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Abstract

Sequential-Horizon Vision-and-Language Navigation (SH-
VLN) presents a challenging scenario where agents should
sequentially execute multi-task navigation guided by com-
plex, long-horizon language instructions. Current vision-and-
language navigation models exhibit significant performance
degradation with such multi-task instructions, as information
overload impairs the agent’s ability to attend to observation-
ally relevant details. To address this problem, we propose Se-
qWalker, a navigation model built on a hierarchical planning
framework. Our SeqWalker features: i) A High-Level Plan-
ner that dynamically selects global instructions into contex-
tually relevant sub-instructions based on the agent’s current
visual observations, thus reducing cognitive load; ii) A Low-
Level Planner incorporating an Exploration-Verification strat-
egy that leverages the inherent logical structure of instruc-
tions for trajectory error correction. To evaluate SH-VLN
performance, we also extend the IVLN dataset and establish
a new benchmark. Extensive experiments are performed to
demonstrate the superiority of the proposed SeqWalker.

Code — https://seqwalker.github.io/seqwalker/

Introduction
Vision-and-Language Navigation (VLN) has emerged as a
critical component for embodied AI, requiring intelligent
agents to interpret natural language instructions and navi-
gate through complex environments (Wei et al. 2025; Hong
et al. 2024; Chen et al. 2024). This capability holds signif-
icant promise for diverse applications such as autonomous
robotics (Wang et al. 2024d, 2023a), home robots (Gao et al.
2025), and virtual reality (Moshayedi et al. 2023). While
recent advances (Bar et al. 2025; Zhao et al. 2024) have
demonstrated remarkable progress in single-trajectory navi-
gation scenarios, the more practical challenge of sequential
multi-task navigation remains largely unaddressed.

In practical applications, agents are often required to exe-
cute multiple sub-tasks sequentially within a single deploy-
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ment session (Song et al. 2024; Khanal et al. 2024). For ex-
ample, on an usual morning, a student asks an agent to help
him get up and go to school. This requires the agent to com-
plete a series of tasks in sequence: i) take the clothes from
the wardrobe, ii) take me to the bathroom for washing up,
iii) prepare breakfast, iv) put the umbrella in my schoolbag,
as illustrated in Fig.1. The navigation agent is required to
complete the user’s tasks sequentially and reach the destina-
tion. Different from the traditional VLN task, where the user
describes one navigation trajectory with one instruction, the
user only needs to provide the agent with one sequential-
horizon instruction to enable the agent to complete multiple
navigation tasks. This is more time-effective for the user,
but it also poses more challenges. The sequential-horizon
navigation means larger navigation scenes with more com-
plex user instructions. Current VLN methods (Song et al.
2025; Yadav et al. 2025) are dedicated to persistent and effi-
cient navigation in large scenes. Some methods (Zhang et al.
2024b; Zheng et al. 2024) store the historical state of previ-
ous processes and feed it into the agent’s current state. Itera-
tive Vision-and-Language Navigation (IVLN) (Krantz et al.
2023) proposes a map-based navigation method that maps
the scene to maps during navigation. These advancements
improve the navigation performance in persistent scenes and
bring VLN research closer to large-scale scene applications.
On the other hand, as the navigation scene expands, the com-
plexity of the navigation task increases further, which means
that the user describes multiple navigation tasks with one
instruction, and the user inevitably describes multi-task tra-
jectories with more complex and longer sequential-horizon
instructions. However, the performance of existing VLN
models is severely degraded with sequential-horizon instruc-
tions, as the excessive information hinders the agent from
focusing on details relevant to its current observations.

To enable sequential multi-task navigation in large scenes,
we introduce a new VLN task called Sequential-Horizon
Vision-and-Language Navigation (SH-VLN). This task em-
phasizes navigating long distances in large scenes using
sequential-horizon instructions, which presents three main
challenges: i) Scene Persistence. In real-world applications,
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Figure 1: Illustration of the proposed Sequential-Horizon Vision-and-Language Navigation (SH-VLN) task and our SeqWalker
model. Different from traditional VLN, SH-VLN requires navigation agents to follow a sequential multi-task trajectory navi-
gation, while users tend to provide complex long instructions, posing greater challenges. Our SeqWalker adopts a Hierarchical
Planning strategy, where the High-Level Planner selects sub-tasks and instruction phrases based on the agent’s observations,
and the Low-Level Planner provides actions for robust navigation using a proposed Exploration and Verification strategy.

a deployed navigation agent often operates within the same
environment over extended periods (Jiang et al. 2025; Bai
et al. 2025). To ensure efficient operation, the agent should
be able to save scene information rather than treat each
episode as a new exploration. ii) Complex Long Instruc-
tions. Different from a single-period navigation task, de-
scribing multi-task navigation in large scenes inevitably re-
quires more complex and longer instructions to capture nav-
igation trajectories. However, long and complex instruc-
tions interfere with the traditional navigation agents’ under-
standing of instructions and make it difficult to match them
to the current observation, leading to navigation failures.
iii) Multi-Trajectory Robustness. Sequential-horizon navi-
gation often means longer navigation trajectories. Sequential
navigation in long trajectories is more likely to make errors,
and once an error occurs, the trajectory is likely to worsen
with it, so there are high demands on the robustness of nav-
igation. An intuitive way to solve the long instruction prob-
lem is to directly leverage the powerful long sequence rea-
soning capability of large language models (LLMs). How-
ever, directly applying LLMs is ineffective. Although LLMs
(OpenAI 2023; Zhang et al. 2025b) with several hundred
billion parameters handle long sequences well, and models
with smaller parameters that can be embedded in robots have
shortcomings for long sequences. Additionally, directly ap-
plying LLM cannot guide accurate actions due to the lack of
specific knowledge about the navigation scene.

To solve the SH-VLN task, we propose a SeqWalker, a
novel VLN model built on a hierarchical planning frame-
work. SeqWalker is capable of hierarchically understanding
the user sequential long instructions step-by-step, while ex-
plicitly saving the scene maps to achieve efficient sequential-
horizon navigation in large scenes, as shown in the Fig.1.

Specifically, in High-Level Planner, SeqWalker performs
local segmentation on global long instructions using pre-
trained CLIP models to obtain the most relevant segmented
instruction with the agent’s current scenes. Compared to
global long instructions, the segmentation instructions not
only reduce the difficulty of focusing information but also
enable corrections for navigation trajectory errors. In Low-
Level Planner, we develop an Exploration and Verification
strategy to achieve forward progress toward destinations or
to leverage the inherent logical order of instructions to dy-
namically correct the current navigation trajectories, which
further improves the robustness of long navigation. To evalu-
ate the proposed SH-VLN task, we extend the existing IVLN
dataset (Krantz et al. 2023) and propose a new benchmark.
Extensive experiments are performed to demonstrate the ef-
fectiveness and superiority of our proposed SeqWalker.

The main contributions of this work are as follows:

• We introduce Sequential-Horizon Vision-and-Language
Navigation (SH-VLN), a new VLN task where agents
follow sequential-horizon instructions to complete a se-
quential multi-task navigation trajectory. We also provide
a new benchmark for evaluating the SH-VLN task.

• We propose a SeqWalker model, which is built on a hier-
archical planning framework. Our SeqWalker performs
local segmentation on long instructions to understand
instructions step-by-step while explicitly saving scene
maps for sequential-horizon navigation in large scenes.

• We develop an Exploration and Verification strategy.
Based on this, SeqWalker navigation in two modes, i.e.,
forward to destination and trajectory correction, further
improving sequential-horizon navigation robustness.

• Extensive experiments show that SeqWalker achieves
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state-of-the-art performance on both traditional IVLN
datasets and the proposed sequential-horizon datasets.

Related Works
Vision-and-Language Navigation: The task of VLN (Liu
et al. 2025; Tan et al. 2025; Chen et al. 2022; Zhang et al.
2025c) is to enable an agent to understand user instructions
and navigate in complex environments independently. VLN
tasks are typically divided into two types based on the en-
vironment: discrete (Gai et al. 2025; Wang et al. 2023b,
2024b) and continuous (Yu et al. 2025; Chen et al. 2025;
Zhang et al. 2025a). In discrete environments, the space is
modeled as a graph of connected nodes. The agent moves
between these nodes following the given instructions, aim-
ing to reach a target node within a set number of steps. In
continuous environments, the agent can move freely using
low-level actions such as moving forward or turning, offer-
ing more flexibility and a closer resemblance to real-world
scenes. Since continuous environments align better with real
applications, we follow the continuous VLN setting.
Navigation in Persistent Scenes: In real-world applica-
tions, navigation agents often operate in the same environ-
ment for extended periods (Bai et al. 2025; Zhang, Guo,
and Kordjamshidi 2024; Zheng et al. 2025; Wang et al.
2024a). Meanwhile, advancements in computing power lead
to richer scene datasets (Zhang et al. 2024a; Chang et al.
2017; Ramakrishnan et al. 2021) and improved simulator
platforms (Kolve et al. 2017; Savva et al. 2019). These de-
velopments draw attention to the challenge of navigation in
persistent scenes. Some studies (Wang et al. 2021; Zhang
et al. 2024c) address persistent navigation by embedding in-
formation from past navigation episodes. However, merely
storing scene information as hidden embeddings limits ef-
fectiveness. To improve long-term navigation, Iterative VLN
(IVLN) task (Krantz et al. 2023) is introduced. IVLN uses
a map-based method where it creates semantic maps of the
scene during navigation and replaces the original image in-
puts with these maps. Although these advances bring VLN
research closer to large-scene applications, the performance
of curren VLN models drops significantly when handling
multi-task instructions. We propose SH-VLN to tackle the
challenges posed by sequential long-horizon instructions.

Problem Formulation
In VLN-CE task, an agent navigates a continuous scene Γ by
following user instruction I. In IVLN setting, a large scene
Γ contains multiple trajectories T = {T0, T1, . . . , Tm}, and
the agent persistently operates within Γ. In our SH-VLN
task, instruction I is further extended to describe sequential-
horizon trajectories I ⇔ {T0, T1, . . . , Tn}. Specifically, at
each episode i, the user provides instruction Ii describ-
ing a sequential multi-task trajectory {T i

0, T
i
1, . . . , T

i
n} in

Γ, where Ii consists of phrases {Si
0, S

i
1, . . . , S

i
n}. At each

time step t, the agent predicts the next navigation mode Ex-
ploration E i

t or Verification Vi
t based on current observation

Oi
t. Mode E i

t aims to move toward the destination, while Vi
t

corrects trajectory errors. After multiple iterations, the agent
reaches destination Gi with a sequential-horizon trajectory.

Different from the previous LH-VLN task (Song et al. 2024),
SH-VLN builds upon IVLN to evaluate efficient agent oper-
ation in persistent scenes. Beyond observation Oi and in-
struction Ii, the agent also stores and leverages scene maps
Mi from previous trajectories {T i

0, T
i
1, . . . , T

i
n} in Γ for

efficient navigation. Following (Krantz et al. 2020, 2023),
agent actions within E i

t are defined as A = {FORWARD
(0.25m), TURN LEFT (15°), TURN RIGHT (15°), STOP}.

Proposed Methods
The pipeline of the proposed SeqWalker is illustrated in
Fig.2, and the overall three navigation steps are as follows:

Step I. High-Level Perception Planner. SeqWalker
agent matches the RGB Ri

t with the instruction Ii, and se-
lects out the phrase Si

j most suitable for the agent’s current
state and observation to efficiently understand instruction.

Step II. Navigation Scene Mapping. Following IVLN-
CE, to achieve agent’s long-term planning in persistent large
scenes, we use a Scene Mapping Module (SMM) to create
and save scene maps, including semantic map Mi

t[sem] and
occupancy Mi

t[ocu] map. And these saved scene maps are
cropped for partial crops Mcit[sem] and Mcit[ocu] based on
the agent current pose, to achieve efficient encoding with a
Map-Encoder Encodermap for map embeddings Zm

t :

Zm
t = Encodermap(Mcit[sem],Mcit[ocu]), (1)

where Encodermap(·) consists of four CBRA blocks, each
CBRA includes a convolution, a normalization, a ReLU
activation, and an averaging pool, with a spatial atten-
tion for focused feature extraction, i.e., Encodermap =
[Attncot(CBRA(·)) × 4]. More details of the proposed
Map-Encoder are available in our Supplementary Material.

Step III. Low-Level Action Planner: We propose an
Exploration and Verification (EaV) strategy to further im-
prove the robustness of sequential-horizon navigation. The
EaV offers two distinct navigation modes: exploration mode
proactively guides agents toward destination, while verifica-
tion mode validate and corrects trajectory errors in time.

High-Level Perception Planner
SeqWalker uses a High-Level Perception Planner to under-
stand user instructions. In the SH-VLN task, it is difficult
for the navigation agent to logically understand and process
complex long instructions, thus, we propose an Instruction
Segmentation Module (ISM) to segment global instructions
to reduce the difficulty in understanding redundant instruc-
tions. The ISM decouples the sequential-horizon instruction
into a series of sub-phrases, and the agent can focus on each
sub-phrase sequentially for more accurate navigation.

Different from prior VLN models that encode instructions
globally, we encode local instructions for a more accurate
implementation. Specifically, for each phrase Si

k in instruc-
tion Ii is encoded ΨT (S

i
k) by Text-Encoder (CLIP (Radford

et al. 2021)), and the observed RGB image Ri
t is encoded

ΨV (Ri
t) by Vision-Encoder (CLIP). Then, the similarity θkt

between ΨT (S
i
k) and ΨV (Ri

t) is calculated, and the proba-
bility of each phrase P(Si

k) matching the current state is:

P(Si
k) = Softmax(θkt ), (2)
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Figure 2: Illustration of the proposed SeqWalker pipeline. At each time step t, the SeqWalker agent receives RGB and depth
observations to follow user instructions. SeqWalker has a hierarchical planning framework. It comprises a High-Level Percep-
tion Planner, which segments sequential-horizon instructions to obtain the most relevant segmented instruction with the cur-
rent states. And it also comprises a Low-Level Action Planner, which employs an exploration-verification strategy to achieve
progress toward destinations or leverage the inherent logical order of instructions to correct navigation trajectories dynamically.

θkt = Sim(ΨT (S
i
k),ΨV (Ri

t)), (3)
where Sim(·) denotes the cosine similarity of the two in-
puts. However, simply selecting the phrase with the max-
imum P(Si

k) may cause an incorrect similar selection. For
more robust selection, we further calculate the entropy value
Φi

t for P(Si
k) to select the most suitable phrase Si

k∗ :

Φi
t = H(P(Si

0),P(Si
1), . . . ,P(Si

n)), (4)

where H(·) denotes entropy calculation, and when Φi
t is less

than threshold Φλ, we take the phrase Sn
k∗ with the maxi-

mum probability as the current focused local instruction:

k∗ = argmax
k

(
P(Si

k)
)
, (5)

otherwise, we take the global instruction Ii as the current
navigation instruction to avoid incorrect instruction ignor-
ing. And for richer semantic reasoning navigation, we use
a lightweight LLM, i.e., Qwen-0.5b (Bai et al. 2023), as an
Instruction-Encoder to obtain instruction embeddings Zs

t :

Zs
t = LLM(α · Si

k∗ + (1− α) · Ii), (6)

where α = 1 if Φi
t < Φλ; otherwise, α = 0. The LLM per-

forms next token prediction for instruction encoding, and we
take the embedding of the last hidden layer as the instruction
embeddings Zs

t . This adaptive instruction encoding method
facilitates agents in understanding complex instructions.

Low-Level Action Planner
SeqWalker uses a Low-Level Action Planner to provide spe-
cific navigation actions. In the SH-VLN task, the navigation
multi-trajectories are long and sequentially strict. The agent
may take an incorrect trajectory due to a biased understand-
ing of the semantics of some instructions, and the current
error often causes subsequent navigation to fail irreversibly.

To improve the robustness of the navigation trajectory, we
further propose an Exploration and Verification strategy as
the Low-Level Action Planner for navigation.

Exploration Navigation Mode: The Exploration Navi-
gation Mode moves the agent toward the destination. The
agent integrates the above embeddings in Exploration Mode
for action prediction. Specifically, the obtained embeddings
Zm

t , Zs
t are jointly loaded into an Action Output Head

(AOH) and are combined with the previous hidden state
hi
t−1 and action ait−1 to predict the next action ait:

ait, h
a
t = AOH(Zm

t ,Zs
t , h

i
t−1, a

i
t−1), (7)

where AOH(·) consists of two Gated Recurrent Units
(GRU) with cross attention blocks, referring (Krantz et al.
2023). The AOH(·) outputs the probability of each action
A, and we take the action corresponding to the maximum
probability as ait. a

i
t moves agent toward destination.

Verification Navigation Mode: The Verification Naviga-
tion Mode corrects the errors on the current navigation tra-
jectory. Based on Exploration Mode, the agent can actively
search for destinations in navigation scenes. However, the
agent unavoidably misjudges the direction of forks due to
sequential-horizon navigation trajectories. We further pro-
pose a Verification Mode that utilizes the internal logical
order of the instructions to correct navigation trajectories.
Specifically, the order of the agent navigation process should
match the sequence of the phrases. When performing the
previous action ait−1 and switching phrases, the new phrase
Sn
k∗ should be the next phrase of the last selected phrase Sn

k∗
l
,

i.e., Sn
k∗ = Sn

k∗
l +1. And during navigation, the agent’s cur-

rent observation Oi
t[R] should have a high similarity to the

selected phrase Sn
k∗
l +1. Based on this logic, we conduct two

terms verification. Firstly, the agent determines whether the
currently selected phrase is Sn

k∗
l +1 (Term-I). Secondly, the
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Algorithm 1: Exploration and Verification Strategy

Input: Current observation Oi
t, current action ait, user’s in-

struction Ii, ver-threshold value δ0 and α from Eq. (6).
1: Obtain the current RGB observation: Oi

t[R];
2: Recall the last selected phrase: Si

k∗
l
, and compute the

currently selected phrase or global instruction: Si
k∗ ;

3: if α = 0 or k∗ = (k∗l + 1) then
4: Predict the next action ait with Eq. (7).
5: else
6: text embedding = ΨT (Si

k∗
l +1);

7: rgb embedding = ΨV (Oi
t[R]);

8: δt = sim(rgb embedding, text embedding).
9: if δt < δ0 then

10: ait = {“TURN BACK LAST STEP”};
11: mode = “Ver”: mandatory setting of the next ac-

tion to take the action corresponding to the second
highest probability.

12: else
13: Predict the next action ait with Eq. (7).
14: end if
15: end if
16: Perform ait to obtain new observation state Oi

t.

agent compares the similarity δt between Sn
k∗+1 and Oi

t[R]
with a ver-threshold value δ0 (Term-II). Specifically, when
the phrase selected Sn

k∗ is not Sn
k∗
l +1 and δt < δ0, the agent

returns to the previous position where the ait−1 performed,
where δ0 is a learnable parameter determined during naviga-
tion training for better adaptive navigation. And the specific
steps of EaV strategy are summarized in Algorithm 1.

Learning Sequential-Horizon Navigation
Sequential-Horizon Dataset Transformation. To evalu-
ate the proposed SH-VLN task, we extend the IVLN IR2R-
CE dataset (Krantz et al. 2023) and propose a new bench-
mark. Two key aspects are considered in constructing this
benchmark: how to make the single-stage navigation trajec-
tories be stitched together into sequential-horizon trajecto-
ries, and how to generate long instructions with more dis-
criminating details that closely align with navigation scenes.

a). Construction Sequential-Horizon Trajectories. Dif-
ferent from the one-to-one mapping between instruction and
trajectory in IR2R-CE, the sequential-horizon navigation
task involves a single instruction spanning multiple trajec-
tories. To construct such trajectories, we select and connect
pairs from the IR2R-CE dataset whose end- and start-points
align. Corresponding instructions are concatenated to ensure
semantic coherence using LLM, i.e., LLaMa-13B (Touvron
et al. 2023). The concatenation prompt template is:

User: Please help logically connect two navigation instruc-
tions into one, ensuring semantic coherence, with the end of
the first serving as the start of the second. <INS1><INS2>

b). Enrichment Long Instructions. In addition to gen-
erating sequential-horizon trajectories, we also enrich the
instructions to address their lack of sufficient discrimina-

Figure 3: Statistics of the transformed datasets. The statistics
graph contains seven groups of comparison metrics: Number
of Sentences, Percentage of Verbs in Instruction, Average
Instruction Length, Number of Trajectories, Percentage of
Explicit Locations, Average Trajectories Scene, Phrases
Word Number, G1 represents unchanged instructions,
and G2 represents our transformed enrichment IR2R-CE
dataset. Please note that for better visualization, we mark
some metrics as “A/x”, i.e., and the true value is A× x.

tive granularity to distinguish semantically similar subtasks
in multi-trajectory navigation. Specifically, we extend the
IVLN instructions based on a large multimodal language
model, i.e., LLaVA-OneVision (Li et al. 2024), that can rea-
son multiview images with language prompts. Specifically,
during instruction enrichment, an agent is forced to follow
the ground-truth trajectories for step-by-step navigation. In
the navigation trajectory corresponding to each phrase Si

k,
we collect the observed RGB images to construct multiple
images set {Rk

0 , R
k
1 , . . . , R

k
n} of a first view corresponding

to a navigation trajectory. Then, we feed the phrase Si
k and

multiple images as inputs into LLaVA to implement instruc-
tion enrichment. The used enrichment prompt template is:

User: <IMAGES> Please look closely at these multiple im-
ages of the first view corresponding to a navigation trajec-
tory, and help me enrich the discriminating details of instruc-
tion without changing its logic. The original instruction is:
<INS> Once you enter the bed room, go straight to the left-
hand door near the table.

where the bold is the fixed enrichment prompt and
the <INS> part is the user instruction phrase. The
<IMAGES> represents the tokens containing the multiple
images set {Rk

0 , R
k
1 , . . . , R

k
n} of a first view corresponding

to a navigation trajectory. We save the enriched instruction
output provided by LLaVA and replace phrases Si

k. The pro-
cess is repeated to perform the expansion for all instructions.

Based on the above two main aspects, we construct the
Sequential-Horizon IR2R-CE (SH IR2R-CE), and a large-
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Val-Seen Val-Unseen

Comparisons TL OS↑ nDTW↑ SR↑ SPL↑ CPsubT↑ t-nDTW↑ TL OS↑ nDTW↑ SR↑ SPL↑ CPsubT↑ t-nDTW↑
CMA 12.5±0.8 21±1 35±3 11±3 8±2 33±1 31±2 12.1±0.3 16±1 36±2 9±2 6±1 30±2 30±1

TourCMA 12.8±0.6 23±3 36±2 14±2 10±1 38±2 32±1 12.5±0.3 19±1 33±1 11±2 8±2 38±1 28±2

PoolCMA 12.2±0.7 19±2 33±2 11±3 9±2 36±1 29±2 12.3±0.6 18±1 31±1 13±1 10±2 34±2 27±2

Po.E.CMA 12.2±0.8 22±3 37±3 13±2 11±2 42±1 33±2 11.6±0.7 20±3 38±2 12±2 10±1 41±3 32±2

MAP-CMA 14.5±0.6 35±3 46±3 26±3 22±2 53±1 43±1 13.5±0.6 31±2 44±2 23±1 20±1 50±1 39±1

ETPNav 13.9±0.7 30±3 41±2 23±2 20±1 46±2 38±1 13.1±0.5 29±2 38±1 20±1 16±1 44±1 32±1

HNR 14.0±0.6 31±3 42±3 24±4 21±2 49±1 39±1 13.3±0.7 30±2 39±2 21±1 17±1 45±2 33±2

SeqWalker 17.8±1.2 43±2 52±2 34±1 33±2 67±2 48±1 17.3±1.0 40±2 50±1 30±2 29±1 66±3 45±1

Table 1: The test results for SeqWalker compared to SOTA methods on the SH IR2R-CE datasets. TL is in meters, and OS,
nDTW, SR, SPL, CPsubT, t-nDTW are reported as percentages. Results are presented as mean ± standard deviation.

Val-Seen Val-Unseen

Comparisons TL NE↓ OS↑ nDTW↑ SR↑ SPL↑ t-nDTW↑ TL NE↓ OS↑ nDTW↑ SR↑ SPL↑ t-nDTW↑
CMA 7.8±0.4 8.8±0.6 27±3 42±3 18±3 17±3 39±1 7.5±0.3 8.8±0.2 26±1 44±1 19±1 18±1 38±2

TourCMA 8.0±0.4 8.2±0.9 30±2 44±2 20±3 19±2 40±1 7.8±0.1 9.0±0.2 26±1 42±1 18±0 17±1 36±1

PoolCMA 7.2±0.5 9.1±0.4 24±4 41±2 17±4 16±2 37±2 7.3±0.2 9.0±0.3 23±1 42±1 16±1 15±0 36±2

Po.E.CMA 7.6±0.8 8.9±0.9 27±3 42±3 18±4 17±2 38±2 6.9±0.2 8.7±0.2 25±2 44±1 18±1 16±1 38±2

MAP-CMA 9.4 6.4 48 56 39 36 52 8.5 6.8 44 54 35 32 47
ETPNav 9.6±0.9 8.8±0.9 45±4 52±2 36±2 31±1 47±2 8.9±0.6 8.6±0.2 37±2 47±2 28±1 27±1 41±2

HNR 10.8±0.5 7.9±0.9 46±4 53±3 37±2 33±2 50±1 9.3±0.7 7.5±0.4 40±2 50±1 30±1 28±2 44±2

OVER-NAV 9.5±0.9 5.8±0.9 49±4 59±2 39±2 36±2 56±2 8.8±0.6 6.5±0.2 45±2 56±1 35±1 33±1 50±2

SeqWalker 12.3±0.8 5.5±0.7 51±3 60±2 41±2 38±2 58±2 11.4±0.5 6.4±0.2 46±2 58±2 36±2 34±2 52±2

Table 2: The test results for SeqWalker compared to SOTA methods on the IR2R-CE datasets (Krantz et al. 2023). TL and NE
are in metres, and OS, nDTW, SR, SPL, and t-nDTW are reported as percentages. The results are reported as x̄± σx̄.

scale collection of single trajectories paired with corre-
sponding instructions is used for training and testing. The
statistics for the constructed dataset are presented in Fig.3

Experiments
Implementation
We use Habitat (Savva et al. 2019) as the simulation plat-
form. Our SeqWalker is trained on the proposed SH IR2R-
CE dataset. We use a lightweight LLM, i.e., Qwen-0.5b (Bai
et al. 2023), as an Instruction-Encoder to obtain instruction
embeddings, and CLIP ViT-B/32 as the image-text encoders
for the high-level perception planner, and we set the thresh-
old Φλ = 0.65, the Term-I and Term-II for turning back
are included in verification mode. We evaluate the perfor-
mance following previous metrics (Anderson et al. 2018;
Ilharco et al. 2019; Krantz et al. 2023): Navigation Error
(NE), Oracle Success Rate (OS), normalized Dynamic Time
Warping (nDTW), Success Rate (SR), Success weighted by
Path Length (SPL), Tour normalized Dynamic Time Warp-
ing (t-nDTW), and Trajectory Length (TL). We also pro-
pose two metrics to evaluate sub-instruction task comple-
tion: CPsubT , the ratio of completed sub-tasks before fail-
ure, CPsubT = NS/NA, where NS and NA are the num-
bers of completed and total sub-tasks, respectively. CPsubI ,
the proportion of correctly selected sub-instructions, defined
as CPsubI = NC/NT , where NC is the number of correct
selections based on entropy and NT is the total steps.

Training Strategy. The proposed SeqWalker adopts a
two-stage imitation training strategy, following (Krantz et al.

2020). The first stage of the training process uses teacher
forcing on the proposed SH-IR2R-CE datasets. In the second
stage, the model of the first stage is fine-tuned to achieve a
better generalization performance in unseen scenes. We use
the Progress Monitor auxiliary loss in both training steps.
The modules in SeqWalker are partially trainable, as shown
in Fig.2. We freeze the parameters of CLIP models to pre-
serve their text-image matching and understanding capabil-
ities. The LLM-based Instruction-Encoder, Maps-Encoder,
and AOH are jointly trained during the training.

Comparison Experiments
How does SeqWalker perform with sequential-horizon
instructions? This experiment is used to verify the per-
formance of SeqWalker on the sequential-horizon naviga-
tion task. To ensure fairness, all methods are trained on
the proposed SH IR2R-CE dataset. The SOTA comparison
models include CMA (Krantz et al. 2023) series are Naive-
CMA, PoolCMA, PoolEndCMA, etc. and HNR (Wang et al.
2024c), ETPNav (An et al. 2024). A summary of the eval-
uation results can be found in Table 1. SeqWalker achieves
superior navigation performance with long instructions, im-
proving the t-nDTW metric by 5% and 6% over the previ-
ous best model on the val-seen and val-unseen sets, respec-
tively. Significant improvements are observed across multi-
ple metrics, e.g., SR, t-nDTW, etc. For methods without lo-
cal instruction awareness, CPsubI is 0, whereas SeqWalker
achieves 74%, demonstrating effective sub-instruction com-
prehension during navigation. The results show that Se-
qWalker has superior performance in the SH-VLN task.
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#ISMLLM-Size TL NE↓OS↑nDTW↑SR↑SPL↑ t-nDTW↑
1 ✓ 0.5B 17.3 6.6 40 50 30 29 45
2 ✗ 0.5B 17.5 7.9 33 44 25 21 38
3 ✗ 7.0B 17.2 7.3 36 46 27 23 41
4 ✗ 13B 16.8 7.0 37 48 27 24 42

Table 3: Ablation study on Val-Unseen split. Instruction en-
coding consistently improves with larger LLMs, while ISM
brings notable gains for smaller and mid-sized ones.

# Model TL NE↓ OS↑ nDTW↑ SR↑ SPL↑ t-nDTW↑
1 Maximum 17.2 7.3 36 47 27 25 42
2 Φλ = 0.85 17.5 7.2 38 48 27 26 43
3 Φλ = 0.75 16.8 6.9 39 48 29 28 44
4 Φλ = 0.65 17.3 6.6 40 50 30 29 45
5 Φλ = 0.55 17.4 7.0 37 47 28 26 43
6 Φλ = 0.45 17.2 7.4 37 46 27 25 42

Table 4: Ablation study for phrase selection method and
different entropy threshold values Φλ on the Val-Unseen.

How does SeqWalker perform with traditional single-
task instructions? We also conduct experiments to ver-
ify the navigation performance on the traditional IVLN task.
The SOTA comparison models also include the CMA fam-
ily (Krantz et al. 2023) of Naive-CMA, PoolCMA, PoolEnd-
CMA, MAP-CMA, and OVER-NAV (Zhao et al. 2024). A
summary of the results can be found in Table 2. Leveraging
the effectiveness of the hierarchical planning framework, Se-
qWalker also has superior performance on the IVLN task.

Ablation Studies
What are the advantages of our ISM over simply using
LLM with a larger number of parameters? We study
the effectiveness of ISM improving instruction encoding,
and Table 3 summarizes the ablation results. Although in-
struction encoding improves with increasing LLM parame-
ters, our ISM significantly enhances LLM performance with
smaller models. Our ISM splits long instructions into sub-
tasks, which significantly improves the reasoning of small-
parameter LLM. This is crucial in real-world robotics appli-
cations, where real-time constraints and limited on-device
computation hinder the deployment of large LLMs.

What is the best entropy threshold for segmentation?
We first provide experiment results for simply selecting
phrases with maximum similarity, denoted as Maximum.
We also study the effect of different entropy thresholds Φλ

on navigation performance; ablation results are summarized
in Table 4. As Φλ decreases, navigation performance ini-
tially improves, peaking near Φλ = 0.65, then decreases
(see Table 4 “#2-6”). Higher thresholds allow more phrases
to be used, improving navigation. Excessive Φλ harms pre-
diction from global instructions and causes incorrect choices
among similar phrases, reducing performance.

How do different segmentation styles perform? We
study the effectiveness of instruction segmentation and the
effect of different segmentation styles on navigation perfor-

# Model TL NE↓ OS↑ nDTW↑ SR↑ SPL↑ t-nDTW↑
1 Type-I 16.4 8.2 32 45 23 21 39
2 Type-II 16.7 6.9 36 46 26 24 42
3 Type-III 16.7 7.1 36 45 25 24 41
4 Type-IV 17.3 6.6 40 50 30 29 45

Table 5: Ablation study of the proposed ISM on Val-Unseen.

#Ver.Term-ITerm-II TL NE↓OS↑nDTW↑SR↑SPL↑t-nDTW↑
1 ✗ ✗ ✗ 12.9 7.4 35 44 25 23 40
2 ✓ ✓ ✗ 17.8 6.8 38 48 28 27 43
3 ✓ ✗ ✓ 17.1 7.1 38 47 27 25 42
4 ✓ ✓ ✓ 17.3 6.6 40 50 30 29 45

Table 6: The ablation study for the proposed EaV strategy
on the proposed SH IR2R Val-Unseen Scenes.

mance, and the ablation results are summarized in Table 5.
Type-I indicates the instructions are not segmented. Type-II
indicates that the instructions are segmented based on com-
mas. Type-III indicates that the instructions are segmented
using conjunctions such as “and” or “then”. Type-IV indi-
cates that the instructions are segmented based on period.
The results demonstrate that instruction segmentation has
a significant improvement on sequential-horizon instruction
navigation (referring Table 5 “#1”). The different segmenta-
tion styles have a significant affects navigation performance.
Type-IV achieves the best results, as its comma-based seg-
mentation ensures each phrase includes at least one object,
facilitating better alignment with visual observations.

How effective is the EaV strategy? We study the effect
of the proposed EaV strategy, including Term-I and Term-II
in Verification Mode. The ablation results are summarized in
Table 6. This ablation study demonstrates that the proposed
EaV strategy can significantly improve the success rate of
navigation. Although the trajectory correction procedures
introduce additional trajectory length, they contribute to no-
table improvements in navigation success rates and other re-
lated metrics, e.g., task completion and trajectory quality.
When Term-I and Term-II are both included in EaV strat-
egy, our SeqWalker achieves robust sequential-horizon nav-
igation with the best performance (referring Table 6 “#4”).

Conclusion
In this paper, we introduce a new VLN task called
Sequential-Horizon Vision-and-Language Navigation. To
solve the SH-NLV task, we propose SeqWalker, a novel nav-
igation model built on a hierarchical planning framework.
In High-Level Planner, SeqWalker performs local segmen-
tation on global long instructions to obtain the most relevant
segmented instruction with the agent’s current scenes. In
Low-Level Planner, we develop an Exploration and Verifica-
tion strategy to achieve forward progress toward the destina-
tion or to leverage the inherent logical order of instructions
to dynamically correct the error of current navigation tra-
jectories. To evaluate the SH-VLN performance, we extend
the IVLN dataset and establish a new benchmark. Extensive
experiments validate SeqWalker’s superior performance.
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