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Fig. 2: Comparison of single-turn SFT and multi-turn RL.

This formulation introduces two critical deficiencies: first, it
lacks causal reasoning by treating steps independently, thereby
overlooking the sequential dependencies where early-stage
exploration serves as a prerequisite for late-stage, goal-directed
efficiency. Second, it leads to behavioral rigidity by strictly
imitating expert trajectories instead of optimizing for goal
success. Consequently, the agent becomes myopic and brittle,
incapable of recovering from errors or adapting to distribution
shifts.

To bridge this gap, this paper proposes LongNav-R1, an
end-to-end framework that reformulates navigation as a multi-
turn Reinforcement Learning (RL) process. Unlike the single-
turn paradigm, LongNav-R1 treats the navigation task as a
continuous conversation between the VLA policy and the
physical environment. This multi-turn formulation offers two
key advantages. First, it provides the model with comprehensive
state and objective awareness, allowing it to learn the causal
relationship between current actions and distant rewards. Sec-
ond, by learning directly from online interactions, the agent is
encouraged to explore diverse trajectories, thereby overcoming
the rigidity of human demonstrations and improving robustness
against environmental stochasticity.

While multi-turn RL offers a promising framework for long-
horizon VLA navigation, its deployment is bottlenecked by the
challenge of temporal credit assignment, as the relative contribu-
tion of each turn to the final objective varies significantly over
time. While actor-critic methods like PPO [40] manage this via
learned value functions, they incur prohibitive computational
overhead during long-horizon training. Conversely, efficient
critic-free methods from the LLM domain, such as GRPO [41]
and REINFORCE++ [18], are optimized for single-turn tasks
with outcome-level rewards and fail to capture the evolving
temporal statistics inherent in multi-step robotic decision-
making.

To address this bottleneck, we introduce Horizon-Adaptive
Policy Optimization (HAPO), a framework for critic-free advan-
tage estimation. HAPO eliminates the need for a separate value
network by regressing a baseline directly from the local rollout
buffer via kernel regression. Drawing inspiration from variance
reduction techniques in verifiable RL [66], we introduce a
general formulation that unifies the advantage estimation of
critic-free methods with the value function approximation
of actor-critic architectures. Under this formulation, existing
optimization heuristics such as GRPO and REINFORCE++
emerge as special cases determined by specific kernel choices.
By explicitly designing a temporal kernel function, HAPO
enables the derived baseline to capture the reward’s temporal

dynamics of long-horizon navigation, offering the temporal
precision of a critic without the associated computational
overhead. HAPO enables optimizing VLA models for the
varying sequence lengths inherent in long-horizon robotic tasks.

To validate the effectiveness of LongNav-R1 and HAPO,
we conducted three key evaluations. First, we validated
LongNav-R1 across real-world settings and four widely-used
simulation benchmarks. Despite being trained on only six
object categories in HM3D V1 [36], LongNav-R1 successfully
localizes unseen objects in zero-shot real-world scenarios and
outperforms previous SOTA methods on HM3D V1 [36],
V2 [57], MP3D [22] and OVON [63], demonstrating robust
generalizability. Second, we conducted ablation studies on core
components. Results indicate that multi-turn RL contributes
a substantial improvement of 8.7% on success rate compared
to SFT, while HAPO is critical for unlocking long-horizon
navigation, boosting success rates from 0% to 15.4%. Third, we
demonstrated that LongNav-R1 yields highly sample-efficient
agents. The success rate of a Qwen3-VL-2B backbone increased
from 0.51% to 73.0% using only 34k trajectories, outperforming
SFT baselines trained on millions of data.

To summarize, the primary contributions of this paper are:
(i) We propose LongNav-R1, a end-to-end multi-turn rein-

forcement learning framework that optimizes the VLA
policy for multi-step navigation.

(ii) We introduce HAPO, a critic-free advantage estimation
framework that facilitates precise temporal credit assign-
ment, allowing large VLA models to improve multi-step
decision-making without the significant computational
burden of auxiliary critic networks.

(iii) We provide a comprehensive experimental validation
of LongNav-R1 in real-world and diverse navigation
benchmarks, demonstrating that LongNav-R1 signifi-
cantly outperforms existing methods.

II. RELATED WORKS

Semantic navigation. Semantic navigation requires agents to
navigate to the specific target in unseen environments based
on human instructions. There are two representative tasks that
involve both visual information and language instructions: Ob-
ject Goal Navigation [10, 36, 57, 8] and Vision-and-Language
Navigation [4, 23, 24]. Early methods [50, 32, 59, 30, 31]
largely focused on acquiring task-specific skills via imitation
learning [37, 38] or RL [9, 16, 13, 67]. While these methods can
achieve strong performance in trained environments, they often
suffer from poor generalization due to domain gaps. Recently,
the field has shifted toward leveraging the generalization
capabilities of Large-Language Models (LLMs) and Vision-
Language Models (VLMs) to improve multi-task navigation.
These approaches [21, 33, 43, 5, 44, 6, 14, 26, 64, 73, 29,
20, 60, 69, 68, 27] offer greater flexibility and adaptability in
novel environments, but often lack optimized task execution
and navigation efficiency, resulting in inferior performance.
In contrast, our method trains a VLA model end-to-end with
navigation objective, offering both task-aware efficiency and
generalization capability.



effectively assigning the same value to all actions across all
time steps. It introduces significant bias by disregarding the
varying step-specific contributions to the final return, a critical
oversight in long-horizon navigation tasks.

IV. LONGNAV-R1: MULTI-TURN NAVIGATION
FRAMEWORK

This section provides a comprehensive overview of our
proposed pipeline, illustrated in Fig. 3. We begin by detailing
the interactive VLA rollout within embodied environments in
section IV-A, including state encoding, token pruning, and
action prediction. Subsequently, we describe our horizon-
adaptive advantage estimation in section IV-B, which processes
rollout trajectories to provide dense advantages for long-horizon
navigation tasks. Finally, we describe our training strategy
in section IV-C, which enables scalable and efficient VLA
optimization through SFT warm-up phase followed by multi-
turn RL training.

A. Interactive VLA rollout

State encoding. State encoding transforms the multi-modal
trajectory history into a sequence of tokens to provide global
context for action prediction. Specifically, at each time step
t, we process the observation-action pair in two stages: i)
visual and action encoding. The current visual observation vt
is processed by a vision encoder E to extract latent features
(visual tokens) xt. Simultaneously, the previous action at−1 is
embedded into a textual token et via the tokenizer D(·):

xt = E(vt), et−1 = D(at−1). (5)

Online token pruning. We filter redundant visual tokens before
updating the state. Since navigation tasks are inherently long-
horizon, often involving hundreds of steps, a single trajectory
can generate hundreds of thousands of visual tokens. This
massive volume creates significant computational overhead. To
enhance representation efficiency, we introduce online token
pruning at each rollout step. The key idea is to retain only
informative visual tokens, defined as those exhibiting low
feature similarity to the historical context.

Let {k1:t−1,v1:t−1} be the cached keys and values from
the historical trajectory. We compute a binary selection mask
mt ∈ {0, 1}M , where an element is set to 1 only if the token’s
maximum similarity to the history falls below a predefined
threshold δ (indicating novel information). The retained sparse
visual tokens ft are computed as:

ft = mt ⊙ xt, where mt = I(max(xt · k>1:t−1) < δ). (6)

Here, M denotes the number of visual tokens in the current
observation, and I(·) is the indicator function. Only the non-
zero (informative) tokens are preserved. Consequently, the
sparse state st at time step t is updated to include the history
cache, the new sparse visual tokens, and the action token:

st = {k1:t−1,v1:t−1, et−1, ft}. (7)

Note that at the initial step, with the KV cache and action
history empty, the model’s state is derived from the task

instruction I and the first observation. Subsequently, the state
is maintained via the KV cache, which encodes the full history
of actions and observations.
Action prediction. Given the encoded state representation, the
agent predicts the optimal next action to advance toward the
goal. By encapsulating the full history of observations and
actions, the state allows the agent to reason about the causal
effects of past decisions and maintain global context, crucial
for preventing redundant exploration and enabling targeted
search. In the VLA framework, action generation is cast as
next-token prediction. At each timestep t, the policy outputs a
categorical distribution over the vocabulary, from which the
action token is sampled:

at ∼ πθ(·|st), where πθ(·|st) ∈ ∆|D|−1. (8)

Here, πθ denotes the probability distribution derived from
the VLA’s softmax-normalized logits, and |D| represents the
vocabulary size. While this work focuses on a discrete action
space where each command corresponds to a single token,
the framework is readily extensible to continuous control via
action quantization or tokenization strategies.

Upon predicting action at, the agent executes it within
the embodied environment, prompting a state transition, a
reward rt and a new observation vt+1. This sequential rollout
iterates until a termination condition, either a stop action or the
maximum horizon T is met, yielding the complete trajectory
τ = {(s1, a1, r1), (s2, a2, r2), . . . , (sT , aT , rT )}. This loop
allows the agent to continuously update its state and refine its
decision-making to satisfy the navigation instruction.

B. Horizon-adaptive advantage estimation

To optimize VLA policies within long-horizon, multi-turn
settings, we implement HAPO solution proposed in sec. III-C
for navigation task. The key idea of HAPO is the regression
of a temporal-aware baseline via kernel regression over the
rollout buffer. This enables accurate advantage estimation that
accounts for temporal dynamics. Given full trajectories in the
rollout buffer, we compute advantages for every timestep to
provide dense process feedback for the VLA policy learning
with three main steps.
Return estimation. Given a full trajectory τ i ∈ B, we compute
the empirical returns at t-th step Gi

t =
P|τ i|

t′=t γt′−trt using
a predefined discount factor γ. For the navigation task, we
define the step-level reward rt based on the geodesic distance
to the goal, providing a dense proxy for incremental progress.
We calibrate the discount factor γ to modulate the effective
temporal horizon based on environmental semantic density. In
indoor settings, high semantic density induces complex, high-
frequency temporal dynamics; we therefore restrict the horizon
to mitigate variance and maintain a high signal-to-noise ratio.
Conversely, sparse outdoor environments exhibit low-frequency
temporal dynamics, allowing a larger γ to capture long-range
dependencies without signal degradation.
Kernel-based baseline. We regress a non-parametric baseline
by applying a temporal kernel function across the rollout buffer.
To mitigate the high variance inherent in long-horizon tasks,



we utilize a critic-free baseline based on Gaussian smoothing.
By grouping returns in proximal timestamps, HAPO constructs
a stable baseline at each horizon scale. The baseline V i
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where B represents the rollout buffer and σ is the bandwidth
parameter controlling the temporal smoothing window. The
kernel bandwidth is calibrated to the environment’s temporal
dynamics. Note that, while standard long-horizon tasks suffer
from high variance due to noisy trajectories, our non-parametric
kernel regression effectively reduces this variance with temporal
smoothing window.
Dense advantage estimation. The advantage at each timestep
is computed as the residual between the return and the temporal
baseline: Ai

t = Gi
t − V i

t . By calculating dense advantage
signals at each timestamp, HAPO provides the VLA policy
with informative process signals. This allows the model to
learn complex navigation dynamics and maintain a precise
correspondence between visual-linguistic inputs and sequen-
tial actions. This approach significantly enhances sampling
efficiency and training stability compared to standard outcome-
reward critic-free methods that lack temporal awareness.

C. Training strategy

We utilize an off-the-shelf VLM [58] as our backbone. Since
generic VLMs lack embodied navigation priors, we first employ
a warm-start phase using imitation learning (IL) on human
demonstrations [37]. Subsequently, we transition the agent to
an Online RL phase, optimizing the policy via our HAPO.
Balanced IL Warm-up. In this phase, we utilize teacher
forcing to bootstrap the VLA policy with fundamental navi-
gation behaviors. We process the full trajectory sequence in
a single forward pass, computing gradients exclusively on
the generated action tokens. The objective is to minimize the
standard negative log-likelihood:

LIL(θ) = −
BX

i=1

TX

t=1

log πθ(a
i
t | Ii), (10)

where Ii represents the i-th instruction in the each batch with
size B. This supervised pre-training instills essential search
strategies, such as panoramic scanning and collision avoidance.
However, naive IL induces a strong length bias, particularly
affecting the ‘stop’ action; agents tend to terminate episodes
near the average length of training trajectories regardless of
goal proximity.
Online multi-turn RL training. Following the warm-up, the
agent enters the multi-turn RL stage. Here, the objective is to
maximize the expected cumulative reward over the full horizon:
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where Anorm,i
t denotes the normalized advantage, computed

via global batch normalization to enhance training stability.
Following REINFORCE++ [18], the transformation is defined
as: Anorm,i

t =
Ai

t−mean(A|A∈B)
std(A|A∈B) + ϵ, where ϵ is a small constant

for numerical stability. And ρi
t = πθ(a

i
t|Ii)/πref(a

i
t|Ii) denotes

the importance sampling ratio. The hyperparameters ϵl, ϵh and
β serve to constrain the gradient range and policy update mag-
nitude, respectively, ensuring stable optimization by preventing
large architectural shifts during learning. The reference model
πref and KL loss DKL are used for regularization to make
the training more stable. We also use the entropy masking
trick in [12]. Note that, comparing to REINFORCE++, our
advantage estimator moves beyond simple batch averages to a
time-aware baseline, enabling more precise credit assignment.
This allows the policy to better manage stochastic dynamics and
rectify errors accumulated during the imitation phase, ensuring
robustness over long execution horizons.

V. EXPERIMENTS

A. Experimental setup

We conduct experiments to evaluate LongNav-R1 on three
specific aspects: i) How does LongNav-R1 perform compared
to existing state-of-the-arts (SOTA)? ii) Does LongNav-R1
improve long-horizon decision-making capacity for VLA? iii)
Is the key design of our method effective?
Benchmarks. To evaluate our general-purpose navigation
method, we conduct extensive experiments on object-goal
and open-vocabulary tasks across four benchmarks: HM3D
V1 [36], V2 [57], MP3D [8], and HM3D-OVON [63]. Unlike
previous baselines that often prioritize either efficiency or
open-vocabulary capabilities on limited subsets, we provide a
comprehensive comparison across diverse baselines.
Evaluation metrics. We report two metrics including success
rate (SR) and success rate weighted by path length (SPL) [3].
SR is the core metric of object-goal navigation task, repre-
senting the success rate of navigation episodes. SPL measures
the ability of the agent to find the optimal path. If success,
SPL = optimal path length

path length , otherwise SPL = 0. Higher is better
for both metrics.
Implementation details. For real-world, an Orbbec Femto
Bolt sensor is mounted approximately 1m off the ground. To
mitigate the sim-to-real gap, the real-world RGB camera is
calibrated to approximate the intrinsics of the simulated camera
used during training. For simulation, we follow the standard
settings [36]. The camera of the agent is 0.88m above the
ground. The camera outputs 640 × 480 RGB images. The
success distance threshold is set as 1m, and the step budget
is 500. The discrete action set includes MOVE FORWARD
(0.25m), TURN LEFT/RIGHT (30°), and STOP. Ablations are
conducted on randomly sampled 200 episodes. For the VLA
policy training, we start with a Qwen-3-VL-2B [58] as base.
Computation resource. Both SFT and RL stages were trained
on 4 A100 GPUs (72 GPUh per stage). For consistency,
efficiency metrics were benchmarked on a single A100. In
real-world experiments, an A100 server handles inference, with
ROS managing observation and action communication.



TABLE IV: Effectiveness of multi-turn reinforcement learn-
ing. Performance across different horizon length (steps). The
physical distances are 12.5m (50 steps) and 50m (200 steps)

Training Strategy Overall < 50 50 - 200 > 200

SR" SPL" SR" SPL" SR" SPL" SR" SPL"

No Training [58] 0.51 0.50 1.9 1.8 0.0 0.0 0.0 0.0
SFT [34] 64.3 33.0 74.1 38.9 64.7 32.8 0.0 0.0

REINFORCE++ [18] 47.4 26.0 68.0 37.0 42.5 23.5 0.0 0.0

HAPO (� = 1) 71.6 40.4 82.7 47.3 72.2 40.5 0.0 0.0
HAPO (� = 30) 73.0 44.3 86.2 53.2 69.9 41.7 15.4 9.4

(a) Baseline: Kernel t (b) Val Err: Kernel t

Fig. 5: We compare two HAPO variants, using different kernel
sizes σ. Subplot (a) displays the returns in a batch buffer
alongside the regressed baselines, while (b) illustrates the value
estimation errors.

Fig. 6: Ablation of σ and γ. TABLE V: Feature.

Feature SR" SPL"

Timestep 76.4 45.7
Per-Traj 71.0 40.5
Distance 73.4 45.3

TABLE VI: Horizon.

� <200 >200

VE # SR" VE # SR"

30 230 75.1 455 15.4
1 230 75.0 530 0.0

generalize. ii) Lacking existing critic-based RL for navigation
VLAs, we reimplement PPO, however it collapses from
value-head optimization complexities. LongNav-R1’s critic-free
estimator removes this need, achieving superior performance
and computational efficiency.
Training statistics analysis. Fig. 4 shows the evolution of
success rate and path efficiency throughout the training process,
which consists of an initial SFT phase followed by RL. We see
that: i) during the warm-up stage, SFT facilitates rapid early
learning, elevating performance from 0 to 64.3%; however,
it encounters a bottleneck at approximately 30k iterations,
where further data scaling yields diminishing returns; and ii)
in contrast, the RL phase successfully breaks this plateau,
demonstrating superior efficiency by improving performance
by 8.7% within only 4k iterations. This is attributed to the
multi-turn design, which enables the model to learn from
hundreds of decision-making points per sample, and the use of
on-policy rollouts, which allow for effective error correction
and behavioral refinement.

C. Ablation studies

Effectiveness of multi-turn reinforcement learning. Tab. IV
compares two HAPO variants against various training strate-
gies, including zero-shot (no training), SFT [34], and RE-
INFORCE++ [18]. Specifically, REINFORCE++ uses sparse
binary outcome rewards (1/0 for success/failure), while HAPO
incorporates step-wise distance-to-goal rewards. We see that:
i) both HAPO variants outperform all other training strategies;
and ii) RL with dense rewards outperforms SFT, whereas RL
with sparse rewards does not. This demonstrates the importance
of dense reward shaping in multi-horizon robotics tasks.
Effectiveness of horizon-adaptive advantage estimation.
Fig. 5 and Tab. IV compares HAPO variants, using different
bandwidth sizes σ. We visualize the estimated baseline and the
value estimation error of a randomly sampled batch buffer in
subplots (a) and (b). The value estimation error is the average
difference between the real return and the regressed baseline at
each step. HAPO with restricted temporal window outperforms
infinite-window (uniform) baseline. We see that: i) HAPO
with σ = 30 can achieve smaller estimation error compared to
σ = ∞; ii) this reduced estimation error directly correlates with
improved performance, as evidenced in Tab. IV. This highlights
the necessity of temporal-adaptive advantage estimation, as
simple uniform dense estimation fails to account for the
complex temporal dynamics inherent in robotic navigation.
Ablation on kernel bandwidth σ and discount factor γ,
see Fig. 6. We see that an intermediate temporal window
(σ = 30, γ = 0.95) yields optimal performance. This balance
is critical because increasing temporal window via higher γ
prevents short-sighted policies by encouraging long-term predic-
tions, yet setting it too high makes return values unpredictable.
Increasing temporal window via higher σ prevents the baseline
from overfitting to local returns, but an excessively large σ
eliminates horizon awareness. We optimize this configuration
via value-error analysis on an offline rollout dataset (Fig. 4 in
main paper). This kernel regression is computationally efficient
and strongly correlates with final model performance. Moreover,
this technique can be extended to automated bandwidth tuning
using an online rollout buffer.
Stronger justification for timestep feature design, see Tab. V.
HAPO is a flexible framework capable of accommodating
different factors via feature switching. Specifically, HAPO’s
timestep feature outperforms per-trajectory and distance metrics.
The reasons are: i) HAPO reduces per-trajectory bias (similar to
REINFORCE++ v.s GRPO), ensuring generalized navigation
over instance-specific overfitting; ii) distance fails to credit
critical in-place actions (turning to unlock regions). This is
reflected in the data: elapsed timesteps maintain a higher
correlation with returns (0.24) than distance-to-goal (0.09).
Clearer explanation for value-error analysis, see Tab. VI. i)
Navigation success requires minimizing accumulated value er-
ror across all elapsed timesteps. ii) Thus, longer horizons (>200
steps) yield larger accumulated errors and lower performance
than shorter ones (<200 steps). iii) For >200 steps, HAPO (30)
sustains lower error and outperforms the ∞-baseline, while
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