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Abstract: Vision-and-Language Navigation (VLN) in real-world settings requires
agents to process continuous visual streams and generate actions with low latency
grounded in language instructions. While Video-based Large Language Mod-
els (Video-LLMs) have driven recent progress, current VLN methods based on
Video-LLM often face trade-offs among fine-grained visual understanding, long-
term context modeling and computational efficiency. We introduce StreamVLN, a
streaming VLN framework that employs a hybrid slow-fast context modeling strat-
egy to support multi-modal reasoning over interleaved vision, language and action
inputs. The fast-streaming dialogue context facilitates responsive action generation
through a sliding-window of active dialogues, while the slow-updating memory
context compresses historical visual states using a 3D-aware token pruning strategy.
With this slow-fast design, StreamVLN achieves coherent multi-turn dialogue
through efficient KV cache reuse, supporting long video streams with bounded
context size and inference cost. Experiments on VLN-CE benchmarks demonstrate
state-of-the-art performance with stable low latency, ensuring robustness and effi-
ciency in real-world deployment. The project page is: https://streamvln.github.io/.

Keywords: Visual-and-Language Navigation, Visual-Language-Action Model

1 Introduction
Vision-and-Language Navigation (VLN) in continuous real-world environments is a critical task in
embodied AI, where an agent must ground linguistic cues in visual observations and plan actionable
trajectories. However, achieving robust VLN remains challenging due to the need for fine-grained
multimodal alignment, long-term sequence reasoning, and generalization to unseen environments.
Recent advances in Video MultiModal Large Language Models [1, 2], (Video-LLMs) offer new
capabilities for VLN systems. Several research efforts [3, 4, 5] have extended Video-LLMs to
vision-language-action models (VLA) for navigation, which integrate visual observation encoding,
language understanding, and action prediction in a unified end-to-end framework.

For real-world navigation, VLA models must process continuously incoming video streams, where
maintaining long-term context and real-time responsiveness are both crucial. This poses challenges
for current Video-LLMs in managing linearly growing visual tokens. Some methods [5, 6] address this
by sampling a fixed number of video frames, but the limited temporal resolution may fail to accurately
predict low-level actions when fine-grained temporal changes are needed. Other methods [3, 4]
compress vision tokens into sparse memory tokens via pooling or token merging, which helps control
the token volume but sacrificing temporal and visual details. Furthermore, these methods typically
require refreshing the LLM’s dialogue context at every action step. This leads to significant redundant
computation during both training and inference, hindering data scalability and real-world deployment.
∗Equal contribution.
†Project lead.
‡Corresponding authors.
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In this paper, we propose StreamVLN, a novel streaming vision-and-language navigation framework
for low-latency action generation. We extend the Video-LLM into an interleaved vision-language-
action model, enabling continuous interaction with a video stream through multi-turn dialogue. To ad-
dress the challenges of long-horizon context management and computational efficiency, StreamVLN
introduces a hybrid strategy that combines a fast-streaming dialogue context and a slow-updating
memory context. Specifically, it employs a sliding-window mechanism to cache the key/value
states (KV) of tokens over a fixed number of dialogue turns for highly responsive action decoding.
Meanwhile, it leverages the visual context from past windows as memory to enhance long-term
temporal reasoning. To control memory growth, StreamVLN applies temporal sampling along with a
test-time token pruning strategy that discards redundant tokens based on their 3D spatial proximity.
This pruning approach can be performed without altering previously computed tokens, supporting
efficient reuse of offloaded KV caches to achieve a stable decoding speed throughout navigation.

In summary, StreamVLN offers an efficient and scalable solution to suit the continuous interaction
requirements of real-time navigation. Its slow-fast context modeling design enables the model trained
on short clips (e.g., 16 frames), to work effectively on long video streams, without incurring context
length growth or compromising inference latency. Experiments on existing VLN-CE benchmarks
shows that StreamVLN achieves superior performance while maintaining low latency.

2 Related Work

Vision-and-Language Navigation (VLN). This task requires an agent to follow language instructions
while perceiving and acting in environments. Early progress mainly focused on discrete settings,
where agents navigate by “teleporting” between predefined nodes of a discrete scene graph [7, 8, 9, 10,
11, 12]. This formulation emphasizes high-level decision-making but ignores the challenges of real-
world navigation. More recent work [13, 14, 15, 16, 17] has focused on continuous environments [18],
where agents must perform low-level actions in realistic simulators. To address the increased
complexity, some methods incorporate a waypoint predictor [16, 19, 20] pretrained in simulators to
propose candidate positions, which are then used to guide high-level navigation decisions. Although
these approaches have achieved strong performance, the waypoint predictors typically rely heavily
on the training scenes and exhibit limited generalization to unseen scenes. Therefore, more flexible
and scalable navigation frameworks is needed to generalize better to long-horizon, real-world setting.

Navigation with Multi-Modal Large Language Models (MLLMs). Recent advancements in
MLLMs have opened new possibilities for VLN by enabling agents to interpret and reason over
natural language instructions in a more generalizable way. Some methods [12, 21, 22, 23] directly
use LLMs as planner in a training-free manner within a modular framework. But there’s still a
performance gap compared to task-specific models. Other lines of work [3, 4, 5, 6] further fine-tune
Video-based LLMs [2, 24, 1] to better capture spatial-temporal information and generate low-level
actions in an end-to-end manner, but often face challenges in balancing computational efficiency
and long-horizon memory retention. StreamVLN aims to better accommodate streaming video input
by introducing an efficient and scalable framework that supports action generation with coherent
multi-turn reasoning with low-latency response and bounded memory usage.

3 Method

StreamVLN generates action outputs from continuous video input in an online, multi-turn dialogue
manner. Built on LLaVA-Video [2] as the foundational Video-LLM, we extend it for interleaved
vision, language, and action modeling. The overall framework of StreamVLN is shown in Figure 1.
We briefly introduce the autoregressive generation in continuous multi-turn dialogues for a streaming
VLN process (Section 3.1). For both effective context modeling of long sequence and efficient
computation for real-time interaction, StreamVLN has: (1) a fast-streaming dialogue context with
a sliding-window KV cache (Section 3.2); and (2) a slow-updating memory via token pruning
(Section 3.3). Finally, we describe how we curate the navigation data and incorporate diverse
multimodal data for multi-task training (Section 3.4).
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Figure 1: Framework of StreamVLN. The input consists of a language instruction and a stream of
RGB images. Each navigation episode is framed as a multi-turn dialogue, where the agent continually
queries for the next actions. To support long-horizon reasoning while maintaining a manageable
context size and low latency, we adopt a fixed-size sliding window to retain recent dialogue history.
The context in inactive windows is updated by token pruning to to reduce memory overhead.

3.1 Preliminary: Continuous Multi-Turn Autoregressive Generation

A multi-turn dialogue session for VLN consists of a sequence of interleaved observations and actions.
In each dialogue di = (oi, ai), the VLN model receives a new observation oi and produces an
action response ai conditioned on both the current input and the dialogue history. The full input
sequence at step i is constructed as: o1a1o2a2...oi−1ai−1. In this streaming setting, new tokens from
oi are appended to the token stream continuously. The response ai is generated token-by-token via
autoregressive decoding. For each dialogue turn, Transformer-based LLMs first perform a prefill
phase to encode input tokens, caching their key/value (KV) states in attention layers. These cached
KV pairs are then used in the decoding phase to generate new tokens. If we don’t use KV cache
across turns, the model will repeat this prefilling process of all previous tokens for a new dialogue.

3.2 Fast-Streaming Dialogue Context

While multi-turn KV cache reuse can eliminate over 99% of prefilling time, it introduces substantial
memory overhead. As the number of dialogues increases, the KV cache grows linearly (e.g., 2K
tokens can consume around 5GB of memory), making long sessions impractical. In addition, existing
Video-LLMs tend to exhibit degraded reasoning performance when processing overly long contexts.

To manage dialogue context, we adopt a sliding window KV cache over continuous dialogues, re-
taining a fixed number N of recent dialogues in an active window: Wj = [o(i−N+1)a(i−N+1)...oiai]
When the window reaches capacity, the key/value states are offloaded from the LLM, and the states of
non-observation dialogue tokens, such as prompts and generated actions, are immediately discarded.
For the new sliding window, the token states from past windows are processed into memory token
states {M0, . . . , Mj} (as detailed in Section 3.3). Formally, for the latest observation oi, the decoder
generates ai based on the cached token states and the current window’s KV cache:

a
Wj+1

i = Decoder
�
oi, {M0, . . . , Mj}, {k(i−N+1)v(i−N+1), . . . , k(i−1)v(i−1)}

�
.
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3.3 Slow-Updating Memory Context

Balancing temporal resolution and fine-grained spatial perception within a limited context length
remains a key challenge for Video-LLMs. Rather than compressing video tokens at the feature level
(e.g., through average pooling), which hinders the reuse of the KV cache from previous dialogues, we
retain high image resolution while selectively discarding spatially and temporally redundant tokens.
We find that this approach better preserves the transferability of Video-LLMs.

Algorithm 1 Voxel-Based Spatial Pruning

1: Voxel map V ∈ ZT×H×W , stride K, threshold θ
2: Pruning Mask M ∈ {0, 1}T×H×W

3: Initialize M ← 0, map latest ← ∅
4: for each token (t, x, y) with Vt,x,y ≥ 0 do
5: p ← ⌊t/K⌋, v ← Vt,x,y

6: if (p, v) not in latest or t is newer then
7: latest[(p, v)] ← (t, x, y)
8: end if
9: end for

10: Set Mt,x,y ← 1 for all (t, x, y) ∈ latest
11: For each t, if

P
x,y Mt,x,y < θ · H · W , set Mt,:,: ← 0

12: return M

To reduce the temporal redundancy,
we adopt a simple fixed-number sam-
pling strategy following [5], as vary-
ing lengths of memory tokens may in-
duce a temporal duration bias, reduce
the model’s robustness across differ-
ent planning horizons. To further
eliminate spatial redundancy across
frames, we design a voxel-based spa-
tial pruning strategy. Specifically, we
back-project the 2D image patches
from the video stream into a shared
3D space using depth information. By
discretizing this 3D space into uni-
form voxels, we can track the voxel indices of the patch tokens over time. If multiple tokens
from different frames within a given duration are projected into the same voxel, only the token from
the most recent observation is retained, as detailed in Algorithm 1. The voxel pruning mask M is
then used to select the preserved token states.

3.4 Co-Training with Multi-Source Data.

VLA
67%

General 
Multi-modal

33%VQA
17%

DAgger
16%

MP3D
31%

HM3D
20%

MMC4
16%

Figure 2: Co-Training Data Recipe
of StreamVLN

Vision-Language Action Data. We collect navigation-specific
training data using the Habitat simulator across multiple pub-
lic VLN datasets. Specifically, we collect 450K samples
(video clips) from 60 Matterport3D [25] (MP3D) environments,
sourced from R2R [7], R2R-EnvDrop [26] and RxR [8]. To
further improve generalization through increased scene diver-
sity, we incorporate an additional 300K samples from a subset
of ScaleVLN [19], spanning 700 Habitat Matterport3D [27]
(HM3D) scenes. In addition, we adopt the DAgger [28] algo-
rithm to enhance the model’s robustness and generalization abil-
ity in novel scenes and during error recovery. Using Habitat’s
shortest-path follower as the expert policy, we collect corrective
demonstrations on model rollouts after the initial training stage.
These DAgger-collected samples (240K) are then incorporated
into the training set for co-training.

General Vision-Language Data. To retain the general reasoning capabilities of the pretrained
Video-LLM, we incorporate a diverse set of multimodal training data that complements navigation
supervision. Specifically, we include 248K video-based visual question-answering (VQA) samples
sourced from publicly available datasets LLaVA-Video-178K [29] and ScanQA [30], which combine
general video QA with 3D scene understanding to support spatial-temporal and geometric reasoning.
To further augment the model’s capacity for multi-turn vision-language interactions, we incorporate
230K interleaved image-text samples from MMC4 [31], which strengthens its ability to parse and
generate contextually coherent responses with interleaved visual and textual reasoning.
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4 Experiments
4.1 Experimental Setup

Simulation Benchmark Setup. We evaluate our method on two public VLN-CE [18] benchmarks
collected from Matterport3D scenes using the Habitat simulator: R2R-CE [7] and RxR-CE [8].
R2R-CE provides 5.6K English trajectories with an average length of 10 meters, while RxR-CE
includes 126K multilingual instructions (English, Hindi, Telugu) and features longer, more diverse
paths (avg.15 meters). The camera HFOVs are 79° for R2R-CE and RxR-CE. Both benchmarks
require realistic indoor navigation under continuous control. As our goal is to assess the generalization
ability, we focus on the validation unseen splits of both benchmarks We report standard VLN metrics,
including Navigation Error (NE), Success Rate (SR), Oracle Success Rate (OS), and Success weighted
by Path Length (SPL), following prior works.

Real-World Evaluation Setup. We perform real world experiments based on a Unitree Go2 robotic
dog. The robot is equipped with a upward facing camera (Intel® RealSense™ D455) for RGB-D
observations. We deploy StreamVLN on a remote workstation with an RTX 4090 GPU. The Go2
robot continuously streams visual data to the 4090 server for inference, which returns executable
action commands to the robot. The averge inference (0.27s for 4 actions) and communication (0.2s
for indoor and 1.0s for outdoor environments) latency enable real-time physical deployment.

4.2 Implementation Details

We build StreamVLN based on the LLaVA-Video [2] 7B model, which uses Qwen2-7B [32] as the
language model. Training is conducted in two stages. First, we fine-tune it for one epoch solely on
oracle VLN trajectories. Then, we use the model to collect DAgger trajectories and continue training
for an additional epoch with a mixture of VLN and general multimodal data. During the warm-up
phase, we apply a peak learning rate of 2e-5 for the language model and 5e-6 for the vision encoder.
Each training step processes 128 video clips. Training completes in around 1500 A100 GPU hours.

Method Observation Encoder R2R Val-Unseen RxR Val-Unseen

Pano. Odo. Depth S.RGB NE↓ OS↑ SR↑ SPL↑ NE↓ SR↑ SPL↑ nDTW↑
HPN+DN∗ [33] ✓ ✓ ✓ 6.31 40.0 36.0 34.0 - - - -
CMA∗ [34] ✓ ✓ ✓ 6.20 52.0 41.0 36.0 8.76 26.5 22.1 47.0
VLN⟳ BERT∗ [34] ✓ ✓ ✓ 5.74 53.0 44.0 39.0 8.98 27.0 22.6 46.7
Sim2Sim∗ [35] ✓ ✓ ✓ 6.07 52.0 43.0 36.0 - - - -
GridMM∗ [36] ✓ ✓ ✓ 5.11 61.0 49.0 41.0 - - - -
ETPNav∗ [16] ✓ ✓ ✓ 4.71 65.0 57.0 49.0 5.64 54.7 44.8 61.9
ScaleVLN∗ [19] ✓ ✓ ✓ 4.80 – 55.0 51.0 - - - -

InstructNav [23] - - - - 6.89 – 31.0 24.0 - - - -
AG-CMTP [37] ✓ ✓ ✓ 7.90 39.2 23.1 19.1 - - - -
R2R-CMTP [37] ✓ ✓ ✓ 7.90 38.0 26.4 22.7 - - - -
LAW [13] ✓ ✓ ✓ 6.83 44.0 35.0 31.0 10.90 8.0 8.0 38.0
CM2 [14] ✓ ✓ ✓ 7.02 41.5 34.3 27.6 - - - -
WS-MGMap [15] ✓ ✓ ✓ 6.28 47.6 38.9 34.3 - - - -
ETPNav + FF [38] ✓ ✓ ✓ 5.95 55.8 44.9 30.4 8.79 25.5 18.1 -
Seq2Seq [39] ✓ ✓ 7.77 37.0 25.0 22.0 12.10 13.9 11.9 30.8
CMA [39] ✓ ✓ 7.37 40.0 32.0 30.0 - - - -

NaVid [3] ✓ 5.47 49.1 37.4 35.9 - - - -
MapNav [6] ✓ 4.93 53.0 39.7 37.2 - - - -
NaVILA [5] ✓ 5.37 57.6 49.7 45.5 - - - -
StreamVLN ✓ 5.43 62.5 52.8 47.2 6.72 48.6 42.5 60.2

NaVILA† [5] ✓ 5.22 62.5 54.0 49.0 6.77 49.3 44.0 58.8
UniNaVid† [4] ✓ 5.58 53.3 47.0 42.7 6.24 48.7 40.9 -
StreamVLN† ✓ 4.98 64.2 56.9 51.9 6.22 52.9 46.0 61.9

Table 1: Comparison with state-of-the-art methods on VLN-CE R2R and RxR Val-Unseen split.
∗ indicates methods using the waypoint predictor from [34]. † denotes methods using additional
training data beyond the R2R-CE and RxR-CE benchmarks.
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Method ScanQA
Bleu-4 ↑ Rouge ↑ Meteor ↑ Cider ↑ EM ↑

ScanRefer [40] 7.9 30.0 55.4 11.5 18.6
ScanQA [30] 10.1 33.3 64.9 13.1 21.0
3D-VisTA [41] 10.4 35.7 69.6 13.9 22.4

3D-LLM* [42] 12.0 35.7 69.4 14.5 20.5
LEO [43] 13.2 49.2 101.4 20.0 24.5
ChatScene* [44] 14.0 - 87.6 - -
Scene-LLM* [45] 12.0 40.0 80.0 16.6 27.2

NaviLLM [46] 12.0 38.4 75.9 15.4 23.0
NaVILA (16 frames) [5] 15.2 48.3 99.8 19.6 27.4
StreamVLN (16 frames) 15.7 48.3 100.2 19.8 28.8

Table 2: Comparison on ScanQA [30] Val set. ∗ indicates 3D LLMs with task-specific fine-tuning.

4.3 Comparisons with State-of-the-Arts
Results on VLN-CE benchmark. Table 1 summarizes the performance of our method on the
VLN-CE R2R and RxR benchmarks under the Val-Unseen setting, compared with existing VLN-CE
methods. Our StreamVLN model achieves state-of-the-art performance among RGB-only methods
both without and with extra navigation datasets, reaching 56.9% SR and 51.9% SPL on R2R, and
52.9% SR and 46.0% SPL on RxR. These results highlight the generality and robustness of our
approach across both standard and long-horizon navigation tasks. Notably, StreamVLN performs
comparably to ETPNav [16], despite not relying on additional panoramic or waypoint supervision.
Furthermore, compared to HMAT trained on the large-scale ScaleVLN dataset with 3 million
trajectories, StreamVLN surpasses it using only a small subset of ScaleVLN (150k trajectories),
demonstrating superior data efficiency.

Results on Video Question Answering. To evaluate StreamVLN’s spatial scene understanding
capabilities, we conduct experiments on the widely-used ScanQA benchmark for 3D question
answering based on real-world scans. StreamVLN answers questions by analyzing 16 multi-view
images from each scan. As shown in Table 2, StreamVLN outperforms state-of-the-art generalist
navigation models such as NaviLLM [46] and NaVILA [5]. As shown in Figure 3, we observe that
the strong VQA capabilities contribute to better generalization to novel navigation instructions. Real-
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Figure 3: StreamVLN transfers visual reasoning ability to interpreting navigation instructions.

World Qualitative Results. We select several representative real-world settings—Workspace,
Mall, and Outdoor. Partial qualitative results are presented in Figure 4. To further assess its
robustness, we construct a more challenging task in the Workspace environment (first panel),
involving multiple landmarks and varying illumination. StreamVLN completes this difficult long-
horizon navigation successfully. Moreover, success cases in Mall and Outdoor environments
highlight StreamVLN’s strong generalization to novel scenes and tasks. Throughout all settings,
StreamVLN maintains efficient inference, supporting smooth real-world deployment. Please refer to
the demo video for full demonstrations https://streamvln.github.io/.
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Figure 4: Qualitative results of StreamVLN in several representative real-world environments.
From top to bottom are Home, Workspace, Mall and Outdoor. StreamVLN achieves robust
performance across diverse VLN scenarios, capable of accurately following complex instructions
with various landmarks (marked as red) and handling real-world disturbances.

R2R RxR DAgger VL Data ScaleVLN(150K) NE↓ OS↑ SR↑ SPL↑

✓ ✓ 6.05 53.8 45.5 41.6
✓ ✓ ✓ VideoQA 5.47 57.8 50.8 45.7
✓ ✓ ✓ VideoQA+MMC4 5.43 62.5 52.8 47.2
✓ ✓ ✓ VideoQA+MMC4 ✓ 5.10 64.0 55.7 50.9
✓ ✓ VideoQA+MMC4 ✓ 5.73 56.4 50.2 47.1
✓ ✓ VideoQA+MMC4 ✓ 5.90 55.9 47.9 43.6

Table 3: Ablation study of different training data compositions on VLN-CE R2R Val-Unseen split.

4.4 Ablation Studies

Data Ablation. Table 3 presents an ablation study on different training data compositions. All
results are reported without using voxel-based spatial pruning. The first row shows the first-stage
performance when training with only oracle navigation data. After collecting DAgger data, we
co-train oracle data, DAgger data, and vision-language (VL) data. In the second row, we use only
VideoQA data as VL data. While the third row mixes VideoQA and MMC4 (M) data in an interleaved
image-text format. For a fair comparison, the total number of VL Data is kept the same. We
can observe that the second-stage co-training brings significant gains (+5.3 SR / +4.1 SPL) and
incorporating MMC4 further improves performance (+2.0 SR / +1.5 SPL). Comparing the third and
fourth rows, we see that adding ScaleVLN data brings additional gains (+2.9 SR / +3.7 SPL). To
assess the importance of DAgger data, we remove it from the co-training data, as shown in the fifth
row. The results show that DAgger data plays a crucial role in boosting performance (+5.5 SR / +3.8
SPL). Furthermore, the last row highlights that incorporating RxR data yields notable performance
gains (+7.8 SR/ +7.3 SPL).
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Figure 5: Impact of KV cache reuse in
multiple turns. Sliding window size:8.

Memory Window NE↓ OS↑ SR↑ SPL↑

2*196 8 6.96 48.2 37.3 34.2
4*196 8 6.62 49.1 38.9 35.4
8*196 8 6.05 53.8 45.5 41.6

all 8 6.76 49.5 40.0 36.4
8*196 4 6.31 51.1 41.4 37.5
8*196 2 6.16 52.8 43.7 40.3

Table 4: Ablation on the impact of different memory
context sizes and sliding window sizes on VLN-CE R2R
Val-Unseen split.

Pruning R2R RxR

NE↓ OS↑ SR↑ SPL↑ NE↓ SR↑ SPL↑ nDTW↑
✗ 5.10 64.0 55.7 50.9 6.16 51.8 45.0 62.1

≈20% 4.98 64.2 56.9 51.9 6.22 52.9 46.0 61.9

Table 5: Ablation on voxel-based spatial pruning on R2R, RxR val-unseen split and HM3D val split.

Memory Context Size. We study the impact of the memory context size in the hybrid context
modeling strategy. As shown in Table 4 (results shown are from first-stage training using only oracle
VLN data), increasing the memory size from 2 ∗ 196 to 8 ∗ 196 while keeping the window size fixed
at 8 significantly improves navigation performance, with SR rising from 37.3 to 45.5. This indicates
the importance of fine-grained memory in supporting long-horizon reasoning. Notably, using the
entire visual context (all) as memory doesn’t yield the best results, suggesting that an overly long and
varied context token sequence may introduce bias in training and hinder generalization at test time.

Sliding Window Size. We also evaluate the effect of the number of dialogue turns retained in
the sliding window in Table 4. A smaller window size leads to more frequent shifts, resulting
in a significantly larger number of training samples. For example, a window size of 8 yields
approximately 450K samples, while sizes of 4 and 2 increase this to 815K and 1.5M respectively.
This growth not only raises the training cost linearly but also introduces greater class imbalance,
which may affect training stability. We find that retaining 8 continuous dialogue turns achieves the
best balance—delivering strong navigation performance while maintaining the lowest training cost.

Effectiveness of KV-Cache Reuse. We evaluate the impact of KV cache reuse on the decoding
latency under different settings. As shown in Figure 5, reusing the KV cache across all dialogue
turns (Full Turns) achieves consistently low latency, since only the current observation tokens require
prefill computation for generating the 8 action tokens. If the KV cache is maintained only within 8
turns (Sliding Window), the decoding latency will increase at the beginning of each sliding window
due to the need to prefill the previous window context tokens. Under the Single Turn setting, where
the KV cache is not reused across turns (as in prior work), decoding latency steadily increases with
the number of turns. Turns 0–8 incur lower latency since no historical context is included, while turns
8–16 and 16–24 has similar latency growth with a fixed memory size.

Effectiveness of Voxel-Based Spatial Pruning. Table 5 shows the effect of applying voxel-based
spatial pruning during inference across different tasks. We are able to reduce the number of input
tokens by approximately 20% on average across the three datasets, leading to more efficient encoding
of the scene information. Despite the reduction in input tokens, voxel pruning consistently improves
navigation performance. Specifically, we observe a +1.2% SR and +1.0% SPL gain on R2R, a
+1.1% SR and +1.0% SPL gain on RxR, which means proper token pruning can help model focus
on relevant tokens and thus improves performance.
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5 Conclusion
This paper presents StreamVLN, a new streaming vision-language-navigation framework based on
Video-LLMs. Compared to previous Video-LLM-based VLN methods that treat each interaction as
an independent dialogue and refresh history at every step, StreamVLN can reuse past key/value (KV)
states through a hybrid memory design. By maintaining a fast-updating sliding window for immediate
responsiveness and a slow-updating long-term memory for temporal reasoning, StreamVLN enables
efficient, coherent, and scalable action generation over long video streams. Empirical results on
standard VLN-CE benchmarks demonstrate that StreamVLN achieves superior performance with
lower latency, paving the way for real-time, memory-efficient, and long context-aware navigation.

6 Limitations

While StreamVLN enables efficient navigation through streaming dialogue with a multi-modal Video
LLM, it also faces several limitations. First, directly generating low-level actions from raw visual
observations remains less robust to variations in viewpoint and occlusion, potentially leading to
suboptimal control in real-world environments. Second, the current hybrid context modeling strategy
still encounters challenges in longer-horizon navigation scenarios, where maintaining consistent
reasoning over extended sequences is difficult. Third, the reliance on explicit action history as part of
the dialogue context introduces additional complexity for asynchronous inference and deployment,
as it requires synchronizing past actions to preserve dialogue coherence.
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StreamVLN: Streaming Vision-and-Language Navigation
via SlowFast Context Modeling

Supplementary Material

1 Navigation Instruction Design1

Interleaved Observation and Action Format. StreamVLN is an interleave-VLA framework, in2

which the system alternates between perceiving the environment and generating actions conditioned3

on those observations. As demonstrated in the example below, this interleaving of observations4

and actions ensures that the agent operates in a dynamic, responsive manner. Such a design is5

critical for simulating real-world decision-making, where an autonomous agent continuously receives6

environmental feedback and adapts its behavior in real time. Each interaction session consists of 87

dialogue turns, resulting in a total of 32 actions executed sequentially without interruption. When a8

session reaches the maximum number of turns, the observation states are recorded as <memory>. A9

historical prompt is inserted in all subsequent sessions after the first session.10

A session of multi-turn dialogue

User: You are an autonomous navigation assistant. Your task is to <Instruction>. Devise an
action sequence to follow the instruction using the four actions: TURN LEFT (←) or TURN
RIGHT (→) by 15 degrees, MOVE FORWARD (↑) by 25 centimeters, or STOP.
[These are your historical observations: <memory>.]
You can spot <image>.
Assistant: ↑↑↑↑
User: You can see <image>.
Assistant: ←←↑↑
User: There is <image>.
Assistant: →→→↑
User: You are toward the <image>.
Assistant: ↑↑ ←↑
User: You can see <image>.
Assistant: ↑↑ ←↑
User: In your sight is <image>.
Assistant: ↑↑↑↑
User: In front of you is <image>.
Assistant: ↑←←↑
User: Ahead of you is <image>.
Assistant: ↑←↑↑
...

11

Ablation Study on Action Tokens We conduct an ablation to assess how different action token12

designs impact navigation performance and inference efficiency. Since textual representations affect13

token count after tokenization, longer sequences increase latency and computational load. To analyze14

this trade-off, we compare our design with UniNaVid [4] and NaVILA [5]. UniNaVid uses a compact15

four-token vocabulary (STOP, FORWARD, LEFT, RIGHT), each mapped to a single token, while16

NaVILA employs natural language phrases like “move forward 25 cm,” resulting in about 10 tokens.17

StreamVLN also adopts a one-token-per-action design for efficiency, but uses rare symbols (↑←→)18

to reduce overfitting to common tokens in the vocabulary. We train StreamVLN’s first stage using19

each of the three action token schemes. As shown in Table A1, symbolic tokens (StreamVLN)20

slightly outperform UniNaVid’s textual tokens, but fall short of the performance achieved with21

NaVILA’s more expressive natural language commands. StreamVLN thus strikes a balance between22

expressiveness and token efficiency.23

1



Action Type Token Number Generate Time(s) R2R Val-Unseen
NE↓ OS↑ SR↑ SPL↑

forward/left/right/stop 4 0.27 6.25 52.2 44.4 41.0
move forward 25cm/turn left ... 23 1.00 5.74 55.4 47.2 42.9

↑←→stop 4 0.27 6.05 53.8 45.5 41.6

Table A1: Ablation on the impact of different action types on the VLN-CE R2R Val-Unseen split,
based on the first-stage training of StreamVLN. The token number denotes the number of generated
tokens across the four actions. The generation time refers to the time required for a single call to
model.generate() to produce the tokens for all four actions (including the system tokens such
as <im start>, <im end>, “assistant”).

Metric Method
GoW [47] ESC [48] PixelNav [49] VoroNav [50] Navid [3] MapNav [6] StreamVLN

SR ↑ 32.0 39.2 37.9 42.0 32.5 34.6 35.8
SPL ↑ 18.1 22.3 20.5 26.0 21.5 25.6 25.7

Table A2: Comparison with Zero-Shot ObjectNav methods on HM3D validation set.

2 Results on Zero-Shot Object Navigation24

We evaluate StreamVLN’s zero-shot generalization on the HM3D-ObjectNav validation set. When25

the model outputs the stop action at a location where the distance to the goal object is less than 126

meter and the target object is visible, success is achieved. As shown in Table A2, we compare against27

two types of methods: LLM-based reasoning methods (GoW [47], ESC [48], PixelNav [49], and28

VoroNav [50]) and end-to-end vision-language-action models (Navid [3], MapNav [6]). StreamVLN29

demonstrates cross-task and cross-dataset generalization without any ObjectNav-specific training.30

3 Voxel-based Spatial Pruning.31

At the end of each session, we uniformly sample a fixed number of frames (8) to store in memory.32

However, uniform sampling introduces temporal and spatial redundancy. To mitigate this, we apply a33

voxel-based pruning strategy at test time to reduce redundant memory tokens and improve efficiency.34

We observe that applying pruning during training hurts performance, likely due to reduced input35

diversity and information. As shown in Figure A1, voxel pruning is more aggressive early in36

navigation, removing spatially redundant tokens to compress memory, and becomes less aggressive37

over time, with memory updates relying more on temporal sampling.38

4 More Qualitative Results39

We present extensive qualitative results of StreamVLN in both real-world and simulated environments40

to further demonstrate its effectiveness and generalization ability. Specifically, in Figure A2 we41

showcase six additional successful navigation episodes across the Bedroom, Working Space,42

and Outdoor environments. These examples highlight the model’s ability to interpret instructions,43

reason over long-horizon trajectories, and adapt to diverse scene layouts and object configurations.44

Moreover, we observe that StreamVLN demonstrates notable discriminative capabilities in navigation,45

effectively distinguishing between various goals and adapting its decisions accordingly, as illustrated46

in the first case in Figure A2. In this example, the model not only correctly identifies the content47

depicted in the painting on the right through VQA dialogue, but also selects the appropriate goal48

location and successfully navigates toward it. Please refer to the corresponding demo video of these49

real-world qualitative results for more detailed visualizations and analysis. We also provide qualitative50

results in the simulated environment, as shown in Figure A3 (R2R-CE) and Figure A4 (RxR-CE).51
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Figure A1: Visualization of voxel pruning on 4 of the 8 sampled frames per session, showing how
redundant memory tokens are dynamically removed.
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Figure A2: Additional real-world qualitative results of StreamVLN showcasing its strong navigation
capabilities across diverse and novel environments. From top to bottom, each row shows: (a) Living
room, (b) Bedroom, (c) Workspace, (d)Office, (e) Park, and (f) Walkway.
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Figure A3: Qualitative results of StreamVLN on R2R-CE.
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Figure A4: Qualitative results of StreamVLN on RxR-CE.
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