFT with the proposed SACA objective. Unless otherwise specified, we use group
size K = 8, maximum repair attempts N,., = 3, and the default PGSA auditor’s
thresholds reported in Appendix C. During RFT, the learning rate is reduced to
1x10~¢ with weight decay 0.01, and the KL penalty coefficient is set to 8 = 0.04.
The PGSA auditor is used only during training to score sampled rollouts and
construct step-aware supervision; all its perception modules are frozen off-the-
shelf models and introduce no additional inference-time cost. The RFT stage
takes about 24 hours. Detailed hyperparameters are provided in Appendix C.
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Table 2: Ablation study on the core components of SACA. SS: Soft Score for
ranking; AFR: All-Failure Rescue (Scenario B); RR: Repair Resampling (Scenario A).

Row ‘ Components ‘ R2R-CE Val-Unseen ‘ RxR-CE Val-Unseen
|SS AFR RR |NE| OSt SRt SPL{|NE| SRt SPL{ nDTW?
| SFT Baseline [58] | 5.43 625 52.8 472 | 6.72 486 425 60.2

5.39 553 54.1 488 | 6.54 49.9 43.0 60.3
5.21 63.2 554 496 | 6.15 51.8 44.3 60.7
v 4.82 64.1 582 524 | 548 564 476 61.3
v v 4.57 64.9 60.3 55.1 | 4.90 60.3 49.8 62.1

= w N -~ | O

v
v
v

4.2 Comparisons with State-of-the-Art Methods

Table 1 compares SACA with state-of-the-art methods on the val-unseen splits
of VLN-CE R2R [2] and RxR [29], with baselines categorized by observation en-
coders and extra data usage. SACA achieves new state-of-the-art performance
across nearly all metrics. In the standard single-RGB setting without extra data,
SACA obtains 60.3% SR and 55.1% SPL on R2R-CE, outperforming the previ-
ous best StreamVLN [58] by 7.5% SR and 7.9% SPL while reducing NE to 4.57.
On the more challenging long-horizon RxR-CE benchmark, SACA reaches 60.3%
SR and 49.8% SPL, exceeding prior SOTA by 11.7% SR and 7.3% SPL. With
additional ScaleVLN data (1), SACA further improves to 64.7% SR on R2R-CE
and 62.1% SR on RxR-CE, surpassing StreamVLNTt by 9.2% RxR SR. Quali-
tative comparisons in Fig. 4 show that, unlike StreamVLN and VLN-RI1 [43],
SACA better maintains step-level alignment and recovers from local deviations.

4.3 Ablation Study

We conduct extensive ablation studies on the VLN-CE R2R [2] and RxR [29] Val-
Unseen splits. The analysis is structured to validate the core macro-architecture
(Table 2 and Fig. 5), the specific micro-objective designs (Table 3), and the
hyperparameter sensitivity (Table 4).

Training Dynamics and Sample

Efficiency. Fig. 5 illustrates SR dur- — e ANV
ing the RFT process. Standard GRPO :
(brown curve) suffers from severe
learning-signal collapse and a pre-
mature plateau due to its reliance
on sparse outcome rewards. Incorpo-
rating step-aware dense supervision
without the All-Failure Rescue mech- b # w E
anism (SACA w/o AFR, blue curve)

accelerates initial bootstrapping but Fig.5: Illustration of SR curves dur-
eventually bottlenecks because it still ing RFT training.

Success Rate (SR)
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Timeline

---

Instruction: Walk past the dining room table and chairs and turn right. Walk past the bar and stop by the bar stools.

Fig. 6: Qualitative visualization of the Perception-Grounded Step-Aware
(PGSA) auditor’s cascaded pipeline. (a) Raw continuous egocentric observations
o+ during navigation. (b) GroundingDINO [38] detects intermediate landmarks. (c)
SAMS3 [3] extracts precise pixel-level masks. (d) The corresponding top-down trajec-
tory mapping.

discards null-outcome batches. In contrast, the proposed full SACA framework
(green curve) achieves better sample efficiency and stronger asymptotic per-
formance. By dynamically recovering dense supervision from completely failed
batches via AFR, SACA maintains stable and effective gradient updates through-
out training, alleviating the exploration bottleneck.

Core Components Analysis. Table 2 demonstrates the progressive integra-
tion of SACA’s core components starting from the SFT Baseline (Row 0). Re-
lying exclusively on sparse outcome rewards, standard GRPO (Row 1) yields
only marginal improvements (e.g., +1.3% SR on RxR) and suffers from severe
learning-signal collapse, as illustrated by the early plateau of the brown curve
in Fig. 5. Incorporating the continuous Soft Score (SS) from the PGSA audi-
tor (Row 2) provides a dense ranking signal crucial for initial bootstrapping,
steadily boosting the RxR SR to 51.8%. The subsequent introduction of the All-
Failure Rescue (AFR) mechanism (Row 3) brings substantial gains, improving
RxR SR by 4.6%. As visually corroborated by Fig. 5, AFR effectively recovers
dense supervision from null-outcome batches (green curve), breaking the early
performance bottleneck observed when AFR is disabled (blue curve). Finally, in-
tegrating Repair Resampling (Row 4) salvages near-miss failures by truncating
trajectories at the exact Divergence Point and resampling the suffix.
Objective Constraints & Robustness Mechanisms. Table 3 details the im-
pact of the specific objectives and robust scaling factors. Removing Consistency
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Table 3: Ablation study on specific objective designs and robustness mech-
anisms within SACA. All variants are compared against the full SACA model.

, . ‘ R2R-CE Val-Unseen ‘ RxR-CE Val-Unseen
Model Variant

| NE, OSt SRf SPLf|NE| SR{ SPL{t nDTWt
SACA | 457 64.9 60.3 55.1 |4.90 60.3 49.8  62.1

Ablation on Objective Constraints
w/o Consistency Align (Laiign)
w/o Contrastive Correct (Lcorrect)

4.89 638 58.0 51.6 | 534 571 46.2 60.5
498 635 57.3 528 | 551 564 46.5 59.4

Ablation on Robustness Mechanisms
w/o Margin-Based Rescue (k =1) | 4.85 64.1 585 53.0 | 525 57.8 479 61.2
w/o Negative-Only Scaling (s =1) | 4.76 64.5 59.1 54.0 | 5.12 58.6 48.5 61.6

Table 4: Ablation study on the group size (K) and maximum repair attempts
(Nrep)-

Group Size (K) Max Repairs ( Nmp)‘ R2R-CE Val-Unseen |  RxR-CE Val-Unseen
|NE, OSt SRt SPL{|NE| SR{ SPL? nDTW?

4 3 492 62.1 56.4 51.2 ‘ 5.30 55.2 45.3 59.5
8 3 4.57 64.9 60.3 55.1 4.90 60.3 49.8 62.1
16 3 459 64.7 60.1 54.8 ‘ 4.93 59.9 49.5 61.8
8 1 481 63.5 58.1 534 |5.15 57.5 47.1 60.2
8 5 4.60 64.8 60.0 549 | 492 60.1 49.6 62.0

Align (Laiign) significantly reduces navigation efficiency (e.g., R2R SPL drops
from 55.1% to 51.6%), indicating that without behavior cloning on the Valid Pre-
fix, the agent takes longer, sub-optimal paths. Conversely, omitting Contrastive
Correct (Leorrect) heavily degrades long-horizon success (e.g., RxR SR drops to
56.4%), emphasizing the necessity of explicitly penalizing the Divergence Point
to prevent repeated mistakes at complex intersections. Furthermore, disabling
robustness mechanisms like Margin-Based Rescue (k = 1) or Negative-Only
Scaling (s = 1) degrades overall performance. This demonstrates their crucial
roles in filtering noisy gradients from low-confidence pseudo-anchors and acting
as regularizers against the over-penalization of plausible alternative paths.
Qualitative Visualization of PGSA Awuditor. To intuitively demonstrate
the efficacy of the proposed cascaded perception modules, we visualize a naviga-
tion episode in Fig. 6. Given an instruction containing intermediate landmarks
(e.g., “chairs”, “bar stools”), raw visual observations (Row a) lack explicit object-
level focus. GroundingDINO [38] (Row b) successfully detects these textual land-
marks, yielding bounding boxes. However, standard bounding boxes inevitably
encompass noisy background pixels. SAM3 [3] (Row c) refines these detections
into precise pixel-level masks, strictly isolating the target objects. This pure
spatial-semantic grounding ensures robust local CLIP [44] alignment, allowing
the Auditor to accurately track progress on the top-down trajectory (Row d)
and pinpoint the exact Divergence Point without any trained reward models.
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Table 5: Ablation study on the perception modules within the PGSA Au-
ditor. Global: CLIP [44] Image-Text Similarity; BBox: GroundingDINO [38] object
detection; Mask: SAM3 [3] precise segmentation.

Row ‘ Perception Modules ‘ R2R-CE Val-Unseen ‘ RxR-CE Val-Unseen
‘ Global BBox Mask ‘ NE| OSt SRt SPLt ‘ NE| SRt SPLt nDTW?1
1 v 495 63.2 576 52.1 | 545 56.5 46.2 59.5
2 v v 4.71 64.1 59.2 54.0 | 5.11 58.7 483 61.1
3 v v v 4.57 64.9 60.3 55.1 | 4.90 60.3 49.8 62.1

Hyperparameter Sensitivity. Table 4 evaluates SACA’s sensitivity to group
size (K') and maximum repair attempts (Nyp). A smaller group (K = 4) suffers
from high variance in advantage estimation (e.g., RxR SR drops to 55.2%), while
a larger group (K = 16) introduces computational overhead and noisy long-tail
trajectories that degrade performance (R2R SR drops to 60.1%), making K = 8
the optimal balance. For repair attempts, N,., = 1 provides insufficient ex-
ploration depth. Conversely, excessive attempts (N, = 5) cause the policy to
overfit to highly improbable, “stitched” trajectories, leading to a slight perfor-
mance decay. Thus, V., = 3 balances exploration depth and policy stability.
Perception Modules within the PGSA Auditor. Table 5 evaluates the cas-
caded perception modules of the PGSA auditor. Relying solely on global CLIP
similarity (Row 1) yields suboptimal results (e.g., 57.6% SR on R2R). Adding
GroundingDINO [38] bounding boxes (Row 2) provides explicit object-level
grounding, which increases R2R SR to 59.2%. Finally, incorporating SAM3 [3]
masks (Row 3) enables precise pixel-level segmentation. This step filters out
background noise to ensure pure local semantic alignment, leading to 60.3% SR,
the best result among the compared methods.

5 Conclusion

In this work, we introduce Step-Aware Contrastive Alignment (SACA), a novel
reinforcement fine-tuning framework designed to overcome learning-signal col-
lapse in sparse-reward Vision-Language Navigation. By leveraging a zero-shot
Perception-Grounded Step-Aware (PGSA) auditor, SACA effectively extracts
dense, step-level supervision for both continuous ranking scores and discrete
structural boundaries, bypassing the need for costly task-specific Process Reward
Models. The Scenario-Conditioned Group Construction mechanism integrates
Repair Resampling for near-misses and All-Failure Rescue for entirely failed
batches. The robust SACA optimization objective fuses trajectory-level advan-
tages and step-level constraints to extract dense supervision from failed rollouts,
preventing RL signal collapse. Extensive experiments on VLN-CE benchmarks
demonstrate that SACA establishes a new state-of-the-art performance.
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