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Abstract

Vision-and-Language Navigation (VLN) plays a critical role
in tasks of embodied Al, particularly in unseen environ-
ments following natural language instructions. Recent ad-
vancements leverage large language models (LLMs) to im-
prove the accuracy and generalizability of VLN systems by
encoding image sequences as dense token representations.
However, this tokenization approach incurs substantial com-
putational overhead due to two key inefficiencies: 1) ego-
centric camera views often include navigation-irrelevant re-
gions (e.g., sky or distant backgrounds), and 2) high-frame-
rate image sequences introduce temporal redundancy. To ad-
dress these challenges, we propose Spatial-Temporal Effi-
cient Visual Token Pruning (STEP-Nav), a unified frame-
work that simultaneously prunes redundant visual tokens
and fine-tunes VLN models to preserve navigation perfor-
mance. In particular, STEP-Nav incorporates a distance- and
content-aware token evaluation mechanism to remove irrel-
evant tokens at the spatial level, along with temporal level
similarity-based filtering to reduce redundancy across se-
quential frames. To ensure pruning does not harm task perfor-
mance, we introduce a distortion-aware fine-tuning strategy
that aligns pruned-token representations with their full-token
counterparts while maintaining navigation accuracy. Experi-
ments on the R2R and RxR benchmarks using Navid-CE and
NavGPT-2 as base models demonstrate that STEP-Nav pre-
serves over 95% of the performance while reducing 66.7% of
tokens, outperforming existing token pruning baselines.

Introduction

Vision-and-Language Navigation (VLN) (Gu et al. 2022)
has emerged as a pivotal capability in embodied Al, enabling
agents to navigate complex and unseen environments by
following natural language instructions. The dual require-
ment of multimodal understanding of both human language
and visual observations introduces significant challenges for
this field. A substantial body of research (Anderson et al.
2018b; Qi et al. 2020; Huang et al. 2022; Ku et al. 2020;
Krantz et al. 2021) has been devoted to this problem, which
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Figure 1: Motivation for STEP-Nav: Ego-centric visual in-
puts in VLN often contain spatially irrelevant regions (e.g.,
sky, distant scenery) and temporally redundant frames, re-
sulting in excessive visual tokens that increase computa-
tion without improving navigation accuracy. Existing to-
ken pruning methods focus on texture-based features and
are suboptimal for VLN. STEP-Nav tackles these issues by
jointly pruning redundant tokens at both spatial and tempo-
ral levels while preserving task-critical information.

can be broadly classified into two main paradigms: navi-
gation in discrete action spaces and navigation in continu-
ous action spaces. Navigation in discrete environments ad-
dresses this problem under simplified conditions. For exam-
ple, the R2R (Krantz et al. 2020) task in the Matterport3D
(MP3D) (Chang et al. 2017) simulator requires agents to
make decisions within a discrete action space. In this setting,
the environment is modeled as a connected graph, where



agents move by selecting from a set of predefined way-
points. Although these methods have evolved rapidly and
achieved strong performance, they often fail to capture the
continuous and dynamic nature of real-world navigation. To
overcome this limitation, navigation in continuous environ-
ments (Krantz et al. 2020; Savva et al. 2019; Raychaudhuri
et al. 2021; Georgakis et al. 2022) has gained attention, as
it enables more realistic modeling to reduce the Sim2Real
gap. Examples include R2R-CE and RxR-CE tasks within
the Habitat (Savva et al. 2019) simulator. While VLN in
continuous environments (VLN-CE) represents a promis-
ing step toward bridging the Sim2Real gap, challenges re-
lated to generalization in previously unseen environments
remain. Recent advancements in VLN leveraging large lan-
guage models (LLMs) (Zhang et al. 2024b; Zhou, Hong,
and Wu 2024; Zhou et al. 2024; Zhang et al. 2024a) have
shown considerable potential in addressing these challenges.
By integrating extensive pretraining knowledge and sophis-
ticated linguistic understanding, LLM-based approaches ex-
hibit strong generalization capabilities across both unseen
environments and Sim2Real scenarios.

Despite these advances, the practical deployment of such
models remains constrained by computational inefficiencies,
especially in real-time embodied Al agent systems. A key
bottleneck arises from the large volume of image tokens gen-
erated by high-resolution, high-frequency ego-centric cam-
eras. These images often contain semantically irrelevant re-
gions—such as distant backgrounds or sky—which provide
minor utility for navigation but consume significant pro-
cessing capacity. Moreover, the temporal redundancy across
consecutive frames exacerbates the computational overhead,
as many visual tokens encode near-identical spatial features.

To mitigate these inefficiencies, token pruning has gained
attention as a promising technique for reducing the input to-
ken space while preserving task-critical information (Rao
et al. 2021; Bolya et al. 2022; Kong et al. 2022). How-
ever, existing token pruning methods are devised for generic
vision-language models (VLMs) and fail to account for the
structure of navigation-related visual data. In particular, two
factors hinder the direct application of conventional pruning
techniques to VLN: (1) the inability to effectively discard
visually complex but navigation-irrelevant content, and (2)
the neglect of temporal and spatial redundancies inherent in
sequential image data from mobile platforms.

In this work, we introduce Spatial-Temporal Efficient Vi-
sual Token Pruning (STEP-Nav), a novel and unified frame-
work for efficient VLN that jointly prunes redundant visual
tokens and fine-tunes VLN models to retain navigation per-
formance. Our method integrates a distance- and content-
aware token evaluation mechanism to remove uninformative
tokens at the single-frame spatial level and applies tempo-
ral similarity filtering to reduce redundancy across the tem-
poral level. To further safeguard navigation accuracy un-
der aggressive token pruning, we develop a distortion-aware
fine-tuning framework that explicitly adapts the VLN model
to sparsified visual inputs. Our approach enforces consis-
tency between the intermediate representations derived from
pruned and full-token inputs. By minimizing a feature-level
alignment loss across multiple layers, the model learns to

24098

preserve critical semantic cues even when large portions of
visual tokens are removed.

We validate our approach on the standard VLN bench-
marks R2R (Anderson et al. 2018b) and RxR (Ku et al.
2020), using Navid-CE (Zhang et al. 2024b) and NavGPT-
2 (Zhou et al. 2024) as base models. Experimental results
show that STEP-Nav consistently reduces tokens and com-
putational latency while preserving or improving navigation
success rates, outperforming prior token pruning baselines.

The remainder of this paper is organized as follows. The
Related Work section reviews related work in VLN, VLM,
and token pruning. The Methodology section introduces
the proposed STEP-Nav framework, including our Spatial-
Temporal token evaluation methods and finetuning opti-
mization strategy. The Experiments section presents experi-
mental results and ablation studies on multiple benchmarks.
Finally, the Conclusion section concludes with a discussion
of our findings and future research directions.

Our contributions are as follows:

* We identify and address two critical inefficiencies in cur-
rent VLN pipelines: spatially irrelevant visual content
and temporally redundant frame sequences. Then, we
propose a spatial-level distance- and content-aware to-
ken evaluation mechanism and temporal-level similarity
filtering to alleviate the aforementioned issues.

We design a distortion-aware fine-tuning framework that
jointly optimizes token pruning and navigation accuracy
by aligning pruned-token representations with full-token
representations.

Extensive experiments on R2R and RxR validate the ef-
fectiveness of our method in enhancing inference effi-
ciency with minimal accuracy degradation.

Related Work
Vision-and-Language Navigation
VLN (Anderson et al. 2018b) has become a fundamental
benchmark for embodied Al, where an agent must follow
natural language instructions to reach a goal location using
visual observations. Early works (Fried et al. 2018; Wang
et al. 2019) integrated RNN-based encoders and attention
mechanisms to process instructions and egocentric images,
achieving steady performance gains on benchmarks like
R2R and RxR (Ku et al. 2020). More recent advances have
incorporated cross-modal transformers (Majumdar, Baral,
and Yu 2020; Hong et al. 2021) to enable richer reasoning
between vision and language. However, most of these meth-
ods process all image tokens from every frame, resulting
in substantial computational overhead. Few existing works
consider the spatial or temporal redundancy in image se-
quences, which leads to inefficiencies that hinder deploy-
ment in real-time or resource-limited settings.

Large Vision-Language Models for Embodied Al

The success of LLMs such as GPT and LLaMA has in-
spired research on integrating them with vision encoders for
embodied reasoning (Tsai et al. 2023; Driess et al. 2023).
These Large VLMs (LVLMs) extract dense visual tokens us-
ing Vision Transformers (ViTs) (Dosovitskiy et al. 2021) or
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Figure 2: Overview of the proposed STEP-Nav framework. The method combines image-level token pruning, which filters
uninformative visual patches using attention and depth cues, with sequence-level pruning that removes temporally redundant
frames via cosine similarity. The pruned tokens are fed into the VLN model, and a distortion-aware fine-tuning strategy aligns
pruned representations with full-token features to maintain navigation accuracy.

Swin Transformers (Liu et al. 2021) and use frozen or lightly
tuned LLM:s for trajectory planning, instruction understand-
ing, and interactive feedback. While effective, such mod-
els suffer from high computational costs, particularly dur-
ing the prefill stage of token processing (Fu et al. 2024). In
VLN, where the input includes high-frame-rate egocentric
sequences, the volume of image tokens rapidly grows and
becomes a major bottleneck. To reduce this overhead, to-
ken compression or efficient prompting methods have been
explored, but few target the VLN setting with spatial and
temporal priors in mind.

Token Pruning and Efficiency Optimization

Token pruning is an effective approach to reduce the com-
putational burden of transformer-based models. In computer
vision, DynamicViT (Rao et al. 2021) and EViT (Liang,
Sun, and Yan 2022) dynamically drop low-importance to-
kens during inference to speed up ViTs. Other works like
ToMe (Bolya et al. 2022) merge similar tokens based on
feature proximity, while SPViT (Kong et al. 2022) intro-
duces latency-aware pruning for deployment on real-time
systems. In the language domain, LazyL.LM (Fu et al. 2024)
and IVTP (Huang et al. 2025) prune context tokens in LLMs
using attention scores or instruction guidance.

Despite these advances, few methods explicitly consider
the unique characteristics of embodied environments. In par-
ticular, traditional token pruning approaches often fail to
account for: (1) irrelevant but visually salient regions such
as sky or distant backgrounds, and (2) the high frame-to-
frame similarity in egocentric image streams. Our work
builds upon these insights and introduces a VLN-specific
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token pruning framework that integrates spatial awareness
and temporal filtering, enabling efficient inference without
sacrificing navigation performance.

Methodology

To address the computational overhead of existing LLM-
based VLN models, we propose STEP-Nav, a unified
spatial-temporal visual token pruning framework designed
for efficiency. Specifically, the tokenization of sequential
image observations often introduces substantial computa-
tional cost during subsequent LLM inference, necessitat-
ing the reduction of redundant tokens. STEP-Nav tackles
this challenge through two complementary components: 1)
spatial-level token evaluation, which prunes redundant to-
kens within individual image observations, and 2) temporal-
level token evaluation, which further eliminates redundancy
across sequences of image tokens. Both modules are sub-
sequently optimized via fine-tuning under a navigation ac-
curacy constraint and are jointly trained using a distortion-
aware objective. An overview of the complete architecture
is presented in Fig. 2.

Preliminaries

In this work, we formulate VLN tasks as follows: At time
step t, the agent receives a natural language instruction C
consisting of / tokens and a sequence of observation O; =
{Iy, ..., I}, representing the sequence of frames observed
up to the current step. The goal of the agent is to select
a low-level action a;y; € A that will transition it to the
next state, yielding a new observation ;4 ;. The navigation



process can be described as a Partially Observable Markov
Decision Process (POMDP), represented by the trajectory
{Ip,a1,11,as,...,1;}. In this formulation, the observation
space O consists solely of visual data captured using a
monocular RGB camera, without incorporating any addi-
tional sensor inputs. The action space .A comprises both cat-
egorical action types and their associated continuous param-
eters (low-level actions, following (Krantz et al. 2020)). This
design facilitates a realistic navigation paradigm in which
observations rely entirely on visual input and actions are
directly executable, closely resembling human navigational
behavior.

Spatial-level Image Token Pruning

In VLN, ego-centric image observations often include visu-
ally salient yet semantically irrelevant regions, such as dis-
tant scenery or the sky. To address this spatial redundancy,
we propose a Spatial-level token pruning module based on
a distance- and content-aware token evaluation mechanism.
Given ¢-th image frame I; from the whole 7" frames se-
quence, we firstly divide it into a grid of patches and embed-
dmg them to image tokens T; = {p(l),pEQ), ,pZN)} for
vision embedding (e.g., ViT or Swm Transformer), where
p; denotes image token in ¢-th image frame and N de-
notes number of image tokens of each frame. For each to-

ken p(J )N Y, € T;|'_,, we estimate its importance using two
cues: (1) its average attention relevance across transformer
heads (content-aware), and (2) its estimated spatial proxim-
ity to the agent (distance-aware), obtained through geomet-
ric projections.

The content relevance score for token p(-j )

NZA

where A(-,-) denotes the attention weights from the self-
attention map. In this work, A(-,-) is extracted from the
multi-head self-attention (MHSA) layers of standard ViT
model (Dosovitskiy et al. 2021).

The distance score is estimated by projecting auxiliary
spatial cues onto the image plane. For each token, we com-
pute its average depth and assign a higher priority to closer
tokens: )

J(p,(»j)) +€

where d(p; G )) is the average distance for the patch region
andeisa small constant for numerical stability. In this work,
the distance is directly obtained by the input RGB-D image.

The final image-level importance score for pl(-j ) is:

’yz(j) —a-y + (1 _ a) ',ydistance(pz(j)) 3)

where a € [0, 1] is a balancing hyperparameter, which is set
to 0.5 in this work

Tokens with the lowest scores are pruned to reduce the
input length to the VLN model. To preserve structural in-
tegrity, we apply diversity-aware filtering that ensures spa-
tial coverage and avoids pruning entire regions.

is computed as:

(J) (k)

,pl

content

v ey

(7

distance (
3

) = @

content ( (] ) )
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Temporal-level Sequence Token Pruning

In high-frequency camera streams, consecutive frames often
exhibit temporal redundancy due to similar agent motion and
scene overlap. Processing all such frames leads to redundant
computation and diminished marginal utility. Therefore, we
introduce a sequence-level pruning module that filters out
repetitive frames before they are tokenized.

For the sequence of observations { I, I, ..., I+ }, we firstly
extract global descriptors from each image by average
pooled patch embeddings. We compute cosine similarity be-
tween adjacent frame descriptors and skip frames whose
similarity exceeds a threshold 7:

(fe; fe-1)
[ fe ] fe—a

To avoid missing critical transitions (e.g., turns or obsta-
cles), we retain keyframes with high predicted motion differ-
ence or those aligned with instruction shifts. Optionally, we
incorporate odometry-based priors to adjust 7 dynamically
during fast movements.

This temporal filtering produces a reduced but informative
frame set, significantly lowering the total number of visual
tokens processed by the VLN model.

Sim(l, I;—1) = > 7 = drop I} 4)

Finetune Framework

To ensure that the proposed token pruning modules do not
degrade navigation performance, we employ a fine-tuning
strategy that aligns the pruned-token representations with
those derived from the full token set. Specifically, we fine-
tune the base VLN model on the pruned visual inputs while
optimizing a composite objective that preserves navigation
accuracy.

Let £ and £P"? denote the standard navigation loss
computed using the full token set and the pruned token set,
respectively. During fine-tuning, the pruned-token model pa-
rameters 6, are optimized to minimize:

runed
ﬁtotal - »Cgav

+ X Laist, @)

where ) is a weighting coefficient, and Ly is a distortion-
aware loss that encourages the pruned representation to ap-
proximate the full-token representation.

The distortion-aware loss is defined as:

1 M
Laist = ; ; ngf (Il)

where gg,(-) and g, (-) are the feature embeddings of the
VLN encoder with full tokens and pruned tokens, respec-
tively. M is the number of targeted intermediate feature lay-
ers. This alignment ensures that pruning does not discard se-
mantically critical information for decision making. To fur-
ther stabilize training, we initialize ¢, from a pre-trained
full-token VLN model and jointly fine-tune the pruning
modules and the VLN policy head. The pruning thresholds
(for both spatial- and temporal-level pruning) are treated as
hyperparameters and updated periodically to balance token
reduction and task performance. The detailed procedures of
the proposed method are presented in Algorithm 1.

0,(1:)13, (6)



Algorithm 1: Algorithm for the proposed STEP-Nav

Require: Instruction C' = {cy,. .., ¢ }; Observations O =
{117[27 s >It}
Ensure: Next action a1
1: Initialize empty sequence of pruned frame embeddings:
F pruned ~ @
2: Tokenize I; into patches T3 = {p1,...,pn}
3: for all token p; € T} do
4:  Compute attention score Yeontent(P;5)
5:  Compute depth score Yaistance (D)
6: v = P)/Contenl(pj) + (]- - a) ' 'Vdistance(pj)
7: end for
8: Select top-K tokens TP C T,

9: Compute embedding f; + go(TP™™)
10: Compute similarity Sim(f, f:—1)
11: if Sll’n(ft7 ft—l) < 7 then
12: -Fpruned — fpruned U {ft}
13: end if
14: Compute pruned feature representation founed <
Concat( Fiered)
15: Compute full-token feature fr < go, (O)
16: Compute loss: Etotal = Enav (fpruned) +>\ H fpruned - ffull ”%
17: Backpropagate and update 6,
18: Predict next action a;1
19: return a;41

Meanwhile, for the training configuration, including data
sampling and optimization, we follow the strategy intro-
duced in Navid-CE. To address the limited diversity and re-
alism of available simulation data, Navid-CE adopts a train-
ing scheme that augments learning with non-oracle trajec-
tories collected through a DAgger-style rollout (Ross, Gor-
don, and Bagnell 2011). The agent is first trained on oracle
navigation trajectories collected from 61 MP3D scenes, af-
ter which additional non-oracle trajectories are generated by
deploying the trained agent in VLN-CE environments. The
oracle and non-oracle datasets are then combined for final
training.

Experimental Results
Experiment Setup

To evaluate the effectiveness of the proposed pruning
method, STEP-Nav, we conduct experiments in both sim-
ulated environments and real-world onboard settings using
data collected in-house. To comprehensively assess VLN
performance, we examine both graph-structured environ-
ments in the MP3D simulator (Chang et al. 2017) and
continuous environments (Krantz et al. 2020) in the Habi-
tat simulator (Savva et al. 2019). For these settings, we
adopt various baseline models, including Navid-CE (Zhang
et al. 2024b) for continuous environments and NavGPT-
2 (Zhou et al. 2024) for graph-structured environments.
To further validate the generalizability of STEP-Nav, we
evaluate its performance across multiple datasets, including
R2R (Krantz et al. 2020) and RxR (Ku et al. 2020). The full
details of the experimental setup are provided in the follow-

ing sections.

Simulated environments. Our experiments are con-
ducted on the VLN benchmarks, which offer photorealistic
indoor environments for fine-grained navigation tasks. It is
important to note that the MP3D simulator and the Habi-
tat simulator differ in their action spaces: MP3D provides
graph-structured, high-level actions in a discrete space,
whereas Habitat supports low-level control actions in a con-
tinuous space. We evaluate our pruning method under both
settings to ensure a comprehensive assessment. Within this
framework, we focus on two widely used datasets: R2R and
RxR, both implemented in the simulators. To ensure a fair
evaluation, all models are trained on the R2R training set,
which consists of 10,819 trajectories, and evaluated on the
R2R val-unseen split, containing 1,839 trajectories, and the
RxR val-unseen split, containing 1,517 trajectories.

Real-world environments. To evaluate the real-world
performance of our STEP-Nav, we follow the experimen-
tal protocol described in and design a comprehensive evalu-
ation encompassing diverse indoor environments and vary-
ing levels of instruction complexity. Experiments are con-
ducted across diverse indoor environments, including a bed-
room, meeting room, and office corridor, using the Scout-
Mini! platform equipped with an Azure Kinect DK camera
for capturing synchronized RGB and depth data. For base-
line methods that require odometry, the Scout-Mini’s inte-
grated Ouster OSO LiDAR module is employed. Additional
implementation details can be found in the supplementary
material.

Metrics. We employ commonly adopted evaluation met-
rics for simulated and real-world settings, following general
practices in navigation research (Zhang et al. 2024b; Zhou,
Hong, and Wu 2024; Zhou et al. 2024; Krantz et al. 2020;
Anderson et al. 2018a). For simulated environments, metrics
include the success rate (SR), oracle success rate (OS), suc-
cess rate weighted by path efficiency (SPL), total trajectory
length (TL), and the navigation error to the goal (NE). Note
that the sparsity reported in the table indicates the percentage
of tokens pruned relative to the original number of tokens.
For real-world experiments, we assess performance using
only SR and NE, in alignment with the evaluation setup de-
scribed in Navid-CE.

Baselines Models To assess the effectiveness and gener-
alizability of STEP-Nav, we integrate it into two represen-
tative LLM-based VLN models: Navid-CE and NavGPT-
2. Navid-CE is a video-based LVLM that leverages a pre-
trained vision encoder for visual perception and a LLM
for reasoning over navigation actions. In contrast, NavGPT-
2 is a LLM-based model, that aims to bridge the gap
between traditional VLN-specific architectures and LLM-
based navigation frameworks. It retains the interpretability
of LLMs while aligning visual inputs within a frozen lan-
guage model, enabling effective integration of visual under-
standing and policy learning for action prediction and nav-
igational reasoning. Specifically, since NavGPT-2 supports
multiple LLM backbones to explore their capabilities, we

'Scout-Mini overview: https://global.agilex.ai/products/scout-
mini.



Navid-CE (Zhang et al. 2024b)

Sparsity 66.7% 77.8% 88.9%
Metric TL NE, OSt SRt SPLt TL NE| OS?T SRt SPLt TL NE|, OSt SRt SPL{
100% Tokens 7.63 547 49.1 374 359 - - - - - - - - - -
Random 9.71 1081 253 139 101 1127 921 178 9.3 7.1 1453 1021 92 0.0 0.0
ToMe 837 698 447 340 329 874 759 408 31.1 272 934 789 368 283 259
VisionZip 812 637 471 356 346 881 682 467 357 339 953 8.13 452 326 329
STEP-Nav (Ours) 7.68 567 479 364 353 781 582 474 363 347 792 672 462 349 332
NavGPT—ZFlanTS_XL (15B) (ZhOll et al. 2024)
Sparsity 66.7% 77.8% 88.9%
Metric TL NE| OSt SRt SPLt TL NEJ OSt SRt SPLt TL NE| OSt SRt SPLt
100% Tokens 12.81 333 785 699 589 - - - - - - - - - -
Random 1459 436 592 526 442 1434 544 562 394 305 1477 6.05 377 255 175
ToMe 1452 407 71.8 63.6 534 1474 452 66.1 580 453 1491 556 592 526 449
VisionZip 1332 377 754 67.1 565 13,57 392 746 665 557 1391 436 721 642 549
STEP-Nav (Ours) 1291 342 767 683 577 13.14 357 761 676 569 1371 392 739 656 555

Table 1: Comparing performance on VLN-CE R2R Val-Unseen for Navid-CE and VLN R2R Val-Unseen for NavGPT-2gn1s.x1
(1.5B). We list the models pruned by different approaches within 66.7%, 77.8% and 88.9% token pruning ratios.

evaluate our method using both NavGPT-2gj, s5.x1 (1.5B)
and NavGPT-2p1s.xxL (9B). This setup allows us to fur-
ther demonstrate the generalizability of our approach across
various LLMs scales. Detailed results are presented in the
following section.

Baselines Pruning Methods The “random” baseline fol-
lows the approach described in (Yao et al. 2022), where
prompt tokens are randomly pruned prior to being processed
by the LLM. To provide a more comprehensive comparison,
we also evaluate additional pruning strategies that perform
token selection and compression at the vision encoder stage.
Token Merging (ToMe) (Bolya et al. 2022) is a lightweight
method designed to improve the throughput of ViT mod-
els without additional training. It iteratively merges visu-
ally similar tokens within the transformer using an efficient
matching algorithm, offering pruning-level speed while gen-
erally achieving higher accuracy. VisionZip (Yang et al.
2025) adopts a two-step procedure: it first identifies tokens
with strong attention responses and then merges them ac-
cording to their similarity, preserving both salient and con-
textually informative tokens. Both approaches effectively re-
duce the number of tokens passed to the LLM, significantly
lowering computational cost while maintaining competitive
performance.

Comparison on Simulated Environment

VLN R2R Results. To evaluate the overall performance
of our proposed method, STEP-Nav, we first conduct ex-
periments on the widely adopted VLN-CE R2R val-unseen
benchmark dataset. Specifically, all models are trained on
the R2R training split, following the settings established in
Navid-CE. We implement Navid-CE as the baseline model
to compare navigation performance before and after apply-
ing STEP-Nav. Compared to the original, unpruned Navid-
CE model, our method retains over 95% of the perfor-
mance while reducing 66.7% of the input tokens, as mea-
sured by SPL, NE, OS, and SR. This results in a substan-
tial improvement in computational efficiency. For the to-
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ken pruning baseline ToMe, which is evaluated under the
same experimental settings, our method achieves substan-
tial performance gains on the Navid-CE baseline, increasing
the OS from 36.8% to 46.2% and the SPL from 25.9% to
33.2%, with a token pruning ratio of 88.9%. Furthermore,
our approach outperforms the current state-of-the-art prun-
ing method VisionZip by 0.3% in SPL and 2.5% in SR, also
at a token pruning ratio of 88.9%. To further validate the ef-
ficiency of STEP-Nav across different model architectures,
we also conduct R2R experiments using NavGPT-2 (Zhou
et al. 2024). Consistent with the results observed in Navid-
CE, STEP-Nav maintains high performance while signifi-
cantly reducing the number of input tokens, as shown in Ta-
ble 1. These results highlight the effectiveness of STEP-Nav,
demonstrating its ability to maintain high navigation accu-
racy while aggressively reducing token input.

VLN RxR Results. To assess the cross-dataset general-
ization of the pruned models, we follow the training settings
of Navid-CE, where models are trained on R2R trajectory-
instruction pairs and evaluated in a zero-shot setting on the
RxR val-unseen split. The RxR dataset features more de-
tailed instructions and longer navigation trajectories, often
referencing diverse and context-rich visual landmarks. This
increased linguistic and visual complexity makes it well-
suited for assessing the generalization capabilities of nav-
igation models. As shown in Table 2, STEP-Nav not only
maintains high computational efficiency but also achieves
substantial performance gains over existing methods across
multiple metrics, including NE, OS, SR, and SPL. These
findings highlight the generalization strength of our prun-
ing strategy, demonstrating its effectiveness in accelerating
inference within LLM-based VLN frameworks through effi-
cient token reduction.

Comparison with Different LLM Scales. To assess the
efficiency of the proposed pruning method STEP-Nav, we
evaluate its performance across language models of vary-
ing scales. Specifically, we build upon the NavGPT-2 frame-
work, applying a fixed token pruning ratio of 85%. NavGPT-



Baseline Model Navid-CE (Zhang et al. 2024b)

Sparsity 66.7% 77.8% 88.9%

Metric TL NEJ OStT SRt SPLt TL NE| OSt SRt SPLtT TL NE] OStT SRt SPLT
100% Tokens 10.59 841 345 238 212 - - - - - - - - - -
Random 1251 989 252 153 11.7 1259 973 21.1 132 7.2 1289 10.03 154 6.2 43
ToMe 11.01 889 30.0 20.7 184 11.33 9.08 277 194 174 1147 931 255 174 155
VisionZip 10.65 843 335 232 205 1095 878 328 227 199 1132 9.1 316 21.8 193
STEP-Nav (Ours) 10.67 8.45 338 233 20.8 10.81 8.63 332 228 203 11.01 877 327 224 200

Table 2: Comparing performance on VLN-CE RxR Val-Unseen. We list the models pruned by different approaches within
66.7%, 77.8% and 88.9% token pruning ratios. The baseline model is Navid-CE.

Metric TL NE| OSt SRT SPL?T
NavGPT-2gjnrs.xt, (1.5B) | 12.81 333 785 699 589
Random 1468 580 442 327 234
ToMe 1480 505 633 542 447
VisionZip 1376 419 732 645 551
STEP-Nav (Ours) 1352 371 749 663 56.0
NavGPT-2ganrs.xxt, (5B) | 14.04 298 839 738 61.1
Random 1553 537 482 365 264
ToMe 1490 498 69.7 579 476
VisionZip 1426 427 781 70.1 59.1
STEP-Nav (Ours) 1409 344 797 69.6 584

Table 3: Comparison of model performance across differ-
ent LLM scales, including NavGPT-2gj,s.xr. (1.5B) and
NavGPT-2pnrs.xx. (9B), on the R2R val-unseen split.
Models pruned using different approaches with an 85% to-
ken pruning ratio are evaluated.

2, which is based on InstructBLIP (Dai et al. 2023), sup-
ports multiple variants of LLMs, making it suitable for eval-
uating our approach across different model scales. We se-
lect two representative configurations: NavGPT-2pjnrs.x1
(1.5B) and NavGPT-2pja15.xxL (5B), using LLMs FlanT5-
XL (3B) and FlanT5-XXL (11B), respectively. All mod-
els utilize the same vision encoder (ViT-g/14 (Fang et al.
2023)), and both the vision encoder and LLM components
remain frozen throughout training. As shown in Table 3,
STEP-Nav achieves SOTA performance, surpassing existing
pruning methods and demonstrating consistent effectiveness
across LLMs of varying scales. Specifically, our method
achieves notable performance improvements, retaining a SR
of 66.3% (original: 69.9%) and a SPL of 56.0% (original:
58.9%) for the 1.5B model. For the 5B model, it retains an
SR of 69.6% (original: 73%) and an SPL of 58.4% (original:
61.1%), surpassing the performance of the current state-of-
the-art method, VisionZip.

Comparison on Real-world Environment

To further evaluate the generalizability of the proposed
method in more challenging scenarios, we conduct exten-
sive experiments in real-world environments. In this setting,
we use Navid-CE as the baseline with a token pruning ratio
of 77.8% and evaluate performance across three challeng-
ing indoor environments: a meeting room, a bedroom, and
an office corridor. As shown in Table 4, our method retains
over 95% of the original performance while pruning 77.8%
of the tokens, demonstrating that it effectively preserves the
sim-to-real transfer capability of the models.
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Meeting Room  Bedroom  Office Corridor
Method SRt NEJ SRt NE| SRt NE|
Navid-CE 84% 1.43 73% 2.10 95% 0.89
Random 52% 3.25 38% 357 S51% 2.04
ToMe 69% 2.83 60% 244 T8% 1.97
VisionZip 78% 1.79 67% 235 84% 1.18
STEP-Nav (Ours) 80% 1.64 69% 207 91% 0.99

Table 4: Comparison of model performance across three di-
verse real-world environments (Meeting Room, Bedroom,
and Office Corridor). Models pruned using different ap-
proaches at a 77.8% token pruning ratio are evaluated. The
baseline model is Navid-CE, and the metrics reported are SR
and NE, which are standard metrics for VLN.

Discussion and Conclusion

In this paper, we explore computational cost reduction in
LLM-based VLN models, which, while offering strong gen-
eralization capabilities through LL.Ms, introduce substantial
computational overhead. A spatial-temporal efficient visual
token pruning framework STEP-Nav is introduced to ad-
dress redundancy in these models. Specifically, STEP-Nav
independently evaluates token redundancy at both the spatial
and temporal levels, effectively reduces redundant tokens,
and introduces a fine-tuning strategy to preserve overall
model performance. Through extensive evaluations, STEP-
Nav preserves over 95% of the original performance while
reducing 66.7% of the input tokens. This substantial re-
duction significantly enhances computational efficiency and
outperforms the established baselines on VLN-CE tasks.

In future work, we plan to extend STEP-Nav by address-
ing the textual branch to further improve its efficiency. For
instance, consider the instruction: “Walk through the door-
way towards the tub, turn left and walk towards the bar,
right before the bar turn left, walk up the stairs and walk
through the first door on the right, stop right before the ta-
ble.” Such instructions often contain substantial contextual
information, including both relevant objects and positional
descriptions as well as redundant action details. Addition-
ally, once agents have passed the objects mentioned in the
instruction, tokens referring to those objects could also be
pruned, leading to further gains in both performance and ef-
ficiency. Therefore, we aim to explore the relationship be-
tween textual and visual inputs to design a more effective
token selection strategy for VLN tasks in future work.
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