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Abstract

Achieving human-level performance in Vision-and-
Language Navigation (VLN) requires an embodied agent
to understand textual instructions, perceive visual obser-
vations, and reason over long action sequences. Recent
works, such as NavCoT and NavGPT-2, demonstrate the
potential of Chain-of-Thought (CoT) reasoning for improv-
ing interpretability and long-horizon planning. Moreover,
multimodal extensions like OctoNav-R1 and CoT-VLA fur-
ther validate CoT as a promising pathway toward human-
like navigation reasoning. However, existing approaches
face critical drawbacks: purely textual CoTs lack visual
perception and easily overfit to sparse annotated reason-
ing steps, while multimodal CoTs incur severe token infla-
tion by generating imagined visual observations, making
real-time navigation impractical. In this work, we propose
FantasyVLN, a unified implicit reasoning framework that
preserves the benefits of CoT reasoning without explicit to-
ken overhead. Specifically, imagined visual tokens are en-
coded into a compact latent space using a pretrained Visual
AutoRegressor (VAR) during CoT reasoning training, and
the model jointly learns from textual, visual, and multi-
modal CoT modes under a unified multi-CoT strategy. At
inference, our model performs direct instruction-to-action
mapping while still enjoying reasoning-aware representa-
tions. Extensive experiments on LH-VLN show that our
approach achieves reasoning-aware yet real-time naviga-
tion, improving success rates and efficiency while reduc-
ing inference latency by an order of magnitude compared
to explicit CoT methods. Code is available at https:
//github.com/Fantasy-AMAP/fantasy-vln.
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1. Introduction
Vision-and-Language Navigation (VLN) aims to enable an
embodied agent to follow natural-language instructions and
navigate complex visual environments [1, 6, 8, 22]. Solving
this task requires understanding textual instructions, per-
ceiving visual observations, and performing long-horizon
reasoning to plan a sequence of actions. Especially for
real-world navigation scenarios involving multi-stage and
long-horizon trajectories [13], robust multimodal reason-
ing is critical. As illustrated in Fig. 1, this requires ef-
fectively integrating linguistic intent with visual context
over extended temporal dependencies. Despite the progress
made by recent multimodal large models, achieving effec-
tive multimodal reasoning in VLN remains challenging due
to the language–vision gap and the need for interpretable yet
sample-efficient reasoning mechanisms.

The recent success of large language models (LLMs)
has inspired the integration of Chain-of-Thought (CoT) rea-
soning into embodied navigation to improve interpretabil-
ity and long-horizon decision-making. Methods such as
NavCoT [11], NavGPT-2 [33] and OmniNav [24] employ
step-by-step textual reasoning to decompose navigation in-
structions or generate intermediate subgoals. However, their
reasoning remains confined to the textual modality, typically
by translating observations into captions, thereby limiting
true multimodal reasoning essential for successful naviga-
tion. This limitation is compounded by the difficulty of
annotating CoT supervision in VLN, as highlighted by Evol-
veNav [10], where multiple valid action sequences often ex-
ist. Moreover, explicitly supervised CoT reasoning tends to
overfit training distributions and generalize poorly to unseen
environments.

Lately, works such as CoT-VLA [31], VISTA [7],
RBF++ [2], and OctoNav-R1 [5] have extended CoT rea-
soning into visual or multimodal domains for improved gen-
eralization. While this multimodal CoT paradigm marks an
important step forward, it also introduces new challenges
for long-horizon navigation. In particular, modeling reason-
ing chains across language and vision requires the model
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Figure 1. Aligning semantic and visual Reasoning. Complex real-world navigation tasks are typically multi-stage and long-horizon.
Addressing them requires both textual and visual reasoning to jointly enhance semantic planning and visual perception. A critical challenge
is how to effectively align these two distinct reasoning capabilities within a unified framework.

to iteratively generate and interpret imagined intermediate
observations at each step, leading to severe token inflation.
A typical reasoning step spanning 5–7 actions expands into
over 3k–5k tokens, an order of magnitude larger than purely
textual CoTs (usually <500 tokens). This sequence explo-
sion drastically increases both training and inference latency,
rendering real-time navigation infeasible even on high-end
GPUs.

To address these challenges, we propose a unified implicit
reasoning framework that retains the benefits of CoT-style
reasoning while eliminating its explicit token overhead dur-
ing inference. The key idea is twofold: (i) During training,
we encode the imagined observation tokens generated by
multimodal CoT reasoning into a compact latent space using
a pretrained Visual AutoRegressive (VAR) model. This sig-
nificantly reduces sequence length and training cost without
compromising the richness of visual reasoning. (ii) At in-
ference, the agent performs direct instruction-to-action map-
ping while still leveraging reasoning-aware representations,
inspired by the train-with-CoT, infer-without-CoT paradigm
of Aux-Think [16].

Concretely, we introduce a unified multi-CoT training
strategy that jointly learns from textual-only, visual-only,
and textual–visual CoT modes using a special tag token to
indicate each mode. This design unifies both the input for-
mat and model parameters within a single framework. Dur-
ing training, we align the action predictions from CoT-based
reasoning modes with those from direct prediction (with-
out CoT), enforcing modality-invariant reasoning represen-
tations. Consequently, the model learns implicit reasoning

capabilities that generalize effectively without explicit CoT
supervision or overfitting to training distributions.

To this end, our contributions are summarized as fol-
lows: (i) We propose the first unified implicit CoT reasoning
framework that integrates textual, visual, and multimodal
CoT paradigms within a single model. Unlike prior explicit
CoT methods, our approach trains with diverse reasoning
modes but performs inference without generating CoT se-
quences, achieving reasoning-aware yet real-time naviga-
tion. (ii) We introduce a gating-based multi-CoT learning
mechanism that allows seamless switching among reason-
ing modes and direct action prediction under shared param-
eters. By aligning CoT-driven and direct action predictions,
our model learns consistent, modality-invariant reasoning
representations. (iii) To reduce the token explosion in mul-
timodal reasoning, we compress imagined observation to-
kens into a compact latent space using a pretrained Visual
Autoregressive (VAR), improving training efficiency while
preserving textual–visual reasoning capacity. (iv) Exten-
sive experiments on the challenging LH-VLN benchmark
demonstrate that our method substantially improves naviga-
tion success and efficiency in multi-stage and long-horizon
scenarios, while reducing inference latency by an order of
magnitude compared to explicit CoT approaches.

2. Related Works
2.1. Vision-and-Language Navigation
Early VLN research often simplifies the task into a decision-
making process within discrete environments based on
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Figure 2. Unified multimodal Chain-of-Thought reasoning framework. Within a shared representation space, a single model supports four
reasoning modes: (a) non-CoT reasoning for real-time inference, (b) textual CoT for semantic planning, (c) compact visual CoT for latent
future imagination, and (d) multimodal CoT integrating both modalities. A flexible gating mechanism facilitates seamless transitions among
the four modes, while an alignment constraint enforces representation consistency during training.

panoramic views, as seen in benchmarks like R2R [1] and
RxR [9]. Methods from this period typically decompose
the pipeline into distinct modules, optimizing them via im-
itation [12, 15, 21] or reinforcement learning [18, 23] with
module-specific auxiliary objectives. However, these meth-
ods struggle to generalize to continuous and unseen environ-
ments (e.g., VLN-CE [8]) due to the discrete-to-real gap and
the lack of unified representations in modular designs. To
address these limitations, recent efforts have shifted towards
end-to-end policy learning, wherein large-scale pre-trained
vision-language models are post-trained on offline expert
video trajectories. For example, NaVid [25] demonstrates
that fine-tuning VLMs on monocular videos enables purely
visual navigation. Uni-NaVid [26] integrates several embod-
ied tasks and planning within a cohesive architecture, while
NaVILA [3] further extends this approach to legged robots.
Despite achieving groundbreaking progress in basic scenar-
ios, these models often fall short in complex, long-horizon
tasks (e.g., LH-VLN) since they lack high-level reasoning
capabilities. To address this shortcoming, CoT reasoning has
emerged as a pivotal paradigm for Embodied AI [27, 31].
Specifically within VLN, NavGPT [33] leverages the zero-
shot CoT abilities of GPT-4, whereas Aux-Think [16] incor-
porates auxiliary CoT supervision to internalize deduction
patterns during training. Nevertheless, current CoT-based
approaches predominantly restrict their thought processes
to a single modality, leaving the vast potential of multi-
modal CoT largely untapped. In this paper, we adhere to the
continuous environment setting and pioneer a systematic
investigation into multimodal CoT reasoning for VLN.

2.2. Chain-of-Thought Reasoning

Chain-of-Thought reasoning empowers large language mod-
els to tackle complex problems by explicitly formulating in-
termediate deduction steps [20]. Subsequent variants, such
as Self-Consistency [19] and Least-to-Most Prompting [32],
further augment both robustness and explainability. More
recently, this paradigm has been extended to vision-language
models [29]. Based on the modality of the intermediate out-
puts, existing approaches can be broadly categorized into
three types: Textual CoT, Visual CoT, and Multimodal CoT.
In particular, Textual CoT [30] in VLMs largely mirrors the
conventional text-based format of standard LLMs. Con-
versely, Visual CoT methods, such as CoT-VLA [31] and
DreamVLA [28], synthesize future frames prior to action ex-
ecution in manipulation tasks, whereas Multimodal CoT [4]
jointly predicts paired textual and visual states for embod-
ied scenarios. To the best of our knowledge, FantasyVLN
stands as the first unified framework to seamlessly integrate
these three CoT paradigms.

3. Methods

3.1. Overview

We propose FantasyVLN, a framework that intrinsically in-
tegrates multimodal reasoning while enabling implicit rea-
soning for highly efficient inference. As illustrated in Fig-
ure 2, FantasyVLN internalizes diverse CoT reasoning pat-
terns across modalities via end-to-end joint training. Cru-
cially, it enhances the non-CoT reasoning mode through a



cross-mode alignment constraint. This design leverages the
advantages of both textual and visual CoT reasoning without
the inference latency typically associated with explicit CoT
generation. Furthermore, we perform visual CoT reasoning
within the latent space of the VAR model [14], significantly
improving both training and inference efficiency compared
to conventional pixel-space methods.

Below, we detail the problem setup, compact visual CoT
reasoning, unified multimodal CoT reasoning and cross-
mode alignment constraint.

3.2. Problem Setup
We formulate VLN as a sequential decision-making process,
aiming to develop an embodied agent πθ that can navigate
continuous 3D environments E following natural language
instructions I. Let s0 denote the initial state (i.e., loca-
tion and orientation), and S denote the action space. At
each timestep t, the agent πθ receives multi-view visual ob-
servations Ot ∈ E . Given the partial observability of the
environment, the agent predicts future actions At+1 ∈ S
conditioned on the given instruction I and the accumulated
historical observations {O≤t}. Subsequently, the predicted
actions At+1 are executed, transitioning the agent πθ to a
new state according to the underlying environment dynam-
ics. This sequential interaction process continues until a stop
action is executed or the maximum step limit T is reached.

3.3. Compact Visual CoT reasoning
Existing visual CoT methods [28, 31] primarily decode in-
termediate reasoning steps in the pixel space, which makes
a single reasoning step require predicting hundreds or even
thousands of tokens. To prevent the visual CoT from be-
coming a computational bottleneck of the entire framework,
we propose compact visual CoT, which decodes visual rea-
soning steps in the VAR latent space. To this end, we adopt
a pretrained VAR model [14] as the image decoder of a
VLM and construct a joint vocabulary for them. As shown
in Fig. 2 (c), the VLM takes the instruction I and visual
observations {O≤t} as inputs, and predicts latent future im-
ages V̂t+1 and actions Ât+1, where V̂t+1 are early-scale
VAR latents. Subsequently, the VAR model further decodes
V̂t+1 into pixel future images Ôt+1 via next-scale predic-
tion. We freeze the VAR model during training, while the
VLM learns to predict actions conditioned on latent future
imagination. During inference, we use only the VLM to
perform visual CoT-based navigation without explicit VAR
decoding, which largely improves reasoning efficiency.

3.4. Unified Multimodal CoT Reasoning
We further proposed a unified multimodal CoT reasoning
framework named FantasyVLN, which integrates textual,
compact visual, and textual-visual paired CoT reasoning
within a single VLN model.

Textual CoT Reasoning in VLN. Conditioned on the in-
struction I and visual observationsO≤t, the agent first gen-
erates textual reasoning chains Tt followed by predicting
the subsequent actions At+1. We define the textual reason-
ing chain Tt as a structured cognitive process, wherein the
agent first decomposes the textual instruction I into several
executable sub-tasks, subsequently infers the currently ac-
tive sub-task based on visual observations O≤t, and finally
deduces the optimal strategy to be adopted. By explicitly ar-
ticulating this step-by-step decision-making process, textual
CoT reasoning significantly enhances the agent’s capability
to resolve complex navigation tasks.

Compact Visual CoT Reasoning in VLN. The agent
first anticipates future visual observations Ot+1, and sub-
sequently deduces the corresponding future actions At+1

conditioned on these synthesized visual states. Such predic-
tive visual modeling compels the agent to internalize spatial
geometry and scene dynamics, thereby fostering more robust
visual representations for navigating complex environments.
Notably, this entire process is instantiated via our proposed
compact visual CoT, which compresses Ot+1 into latent to-
kens Vt+1 to guarantee high reasoning efficiency.

Multimodal CoT Reasoning in VLN. Following [4], we
conceptualize multimodal reasoning chains as a synergistic
integration of textual and visual chains, wherein the agent
concurrently generates paired textual–visual reasoning steps
M̂t = [T̂t, V̂t] and predicts future actions Ât+1. This mul-
timodal CoT reasoning provides an additional decision pat-
tern conditioned on joint textual and visual reasoning steps,
which further improves navigation robustness.

Unified Reasoning framework. To seamlessly integrate
the aforementioned reasoning modes within a unified frame-
work, we introduce a gating mechanism wherein two binary
signals, gT and gV , explicitly govern the activation of the
textual and visual reasoning pathways, respectively. By
combining these control signals with the standard naviga-
tion inputs, the agent dynamically adopts the corresponding
reasoning modes. It autoregressively formulates the desig-
nated reasoning chain R̂t+1 prior to predicting the future
action Ât+1:

[R̂t+1, Ât+1] = πθ

(
I, {O≤t}, gT , gV

)
, (1)

where

R̂t+1 =



None, if (gT , gV) = (0, 0),

T̂t+1, if (gT , gV) = (1, 0),

V̂t+1, if (gT , gV) = (0, 1),

M̂t+1, if (gT , gV) = (1, 1).

(2)



Joint Training of Diverse Reasoning Modes. We adopt
end-to-end joint training strategy to construct a unified rep-
resentation space across different reasoning modes. Specif-
ically, during the training phase, we stochastically sample
the gating signals (gT , gV) for each training instance, dy-
namically routing the forward pass through different rea-
soning pathways. This strategy compels the model to in-
ternalize diverse CoT capabilities within a shared parameter
space. The overall optimization objective is formulated as
a weighted combination of the task-specific losses corre-
sponding to each activated mode:

LJoint = (¬gT ∧ ¬gV)LCE
(
Ât+1,At+1

)
+ (gT ∧ ¬gV)LCE

(
[T̂t+1, Ât+1], [Tt+1,At+1]

)
+ (¬gT ∧ gV)LCE

(
[V̂t+1, Ât+1], [Vt+1,At+1]

)
+ (gT ∧ gV)LCE

(
[M̂t+1, Ât+1], [Mt+1,At+1]

)
,
(3)

where LCE denotes the causal cross-entropy loss.

3.5. Cross-Mode Alignment Constraint
However, despite joint training, different reasoning path-
ways can still yield divergent navigation decisions. We ad-
dress this by enforcing decision alignment between auxiliary
modes and a primary reference mode during training, which
simultaneously fosters robust unified multimodal represen-
tations. Given the real-time execution demands of the VLN
task, we designate the non-CoT reasoning pathway as this
primary reference, thereby circumventing the latency over-
head associated with decoding massive explicit reasoning
tokens. Let Ât+1, ÂT

t+1, ÂV
t+1, and ÂM

t+1 denote the action
predictions from the non-CoT, textual, compact visual, and
multimodal reasoning modes, respectively. In each train-
ing iteration, we first optimize the non-CoT reasoning mode
using the following objective:

Lnon-CoT = LCE
(
Ât+1,At+1

)
, (4)

where

Ât+1 = πθ

(
I, {o≤t}, gT = 0, gV = 0

)
. (5)

We then extract the soft targets Ãt+1 by executing the for-
ward pass (5) with the updated agent πθ. Finally, we for-
mulate the cross-mode aligned joint objective for unified
multimodal CoT reasoning as follows:

L∗
Joint = LAlign + LCoT, (6)

where

LAlign = LCE
(
ÂT

t+1, Ãt+1

)
+ LCE

(
ÂV

t+1, Ãt+1

)
+ LCE

(
ÂM

t+1, Ãt+1

)
,

(7)

and

LCoT = LCE
(
T̂t+1, Tt+1

)
+ LCE

(
V̂t+1,Vt+1

)
+ LCE

(
M̂t+1,Mt+1

)
.

(8)

We alternately minimize the non-CoT objective (4) and the
cross-mode aligned joint objective (6) until convergence.
Throughout this alternating optimization process, all reason-
ing modes operate on shared inputs using identical network
parameters and are constrained by the same supervisory
signals. This inherently embeds diverse CoT reasoning pat-
terns into a unified latent representation. Consequently, our
framework naturally supports implicit reasoning, enabling
the agent to seamlessly integrate the strengths of multiple
reasoning modes without incurring any additional computa-
tional overhead during inference. The overall procedure is
summarized in Algorithm 1.

Algorithm 1 Cross-Mode Aligned Joint Training
1: Input: Dataset D, parameters θ, learning rate η, align-

ment weight λalign
2: Output: Trained parameters θ∗
3: while not converged do
4: [I, {o≤t}, Tt+1,Vt+1,At+1] ∼ D
5: Ât+1 ← πθ(I, {o≤t}, gT =0, gV=0)

6: θ ← θ − η∇θLCE(Ât+1,At+1)

7: Ãt+1 ← sg
[
πθ(I, {o≤t}, gT =0, gV=0)

]
8: [T̂t+1, ÂT

t+1]← πθ(I, {o≤t}, gT =1, gV=0)

9: [V̂t+1, ÂV
t+1]← πθ(I, {o≤t}, gT =0, gV=1)

10: [M̂t+1, ÂM
t+1]← πθ(I, {o≤t}, gT =1, gV=1)

11: Compute L∗
Joint using Eq. (6)

12: θ ← θ − η∇θL∗
Joint

13: end while
14: θ∗ ← θ
15: return θ∗

4. Experiments
4.1. Experimental Setup
Benchmark. We evaluate FantasyVLN on LH-
VLN [13], a benchmark for multi-stage and long-horizon
navigation. We select it because multi-stage tasks assess
semantic planning, while long-horizon settings test visual
robustness against error accumulation. Following official
protocols, we conduct online evaluation on the test set,
where both tasks and environments are entirely unseen.

Baselines. We compare FantasyVLN against representa-
tive methods across four categories: (i) textual CoT (Aux-
Think [16]); (ii) visual CoT (CoT-VLA [31] and World-
VLA [27]); (iii) memory-based (MGDM [13]); and (iv)



Table 1. Comparison of navigation accuracy with several advanced
VLN methods on LH-VLN. The best and second-best results are
marked in bold and underlined, respectively.

CoT Modal Methods SR ISR CSR CGT

None/ZS

Random 0 0 0 0
GLM-4v prompt 0 0 0 0

GPT-4 + NaviLLM 0 2.19 1.45 2.61
MGDM 0 2.34 1.65 2.91

Visual
CoT-VLA 0 0 0 0

WorldVLA 0 0 0 0

Textual Aux-Think 0.65 3.16 2.04 1.47

Unified Multimodal FantasyVLN 2.44 11.01 9.64 8.99

Table 2. Comparison of inference efficiency across different CoT
reasoning methods. The best results are marked in bold.

Decoding Mode Methods Model Size APS

Explicit CoT-VLA 7B 0.19

Implicit
WorldVLA 7B 1.02
Aux-Think 8B 0.97

FantasyVLN 7B 1.03

standard baselines from LH-VLN (GLM-4V, NaviLLM, and
GPT-4 with NaviLLM). For fair comparison, all models are
trained on the LH-VLN training set, with optimal check-
points selected via the validation set. Due to the absence of
official codes, we re-implement Aux-Think and CoT-VLA
based on paper details. We adapt the official WorldVLA im-
plementation for LH-VLN compatibility. All other baselines
adopt the original LH-VLN codebase.

Metrics. In line with [13], we employ Success Rate (SR),
Independent Success Rate (ISR), Conditional Success Rate
(CSR), and CSR weighted by Ground Truth (CGT) to mea-
sure multi-stage navigation accuracy. Specifically, SR and
ISR indicate the success of the entire task and individual
subtasks, respectively. CSR penalizes ISR for prior subtask
failures, and CGT further weights CSR by the expert trajec-
tory length. Furthermore, we introduce Actions Per Second
(APS) to assess inference efficiency:

APS =
Nact

Tnav
, (9)

where Nact and Tnav denote the total executed actions and
overall navigation time in seconds, respectively.

4.2. Main Results
Navigation Accuracy. Table 1 summarizes the quanti-
tative comparison on LH-VLN. Notably, FantasyVLN
achieves state-of-the-art performance across all metrics,

Table 3. Comparison of navigation accuracy with different reason-
ing mode combinations on LH-VLN.

Non-CoT T-CoT V-CoT MM-CoT SR ISR CSR CGT

✓ 0 2.01 1.51 1.55
✓ ✓ 0.98 8.26 6.60 6.15
✓ ✓ 1.46 11.19 9.66 8.84
✓ ✓ 0.49 7.77 6.48 8.89
✓ ✓ ✓ ✓ 2.44 11.01 9.64 8.99

Table 4. Performance comparison of SR, ISR, CSR, and CGT with
and without cross-mode alignment.

Alignment Constraint SR ISR CSR CGT

✗ 0 2.39 1.19 1.28
✓ 2.44 11.01 9.64 8.99

which validates the benefits of a unified multimodal CoT
reasoning framework. Aux-Think ranks second and sig-
nificantly outperforms other baselines, which confirms the
advantages of implicit reasoning. Surprisingly, visual CoT
methods (CoT-VLA and WorldVLA) fail completely with
zero scores. We attribute this failure to the limited training
data in LH-VLN and the inherent difficulty of future scene
video generation in navigation tasks, as opposed to fixed-
camera manipulation setups. This stark contrast highlights
the superiority of our compact visual CoT over pixel-level
visual CoT under identical data constraints. Finally, other
non-CoT baselines exhibit poor performance on complex
navigation tasks because they lack high-level reasoning ca-
pabilities.

Inference Efficiency. Table 2 compares the APS across
various CoT methods. Implicit reasoning methods, in-
cluding FantasyVLN, Aux-Think, and WorldVLA, achieve
comparable efficiency and substantially outperform the
explicit reasoning approach CoT-VLA. This performance
gap stems from distinct decoding strategies during infer-
ence. Implicit approaches decode a single token per action,
whereas explicit methods output lengthy intermediate steps
with thousands of tokens. With similar model sizes, implicit
CoT operates approximately five times faster than explicit
CoT. Consequently, implicit architectures better satisfy the
real-time demands of VLN tasks.

4.3. Ablation Studies
Contribution of Each Reasoning Mode. We evaluate
various combinations of non-CoT and CoT strategies to
verify the contribution of each reasoning mode. Table 3
demonstrates that the addition of any single CoT mode to
the non-CoT baseline yields substantial performance gains
across all metrics. Furthermore, the unified framework with
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Figure 3. Qualitative comparison of VAR reconstruction across latent scales. Coarse-to-fine reconstruction shows that early scales (1–4)
capture the primary structural content of the images.

Figure 4. ISR variation with respect to different VAR scales.

all four modes maximizes overall navigation capabilities,
particularly in metrics like SR and CGT. This outcome con-
firms that diverse CoT modalities provide complementary
benefits for complex navigation tasks.

Effect of Cross-Mode Alignment Constraint. We eval-
uate FantasyVLN with and without the cross-mode align-
ment to verify its necessity. Table 4 indicates that the inclu-
sion of this constraint drastically elevates all performance
metrics. Notably, SR improves from 0 to 2.44, and ISR
jumps from 2.39 to 11.01. This massive gap emerges be-
cause the constraint facilitates the formation of a unified
representation space through decision consistency align-
ment across diverse reasoning modes. Consequently, ex-
plicit feature alignment acts as an indispensable mechanism
for unified reasoning architectures.

VAR Scale Selection. We conduct ablation studies to de-
termine the optimal VAR scale for latent visual CoT. Specif-
ically, we train a FantasyVLN variant equipped with non-
CoT and compact visual CoT on an LH-VLN subset. This
variant utilizes VAR latent tokens across scales 1 through 10
under identical training epochs. Figure 4 illustrates the ISR
results. Scale 4 achieves the highest ISR of 7.41, whereas
other scales exhibit significant performance drops. We at-
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Figure 5. ISR variation with explicit and implicit CoT decoding.

tribute this phenomenon to the information density across
scales. Smaller scales, such as 1 and 2, lack essential naviga-
tion information, and thus the model merely fits noise. Con-
versely, larger scales (≥ 6) encode high-frequency textures.
These redundant details hinder the association between vi-
sual imagination and action decisions. To validate this hy-
pothesis, we design a VAR reconstruction experiment. We
feed the ground truth VAR latents up to a specific scale into
the model to predict the remaining latents. A decoder then
reconstructs the images from these combined latents. Fig-
ure 3 visualizes the reconstructed results. Early scales fail
to preserve the core layout and semantics. Scale 4 success-
fully captures essential scene structures. Subsequent larger
scales merely append fine-grained visual textures. These
qualitative observations perfectly align with the quantitative
outcomes from the first experiment.

4.4. More Results
Explicit vs. Implicit CoT Decoding. We investigate the
impact of explicit and implicit CoT decoding on navigation
performance. Specifically, we select the optimal scale 4
variant from the ablation study. We conduct inference via
explicit and implicit CoT decoding on a test subset propor-
tional to the LH-VLN training split. Figure 5 illustrates
the detailed ISR outcomes. Under textual reasoning, ex-
plicit decoding achieves an ISR of 8.26, which outperforms



the implicit counterpart at 6.06. Conversely, implicit de-
coding dominates under visual and multimodal reasoning
scenarios. It yields an ISR of 11.19 and 11.01 respectively,
whereas explicit decoding only reaches 7.34 and 8.62. We
attribute this modality discrepancy to model constraints and
task complexity. The base model Qwen2.5-VL lacks na-
tive image generation capabilities. This deficit complicates
the acquisition of future video frame synthesis skills. Fur-
thermore, continuous 3D scene navigation transforms vi-
sual imagination into a complex scene generation task. This
process is inherently more difficult than textual deduction.
Prior work [17] establishes that CoT enhances the sampling
probability of correct tokens via intermediate steps. Con-
sequently, flawed CoT deductions suppress correct answer
probabilities. Because visual reasoning proves difficult to
master, explicit token-level error accumulation becomes se-
vere. Implicit reasoning effectively circumvents this risk.

Training Efficiency. We investigate the fundamental
causes for the poor performance of pixel-level visual CoT
methods on LH-VLN. We train FantasyVLN and World-
VLA on identical data under their respective optimal param-
eters. Figure 6 illustrates the train token accuracy across
iterations. FantasyVLN achieves full convergence at ap-
proximately 3,000 iterations. In contrast, WorldVLA merely
reaches a 0.5 accuracy after 13,800 iterations. This stark
contrast reveals a 4.6-fold acceleration in convergence speed
for FantasyVLN. FantasyVLN executes visual CoT within
the VAR latent space. This architecture predicts merely a
dozen tokens per image. Conversely, WorldVLA decodes
hundreds of tokens for a single frame. Long-sequence learn-
ing intrinsically demands extensive time and massive data
volumes. Consequently, compact visual CoT in the latent
space substantially elevates overall training efficiency.
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Figure 6. Training efficiency comparison of visual CoT reasoning
methods. FantasyVLN converges approximately 4.6x faster than
WorldVLA.

5. Limitations and Future Work

5.1. Limitations

Base Model Choice. While FantasyVLN integrates di-
verse CoT modes, its base model is not natively designed for
unified generation and understanding. Thus, current results
may not reflect the framework’s performance upper bound,
particularly for visual CoT requiring future scene imagina-
tion.

Limited Data Scale. The LH-VLN benchmark provides
inherently limited training data. While compact visual CoT
clearly outperforms explicit visual generation in this regime,
its scaling behavior on significantly larger datasets remains
unexplored.

Training Paradigm. Like concurrent works, we learn
CoT primarily through supervised fine-tuning. Alternative
paradigms, such as reinforcement learning with environ-
mental feedback, are left for future research.

5.2. Future Work

A natural progression is to explore unified multimodal
CoT reasoning within a natively unified generation-and-
understanding framework. Furthermore, we plan to ver-
ify whether scaling laws hold for the proposed method and
whether they can serve as a key to achieving breakthroughs
in multi-stage, long-horizon navigation tasks. Beyond this,
introducing reinforcement learning within the current train-
ing framework to further enhance diverse CoT reasoning
capabilities also represents a promising direction. Finally,
we believe that developing an adaptive VAR scale selection
mechanism could be beneficial for unlocking multi-level vi-
sual reasoning capabilities.

6. Conclusion

We propose FantasyVLN, the first unified multimodal rea-
soning framework that integrates diverse CoT reasoning
modes without incurring additional inference latency. To
prevent visual CoT reasoning from becoming a computa-
tional bottleneck within the entire framework, we introduce
compact visual CoT, which improves computational effi-
ciency by performing CoT decoding within the VAR latent
space. Experiments on the challenging LH-VLN bench-
mark demonstrate that FantasyVLN significantly improves
the success rate of long-horizon, multi-stage navigation
tasks compared to existing single-modality CoT reasoning
methods. Furthermore, the proposed compact visual CoT
achieves a convergence rate over 4× faster than conventional
pixel-space methods.
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