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Go to the trashcan and distinguish the water barrel. Go to the water barrel and avoid the box.

···

Go through the gap between the chairs and go to 
the table.

···

Fig. 1: MobileVLA-R1 unifies language reasoning and continuous action for real-
world quadruped instruction following, shown through target discrimination, obstacle
avoidance, and narrow-gap traversal.

Abstract. Grounding natural-language instructions into executable con-
tinuous control remains a core challenge for quadruped vision-language-
action (VLA) systems due to the gap between high-level semantic reason-
ing and low-level locomotion actuation. Existing approaches often rely
on implicit reasoning or purely behavioral supervision, leading to unsta-
ble long-horizon grounding and limited robustness in real-world deploy-
ment. To address these issues, we present MobileVLA-R1, a unified
quadruped VLA framework that explicitly aligns hierarchical reason-
ing with continuous control. Our method introduces a multi-granularity
chain-of-thought (CoT) supervision scheme for embodied trajectories, in-
stantiated in MobileVLA-CoT, together with a two-stage training paradigm
that combines supervised CoT alignment and reinforcement learning for
reasoning-to-control consistency. We conduct comprehensive evaluations
on VLN and quadruped VLA benchmarks, including VLN-CE, QUARD,
and real-world Unitree Go2 deployment. MobileVLA-R1 consistently out-
performs strong baselines, achieving about 5% gains on key metrics while
demonstrating deployment-time closed-loop execution under a fixed hy-
brid inference setup.
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1 Introduction

Vision-language-action (VLA) systems for mobile robots aim to translate natural-
language instructions into grounded perception, reasoning, and executable con-
trol. For quadruped robots, this problem is particularly challenging because
language-guided decisions must ultimately be realized as continuous locomotion
commands under partial observability, actuation noise, and long-horizon task
dependencies. Robustly bridging this gap is central to embodied intelligence in
real-world environments [3, 4, 6, 15,28,53,54,71].

Recent progress in multimodal foundation models [51, 66] has substantially
improved visual perception and language understanding, inspiring a growing
body of work on extending vision-language models to embodied decision making.
However, existing approaches still face two practical limitations in quadruped
VLA settings. First, direct language-to-action mappings often blur the boundary
between high-level semantic reasoning and low-level motor execution, resulting in
weak interpretability and unstable grounding over long horizons. Second, meth-
ods that improve stability through latent intermediate representations typically
sacrifice a transparent reasoning structure, making it difficult to inspect semantic
logic, diagnose failure cases, or support compositional decision making.

These limitations motivate a more explicit connection between reasoning and
control in embodied agents. In particular, we seek a formulation that preserves
interpretable high-level planning while remaining compatible with continuous
quadruped execution in complex environments.

To this end, we present MobileVLA-R1, a hierarchical quadruped VLA
framework that explicitly aligns structured reasoning with continuous control.
Instead of predicting motor commands directly from language and observations,
MobileVLA-R1 first generates a structured Chain-of-Thought (CoT) action plan
conditioned on multimodal observations and then translates the plan into ex-
ecutable continuous control commands via an action decoder. This reasoning-
then-execution design improves interpretability, stabilizes language grounding,
and supports more reliable long-horizon behavior. To train this capability, we
construct MobileVLA-CoT, a large-scale embodied trajectory dataset with multi-
granularity CoT supervision, and adopt a two-stage training paradigm. We first
perform supervised CoT alignment to establish structured reasoning ability and
then apply reinforcement learning with Group Relative Policy Optimization
(GRPO) to refine action grounding and execution fidelity. This combination
improves reasoning-to-command consistency while preserving deployment-time
executability.

We evaluate MobileVLA-R1 on complementary embodied benchmarks, in-
cluding R2R-CE and RxR-CE for language-guided navigation, the QUARD
benchmark for quadruped control and manipulation, and real-world deployment
on a Unitree Go2 robot. Across these settings, MobileVLA-R1 consistently out-
performs strong baselines, achieving approximately 5% absolute gains on key
metrics and demonstrating deployment-time closed-loop execution in cluttered
and partially observable environments.

In summary, our contributions are three-fold:
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– We propose MobileVLA-R1, a hierarchical quadruped VLA framework
that explicitly connects structured Chain-of-Thought reasoning with contin-
uous motor control through a reasoning-then-execution design.

– We introduce a two-stage training paradigm that combines supervised CoT
alignment and offline GRPO refinement to improve reasoning-to-command
consistency and executable output validity.

– We construct MobileVLA-CoT, a multi-granularity CoT dataset for embod-
ied trajectories, and demonstrate consistent gains across VLN, quadruped
VLA benchmarks, and real-world Unitree Go2 deployment, including ap-
proximately 5% improvements on key metrics over strong baselines.

2 Related Work

Language-guided navigation and quadruped VLA. Vision-and-language
navigation (VLN) studies instruction following in 3D environments, with R2R [3]
and RxR [33] serving as standard benchmarks. With pretrained VLMs [25–27,
48], VLN methods have evolved from sequence-to-sequence learning [16, 37] to
attention- and transformer-based architectures [10, 20, 69], and further to pre-
trained VLM systems for improved grounding and generalization [19, 22, 35, 40,
41, 43, 62, 64, 70]. In parallel, quadruped robot learning has adopted language-
conditioned policies and multimodal perception for locomotion and manipula-
tion, including QUART-style models and their online variants [14, 50], as well
as generalist quadruped frameworks such as GeRM [47]. However, most exist-
ing quadruped VLA approaches emphasize direct policy generation or system-
level integration, with limited explicit modeling of structured reasoning for long-
horizon continuous control. Our work focuses on this reasoning-control interface
by coupling CoT-style planning with executable continuous quadruped actions.
Vision-language-action and embodied foundation models. Recent em-
bodied foundation models show that large-scale multimodal pretraining can
support language-conditioned action generation across navigation and manip-
ulation. Representative systems, including SayCan and SayTap [4, 49], PaLM-
E [15], RT-2 [71], OpenVLA [30], and Octo [17], unify perception, language, and
control within shared policy frameworks. While these methods improve transfer
and robustness, many rely on implicit latent decision making or manipulation-
centric settings; in contrast, MobileVLA-R1 targets quadruped navigation and
control, where continuous locomotion requires an explicit bridge between seman-
tic reasoning and motor execution.
Reinforcement learning for embodied decision making. Chain-of-thought
(CoT) prompting and supervision improve multi-step reasoning in language
models [57], while reinforcement learning from feedback strengthens instruction
following and reasoning quality [39]. Recent reasoning-oriented models use policy
optimization, such as PPO and GRPO-style training, to improve long-horizon
reasoning consistency [46]. CoT-style supervision and reinforcement learning
have also extended to multimodal and embodied settings [11, 59, 68]. Unlike
prior work that mainly uses CoT for interpretability or high-level planning,
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Table 1: Statistics of source datasets and the synthesized MobileVLA-CoT.
“Nav.” indicates navigation supervision, “Emb-Ctl.” indicates embodied continuous con-
trol supervision, and “CoT” indicates synthesized reasoning traces. “Samples” denotes
the number of instances reported by the original datasets.

Dataset Nav. Emb-Ctl. CoT Samples

R2R [3] ✓ ✗ ✗ 50K
RxR [33] ✓ ✗ ✗ 58K
QUARD [14] ✗ ✓ ✗ 262K

MobileVLA-CoT-Episode ✗ ✓ ✓ 18K
MobileVLA-CoT-Step ✗ ✓ ✓ 78K
MobileVLA-CoT-Nav ✓ ✗ ✓ 38K

MobileVLA-R1 uses multi-granularity CoT as structured supervision and com-
bines SFT with offline GRPO to improve executable reasoning-to-command con-
sistency for quadruped control.

3 Datasets

3.1 Source Datasets

R2R [3] provides instruction-trajectory pairs in Matterport3D [5] indoor scenes
and is a canonical benchmark for language-guided navigation. RxR [33] extends
this setting with multilingual instructions and longer, semantically richer de-
scriptions, offering denser supervision for long-horizon grounding. To incorporate
continuous control signals on legged platforms, we additionally use QUARD [14],
which contains quadruped locomotion and manipulation episodes with paired
observations and action targets. Together, these sources provide complementary
supervision for (i) language-to-trajectory grounding and (ii) low-level embodied
control execution, forming the basis for synthesizing MobileVLA-CoT.

3.2 Synthesized Dataset

Building on R2R, RxR, and QUARD, we synthesize MobileVLA-CoT, a large-
scale multi-granularity dataset that pairs multimodal observations with struc-
tured reasoning supervision and executable action targets. Unlike instruction-
only datasets that specify goals without intermediate decision traces, MobileVLA-
CoT provides explicit reasoning steps that connect language instructions to em-
bodied actions, enabling interpretable supervision for reasoning-aligned control.
Granularity. MobileVLA-CoT contains three complementary subsets: (i) Episode-
level summarizes trajectory outcomes and high-level strategies; (ii) Step-level
specifies the next action together with its rationale under the current obser-
vation and history; (iii) Navigation-level provides long-horizon reasoning that
links global instructions to multi-step decisions along the trajectory. In total,
MobileVLA-CoT includes 18K episode-level samples, 78K step-level samples,
and 38K navigation-level samples, as summarized in Tab. 1.
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Instruction: go to 
the texture chair 
and avoid obstacle, 
normally.

Instruction: go to 
the texture fan, 
normally.

Prompt
You are an AI assistant helping to build a Chain-of-Thought (CoT) 
dataset......(state)......Following the state, think step by step and 
answer the following question directly with following output format.
Output format: <think>... the analysis of the current step ...</think> 
<answer>... what action should do in the current step ...</answer>.

Gemini-2.5-flash

<think>The robot’s current task is “go to the texture fan normally.” ...... 
Overall, the robot is reorienting and moving toward the fan in a safe 
environment, with the main issue being its slower-than-commanded 
motion.</think>
<answer>{'x_vel_cmd': 0.53019315, 'y_vel_cmd': 0.0, 'yaw_vel_cmd': 
0.91238636, 'body_height_cmd': 0.0, 'step_frequency_cmd': 4.0, 'gait ': 
array([0.5, 0. , 0. ], dtype=float32), 'footswing_height_cmd': 0.08, 
'pitch_cmd': 0.0, 'roll_cmd': 0.0, 'stance_width_cmd': 0.25}</answer>

MobileVLA-Step-CoTStep-data:

Episode-data:

<think>The robot was instructed to "go to the texture chair and avoid 
obstacle, quickly". 1. Command sequence summary: ....... 2. Response to 
observations: ...... 3. Strategy: ...... 4. Conclusion: ......</think>
<answer>The goal task "go to the texture chair and avoid obstacle, quickly" 
was successfully completed. The robot avoided the obstacle, re-oriented 
itself toward the chair, and maintained high speed until deceleration near 
the target.</answer>

MobileVLA- Episode-CoT

…

…

Semi-automatic 
verification

Nav-data:
RGB Depth

RGB

Depth

RGB

Instruction: Exit 
the bedroom, enter 
the bathroom, wait 
at the toilet.

Actions
Move forward xx

Turn left/right xx

<think> Scene Analysis: Image 1 shows a dark corridor, …. Images 3 and 4 
show a doorway with a glass panel, …. Image 5 shows a shower area, also 
part of the bathroom. I am currently …. Instruction Goal: …..Navigation 
Plan: ….. After exiting, I will need to turn and enter the bathroom. The 
toilet is visible in …. I will move forward to exit the current room, then 
turn to enter the bathroom.</think>
<answer> move forward.</answer>

MobileVLA- Nav-CoT

Fig. 2: CoT Data Engine. MobileVLA-CoT is synthesized from multimodal obser-
vations, instructions, and state-action histories using structured prompts, producing
episode-, step-, and navigation-level reasoning traces with executable targets after au-
tomatic parsing and verification.

Data schema. Each sample is stored in a structured format consisting of (a)
multimodal observation(s) (e.g., RGB, depth, and task-specific state histories),
(b) a natural-language instruction, (c) an optional action history, (d) a reasoning
trace (stored with explicit tags such as <think>), and (e) an executable action
target in <answer> format (a discrete action for navigation or a continuous
control command, e.g., linear velocity and yaw rate, for quadruped execution).

3.3 CoT Data Engine

As shown in Fig. 2, we design a model-agnostic CoT data engine to synthesize
multi-granularity reasoning traces for navigation and embodied control. The en-
gine takes multimodal observations (e.g., RGB, depth, and task-specific states),
natural-language instructions, and optional state-action histories as inputs, and
uses structured prompt templates to request a reasoning trace followed by an ex-
ecutable output. In our implementation, we instantiate the engine with Gemini-
2.5-Flash [13]; however, the templates, parsing rules, and verification pipeline
are backend-independent and can be applied to alternative multimodal models.
Quality control. We apply a four-stage semi-automatic verification pipeline
covering format, action consistency, safety, and manual checks. From 168K raw
generations, the pipeline removes malformed, non-executable, unsafe, halluci-
nated, command-mismatched, or visually inconsistent samples, yielding 134K
final samples: 18K episode-level, 78K step-level, and 38K navigation-level. De-
tailed statistics are reported in Supp. Mat.

4 The Proposed Method

4.1 Overview

MobileVLA-R1 follows a hierarchical reasoning-execution paradigm and is trained
in two sequential stages. Given MobileVLA-CoT (section 3), we first perform
supervised fine-tuning (SFT) on CoT-annotated embodied data to establish a
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Instruction3D Scene DepthImage

MobileVLA-R1

Projection Layer

Action Decoder

Instruction: Turn right, walk 
along the hallway, then go to 
the fireplace and lie in front 

of it.

Text Encoder
Depth EncImage Enc

𝑉!
𝑉"

𝑉"#$

action

Point Enc

LoRA

Fig. 3: Overview of MobileVLA-R1. Given RGB, depth, point-cloud observations,
and a language instruction, MobileVLA-R1 fuses multimodal tokens with text tokens,
generates reasoning-conditioned actions, and decodes them into continuous quadruped
control commands for closed-loop execution.

structured reasoning format and multimodal instruction grounding. We then re-
fine executable action generation via offline Group Relative Policy Optimization
(GRPO) [46] using parsed command-level rewards. GRPO is not used for on-
line adaptation; it improves offline reasoning-to-command consistency, which is
evaluated under deployment-time closed-loop execution (see Fig. 4).
Architecture. As illustrated in Fig. 3, MobileVLA-R1 follows a LLaVA-style
multimodal backbone [34]. The model encodes RGB images, depth maps, and
point-cloud observations with modality-specific encoders, projects them into
a shared token space, and concatenates them with text tokens as input to a
NaVILA-initialized VLA backbone [12]. The backbone generates a reasoning
trace and an executable answer, which are deterministically parsed and decoded
into continuous locomotion commands and discrete high-level behaviors.
Problem setup. We consider closed-loop quadruped control conditioned on
multimodal perception and an instruction. At timestep t, the agent receives an
observation st = {xrgb

t , xdepth
t , xpc

t } and an instruction i ∈ I, and outputs an
action at according to a policy πθ(at | st, i). We unify continuous locomotion
and discrete behaviors by representing

at =
[
vt, ωt, αt

]
, vt = (Vx, Vy), (1)

where vt denotes planar translational velocity, ωt is the yaw angular velocity,
and αt is a discrete high-level behavior from a predefined action set (e.g., posture
or skill switching). The model outputs are serialized in a structured template:

ot = <think> rt </think><answer> ut </answer>, (2)

where rt is a reasoning trace and ut encodes the executable command, enabling
machine-parsable execution and interpretable decision traces.
Multimodal tokenization and fusion. To ensure reproducible 3D integration,
we explicitly define how each modality is tokenized and fused. Let Ergb, Edepth, Epc
denote the RGB, depth, and point-cloud encoders, respectively. At timestep t,
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Predicted: 𝑎
Answer: 𝑎∗

𝑅"#$%&' = $1, 	 𝑖𝑓	𝑎 = 𝑎∗
0, 	𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

Predicted: o = 𝑉(/𝑠), 𝑉*/𝑠), 𝜔/𝑠+
Answer:  o∗ = 𝑉(∗/𝑠), 𝑉*∗/𝑠), 𝜔∗/𝑠+	

𝑅, =
𝑜 ⋅ 𝑜∗

𝑜 - 𝑜∗ -

Policy 
Model

Reference 
Model

KL 
Divergence

Instruction: Walk 
into the gap 

between the sofa 
and the chair inside, 

and sit down 
afterwards.

Action Reward

Movement Reward

Requirement: 
<think></think><answer></answer>

𝑅!"#$%& = #1, 𝑖𝑓	𝑜𝑢𝑡𝑝𝑢𝑡	𝑠𝑎𝑡𝑖𝑠𝑓𝑖𝑒𝑠	 𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑚𝑒𝑛𝑡0, 	 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

Format Reward

G
roup

C
om

putation

Input Data

𝜊. 𝜊- ··· 𝜊/

Reward Function

𝑟.

𝑟-

…
𝑟/

𝐴.

𝐴-

…

𝐴/

GRPO Optimization

Fig. 4: GRPO training for reasoning-to-control alignment. For each input, the
policy samples multiple structured outputs, parses them into executable actions, scores
them with movement, action, and format rewards, and updates the policy using group-
relative advantages with KL regularization to a frozen reference model.

we obtain modality token sequences:

Zm
t = Em(xm

t ) ∈ RNm×dm , m ∈ {rgb,depth, pc}. (3)

We then project each modality into the language-model hidden dimension d
using learnable linear adapters Pm : Rdm → Rd:

Z̃m
t = Pm(Zm

t ) ∈ RNm×d. (4)

The final multimodal input token sequence is formed by concatenation with text
tokens Ztext:

Zt = [Z̃rgb
t ; Z̃depth

t ; Z̃pc
t ;Ztext], (5)

augmented with modality-type embeddings to distinguish modalities. This sim-
ple but effective fusion is compatible with NaVILA-style backbones and allows
controlling the token budget via Nm. Implementation details are reported in sec-
tion 5.

4.2 Cold Start Stage

Direct end-to-end reinforcement learning in multimodal embodied settings is
often unstable due to sparse feedback, format drift, and action-execution con-
straints. We therefore introduce a cold-start stage based on supervised fine-
tuning (SFT) to (i) stabilize the output schema and (ii) initialize structured
reasoning prior to RL.
Long-horizon reasoning alignment. We first fine-tune MobileVLA-R1 on
MobileVLA-CoT-Episode and MobileVLA-CoT-Nav to learn trajectory-level and
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navigation-level reasoning in the structured format. This stage encourages co-
herent long-horizon decision traces and consistent instruction grounding.
Executable control alignment. We then continue SFT on MobileVLA-CoT-
Step whose <answer> fields contain executable continuous commands and dis-
crete behaviors. The answer is deterministically parsed into at = [vt, ωt, αt] for
closed-loop execution, providing a smooth transition from language-guided rea-
soning to motor actuation. This stage primarily improves format faithfulness
and action executability before reinforcement learning.

4.3 Reinforcement Learning with GRPO

To further improve reasoning-driven action generation, we employ GRPO [46],
which optimizes policies using group-relative feedback over multiple sampled
responses. Compared to standard PPO-style optimization [45], GRPO leverages
within-group normalization to reduce sensitivity to absolute reward scales and
stabilize training for structured outputs.
Policy sampling. Given an input (st, i), the policy πθ generates N candidate
outputs {o1, o2, . . . , oN}. Each output oj is parsed into an action âj = [v̂j , ω̂j , α̂j ]
and evaluated by reward functions that encourage accurate, executable, and well-
formatted predictions.
Movement reward. This reward encourages directional consistency between
predicted and target continuous commands. Because translational velocity and
yaw rate have different units, we compute cosine similarity in a normalized com-
mand space:

ûj = (V̂x,j/sv, V̂y,j/sv, ω̂j/sω), u∗ = (V ∗
x /sv, V

∗
y /sv, ω

∗/sω), (6)

where sv and sω normalize velocity and yaw rate. The movement reward is

Rm(oj) =
û⊤
j u

∗

∥ûj∥2 ∥u∗∥2
. (7)

Action reward. To supervise discrete behaviors, we use a binary match reward:

Ract(oj) = I [α̂j = α∗] . (8)

Format reward. To ensure machine-parseable structured outputs, we reward
strict adherence to the reasoning-execution template:

Rfmt(oj) = I [oj satisfies <think>...</think><answer>...</answer>] . (9)

Total reward. The final scalar reward is a weighted sum:

rj = λmRm(oj) + λaRact(oj) + λfRfmt(oj), (10)

where λm, λa, λf are fixed coefficients.
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Table 2: Comparison on VLN-CE Val-Unseen [32,33]. We report standard met-
rics on R2R-CE and RxR-CE val-unseen splits. “Pano.” and “Odo.” denote panoramic
observations and odometry; ∗ indicates a simulator-pretrained waypoint predictor [32].

Method
Observation R2R-CE Val-Unseen RxR-CE Val-Unseen

S.RGB Pano. Depth Odom. NE↓ OS↑ SR↑ SPL↑ NE↓ SR↑ SPL↑ nDTW↑

CMA∗ [21] ✗ ✓ ✓ ✓ 6.20 52.0 41.0 36.0 8.76 26.5 22.1 47.0
Sim2Sim∗ [31] ✗ ✓ ✓ ✓ 6.07 52.0 43.0 36.0 - - - -
GridMM∗ [56] ✗ ✓ ✓ ✓ 5.11 61.0 49.0 41.0 - - - -
Ego2-Map∗ [23] ✗ ✓ ✓ ✓ 5.54 56.0 47.0 41.0 - - - -
DreamWalker∗ [52] ✗ ✓ ✓ ✓ 5.53 59.0 49.0 44.0 - - - -
Reborn∗ [2] ✗ ✓ ✓ ✓ 5.40 57.0 50.0 46.0 5.98 48.6 42.0 63.3
ETPNav∗ [1] ✗ ✓ ✓ ✓ 4.71 65.0 57.0 49.0 5.64 54.7 44.8 61.9
HNR∗ [55] ✗ ✓ ✓ ✓ 4.42 67.0 61.0 51.0 5.50 56.3 46.7 63.5

AG-CMTP [8] ✗ ✓ ✓ ✓ 7.90 39.0 23.0 19.0 - - - -
R2R-CMTP [8] ✗ ✓ ✓ ✓ 7.90 38.0 26.0 22.0 - - - -
InstructNav [36] ✗ ✓ ✓ ✓ 6.89 - 31.0 24.0 - - - -
LAW [44] ✓ ✗ ✓ ✓ 6.83 44.0 35.0 31.0 10.90 8.0 8.0 38.0
CM2 [18] ✓ ✗ ✓ ✓ 7.02 41.0 34.0 27.0 - - - -
WS-MGMap [9] ✓ ✗ ✓ ✓ 6.28 47.0 38.0 34.0 - - - -
AO-Planner [7] ✗ ✓ ✓ ✗ 5.55 59.0 47.0 33.0 7.06 43.3 30.5 50.1
Seq2Seq [32] ✓ ✗ ✓ ✗ 7.77 37.0 25.0 22.0 12.10 13.9 11.9 30.8
CMA [32] ✓ ✗ ✓ ✗ 7.37 40.0 32.0 30.0 - - - -
NaVid [65] ✓ ✗ ✗ ✗ 5.47 49.0 37.0 35.0 - - - -
Uni-NaVid [64] ✓ ✗ ✗ ✗ 5.58 53.5 47.0 42.7 6.24 48.7 40.9 -
NaVILA [12] ✓ ✗ ✗ ✗ 5.22 62.5 54.0 49.0 6.77 49.3 44.0 58.8
VLN-R1 [41] ✓ ✗ ✗ ✗ 7.00 41.2 30.2 21.8 9.10 22.7 17.6 -
OctoNav [17] ✓ ✗ ✗ ✗ - 42.9 37.1 33.6 - - - -
StreamVLN [58] ✓ ✗ ✗ ✗ 4.98 64.2 56.9 51.9 6.22 52.9 46.0 61.9
CorrectNav [63] ✓ ✗ ✗ ✗ 4.24 67.5 65.1 62.3 4.09 69.3 63.3 75.2

MobileVLA-R1 (Ours) ✓ ✗ ✓ ✗ 4.05 69.7 68.3 65.2 3.92 71.5 66.8 76.1

GRPO objective. For each group of N samples, we compute group-relative
advantages

Aj = rj −
1

N

N∑
k=1

rk, Âj =
Aj

σA + ϵ
, (11)

where σA is the standard deviation within the group. Let πθold denote the policy
before the update and πref a frozen reference policy. The clipped GRPO objective
is:

JGRPO(θ) = E(st,i)∼D EN
j=1

[
min

(
ρj(θ)Âj , clip(ρj(θ), 1− ϵ, 1 + ϵ)Âj

)
− β DKL(πθ(· | st, i) ∥πref(· | st, i))

]
, (12)

where ρj(θ) =
πθ(oj |st,i)

πθold (oj |st,i)
. The KL regularizer prevents over-updating and sta-

bilizes training for structured reasoning outputs.

5 Experiments

Benchmarks. We evaluate MobileVLA-R1 in two complementary settings to
measure both language-guided navigation and executable quadruped control.
We benchmark language-guided navigation on VLN-CE [32, 33], which extends
the R2R and RxR instruction-following setting to continuous control in pho-
torealistic Matterport3D environments [5]. VLN-CE requires agents to interact
with the environment in a closed loop and follow long-horizon instructions under
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Table 3: Overall performance on QUARD [14]. We report success rates on six
tasks grouped by difficulty; Average is the mean over all tasks, with 25 episodes per
task.

Method Easy Medium Hard Average
Distinguish Go-to Go-avoid Go-through Crawl Unload

CLIP [42] 0.44 0.43 0.45 0.19 0.00 0.00 0.25
VC-1 [38] 0.46 0.43 0.45 0.31 0.00 0.00 0.28
QUART [14] 0.66 0.60 0.53 0.41 0.32 0.12 0.44
MoRE [67] 0.82 0.80 0.59 0.57 0.49 0.33 0.60

MobileVLA-R1 0.92 0.89 0.71 0.65 0.58 0.44 0.73

realistic egocentric observations. Following standard protocols, we report results
on the val-unseen splits of R2R-CE and RxR-CE. To assess low-level actuation
and reasoning-aligned action generation on legged platforms, we conduct action-
only evaluations on QUARD [14], which contains diverse quadruped locomotion
and manipulation tasks with paired observations and control targets. Compared
with VLN-CE, QUARD emphasizes executable continuous control and discrete
behaviors under task-specific dynamics and interaction constraints.
Evaluation metrics. For VLN-CE, we use standard navigation metrics: navi-
gation error (NE), oracle success rate (OS), success rate (SR), success-weighted
path length (SPL), and normalized dynamic time warping (nDTW). These met-
rics jointly measure goal-reaching accuracy, path efficiency, and trajectory fi-
delity. For QUARD, we follow the official evaluation protocol [14] and report the
average success rate across six quadruped tasks. Each value is computed over 25
evaluation episodes per task, and tasks are grouped into three difficulty levels
(Easy/Medium/Hard) according to motion and interaction complexity.
Network architecture. We initialize MobileVLA-R1 from NaVILA [12] to
leverage its pretrained embodied vision-language alignment. Since NaVILA is
primarily trained with RGB observations, we extend it to support depth and
3D geometry by adding modality-specific encoders and a unified token projec-
tion interface. Specifically, we use DepthAnything V2 [61] as the depth encoder
and Point Transformer v3 [60] as the point-cloud encoder. For each modality
m ∈ {rgb, depth, pc}, the encoder produces a token sequence Zm ∈ RNm×dm ,
which is mapped to the LLM hidden dimension d via a learnable linear projec-
tor Pm. The projected tokens are concatenated with text tokens to form the
multimodal input to the LLaMA3-8B backbone, optionally augmented with
learned modality-type embeddings. This design provides a reproducible and
token-budget-controlled integration of RGB-depth-point inputs while preserv-
ing NaVILA-style multimodal alignment.
Parameter-efficient tuning. We adopt LoRA [24] for efficient adaptation.
LoRA modules are applied to the multimodal projection layers and the attention
blocks of the LLaMA3-8B backbone, while all modality encoders are kept frozen.
This setup retains pretrained visual representations while enabling efficient fine-
tuning for structured reasoning and executable action generation.
Training details. We perform supervised fine-tuning on MobileVLA-CoT to
establish a stable reasoning-execution output schema. Training uses MobileVLA-
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Starting from the initial position, head to the right and find a black bicycle. Once you find it, lie down next to it.

Walk straight ahead, avoiding the boxes and trash cans, until you reach the door. Turn right and stop in front of the door.

Fig. 5: Real-world deployment and qualitative examples on Unitree Go2. (a)
Hardware platform: Unitree Go2 equipped with a Jetson Orin Nano for onboard
computation, an L2 LiDAR for 3D sensing, and an Intel RealSense D435i RGB-D cam-
era. (b) Deployment pipeline: synchronized RGB-D and LiDAR point clouds are
processed to form the model inputs; MobileVLA-R1 generates structured outputs that
are deterministically parsed into continuous velocity commands and discrete behaviors,
which are executed in a closed loop on the robot. (c) Real-World qualitative re-
sults: example trajectories showing instruction-following behavior with ego-view RGB,
depth, and a LiDAR-based local map over time.

CoT-Episode and MobileVLA-CoT-Nav, together with a subset of MobileVLA-
CoT-Step containing executable control targets. We use LoRA with rank r =
16 and scaling α = 32, AdamW, and a cosine learning-rate schedule. SFT is
conducted on 4×H20 (96GB) GPUs with a learning rate of 2×10−4. After SFT,
we apply Group Relative Policy Optimization [46] to improve reasoning-to-action
consistency and execution stability. For each input, we sample N = 8 candidate
outputs and compute rewards for movement, discrete action, and output format.
We use group-relative advantages and optimize the clipped GRPO objective with
KL regularization to a frozen SFT reference policy. GRPO runs for 1K optimizer
steps on a single H20 (96GB) GPU with β = 0.04, ϵ = 0.2 (clip), and a learning
rate of 1 × 10−6 using AdamW. Unless otherwise stated, we use a batch of 5
inputs per update step.

5.1 Main Results

Vision language navigation. Tab. 2 reports results on VLN-CE val-unseen for
both R2R-CE [32] and RxR-CE [33]. MobileVLA-R1 achieves strong navigation
performance, improving success-related metrics while reducing navigation error
(NE) compared to prior methods under the same observational setting. These
results indicate more accurate instruction following and trajectory efficiency in
unseen environments.



12 T. Huang et al.

Table 4: Real-world evaluation on Unitree Go2. We report SR and NE across
Workspace, Corridor, and Outdoor tasks with Simple and Complex instructions; Out-
door uses SR only due to unreliable global localization.

Method
Workspace Corridor Outdoor

Simple Complex Simple Complex Simple Complex

NE↓ SR↑ NE↓ SR↑ NE↓ SR↑ NE↓ SR↑ NE SR↑ NE SR↑

GPT-4o [29] 2.01 0.67 2.38 0.33 1.49 0.53 3.00 0.00 – 0.67 – 0.50
NaVILA [12] 1.29 0.83 1.76 0.80 1.15 0.89 1.76 0.67 – 0.91 – 0.83

MobileVLA-R1 1.03 0.93 1.23 0.91 0.96 1.00 1.23 0.86 – 1.00 – 0.96

Quadruped control and manipulation. Tab. 3 summarizes QUARD per-
formance under the official evaluation protocol [14]. MobileVLA-R1 achieves
the highest average success rate among the compared methods, outperforming
QUART [14] and MoRE [67]. Notably, MobileVLA-R1 improves performance
across all difficulty levels, including the harder tasks.

5.2 Real-World Evaluation

Platform and deployment. As shown in Fig.5 (a), we evaluate on a Uni-
tree Go2 equipped with an L2 LiDAR, an RGB-D camera, and a Jetson Orin
module. Synchronized depth and LiDAR streams are fused into geometric ob-
servations for MobileVLA-R1 (Fig.5 (b)). All real-world experiments use a fixed
hybrid setup rather than dynamic onboard/remote switching: sensing, mapping,
parsing, action decoding, and low-level control run onboard, while only the 8B
VLA forward pass is offloaded to a remote H20 due to Jetson memory limits.
The reported hybrid end-to-end latency includes packaging, transmission, infer-
ence, parsing, and command return, and remains 205–245 ms across scenarios,
compatible with our 5 Hz high-level control loop.

Table 5: Reward ablation for GRPO
on R2R-CE Val-Unseen. We ablate
movement, action, and format rewards;
✓ indicates enabled.

Rm Ract Rfmt SR↑ SPL↑
✗ ✗ ✗ 58.0 53.2

✓ ✗ ✗ 60.7 55.5
✗ ✓ ✗ 61.9 56.8
✗ ✗ ✓ 59.6 54.7

✓ ✓ ✗ 64.5 60.2
✓ ✗ ✓ 63.4 59.1
✗ ✓ ✓ 65.2 61.0

✓ ✓ ✓ 68.3 65.2

Environments and task design.
We conduct experiments in three rep-
resentative environments: Workspace,
Corridor, and Outdoor. For each en-
vironment, we design two instruction
difficulty levels. Simple tasks contain
one to two short commands (e.g., sin-
gle goal reaching or a single inter-
action), whereas Complex tasks re-
quire multi-step instruction following
with longer horizons (e.g., 3–5 sub-
goals, multiple turns, and obstacle-
aware navigation). This design probes
long-horizon grounding and execution
robustness under clutter and partial observability.
Evaluation protocol and metrics. We report SR and NE for Workspace and
Corridor, and SR only for Outdoor where accurate global localization is un-
available. All methods use the same sensing pipeline and are evaluated in closed
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Table 6: Incremental modality en-
coder ablation on VLN-CE. We
start from text and RGB and progres-
sively add depth and point-cloud en-
coders.

Setting R2R-CE RxR-CE

SR↑ SPL↑ SR↑ SPL↑

Text & Image Encoder 62.5 59.0 66.0 61.5
+ Depth Encoder 66.0 62.0 69.0 64.0
+ Point Encoder 67.2 63.5 70.2 65.2

MobileVLA-R1 (Ours) 68.3 65.2 71.5 66.8

Table 7: Movement reward weight
sweep on R2R-CE Val-Unseen. We re-
port SR and SPL and each reward term’s
normalized advantage contribution (Adv%,
normalized to sum to 100).

wm SR↑ SPL↑ Adv%m Adv%act Adv%fmt

0.00 65.2 61.0 0 62 38
0.10 66.4 62.4 8 58 34
0.25 67.1 63.5 16 54 30
0.50 67.8 64.4 24 50 26
1.00 68.3 65.2 32 46 22

loop. Each scenario contains 5–6 tasks with 5 trials per task, totaling 160 real-
world episodes. Success requires reaching the target, completing the requested
behavior, and zero human intervention. Failures are grouped into target ground-
ing, perception, over-turning, narrow-passage, and localization-drift errors, with
detailed statistics in Supp. Mat.
Quantitative results. Tab. 4 summarizes the real-world results. MobileVLA-
R1 achieves higher SR and lower NE than NaVILA [12] across Workspace and
Corridor, and improves SR for both Simple and Complex instructions. Com-
pared to GPT-4o [29], MobileVLA-R1 yields substantially higher success rates,
especially on Complex instructions, indicating more reliable long-horizon execu-
tion on the physical platform.
Qualitative results. Fig. 1 and Fig. 5 (c) show qualitative examples. MobileVLA-
R1 produces smooth locomotion trajectories and follows multi-step instructions
in cluttered scenes. Additional qualitative visualizations and failure cases are
provided in Supp. Mat.

5.3 Ablation Study

Effect of reward components. We study how different reward components
affect GRPO training on R2R-CE Val-Unseen. As shown in Tab. 5, each re-
ward term contributes to improved navigation success and trajectory efficiency
relative to the SFT-only baseline. Using a single reward yields moderate gains,
while combining two rewards consistently improves SR and SPL further. The
best performance is obtained when all three rewards are enabled. Qualitatively,
we observe distinct roles for each reward: Rm encourages stable and direction-
consistent motion, Ract helps align high-level discrete behaviors with target
actions, and Rfmt improves output validity by enforcing a machine-parseable
schema. Together, these components provide complementary training signals for
structured reasoning and executable control.
Effect of multimodal perception. We analyze the contribution of each sen-
sory modality via an incremental encoder ablation. Starting from text and RGB,
we progressively add depth and point-cloud encoders. Tab. 6 shows consistent
improvements in SR and SPL on both R2R-CE and RxR-CE as additional
modalities are included. Depth improves performance notably, suggesting the
importance of geometric cues for local obstacle-aware navigation, and adding
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Table 8: Necessity of multi-granularity CoT. We
control teacher, prompt, output format, and rationale-
token budget; ∆SR is relative to No-CoT.

CoT supervision SR↑ SPL↑ ∆SR

No-CoT (actions only) 64.0 59.6 +0.0
Episode-only CoT 65.5 61.3 +1.5
Step-only CoT 66.0 61.7 +2.0
Navigation-level CoT 66.7 62.6 +2.7

Multi-granularity (Ours) 68.3 65.2 +4.3

Table 9: GRPO vs.
PPO on R2R-CE.
Both use matched re-
wards, schema, KL
regularization, and train-
ing budget.

Method SR↑ SPL↑

PPO (matched) 64.1 60.4
GRPO (Ours) 68.3 65.2

point-cloud features further increases SR and SPL, indicating additional bene-
fits from 3D geometric representations. Overall, the full multimodal configuration
achieves the best performance.
Reward weight sweep. We sweep the movement-reward weight wm in R =
wmRm+λaRact+λfRfmt while keeping λa and λf fixed. Tab. 7 reports SR and
SPL and the normalized advantage contributions (Adv%) of each term. As wm

increases, SR and SPL improve consistently, while the movement term’s Adv%
remains below the combined contribution of Ract and Rfmt, suggesting that
dense motion alignment complements rather than replaces sparse supervision.
Necessity of multi-granularity CoT. We study whether CoT supervision
provides benefits beyond confounds such as teacher choice, prompt, output for-
mat, and token budget. We control the teacher model and prompt, fix the total
rationale-token budget per episode, and keep the executable command format
and parser unchanged. No-CoT removes only the rationale text while preserv-
ing the same structured command format and action supervision. Tab. 8 shows
that multi-granularity CoT achieves the best SR and SPL under these controlled
settings, indicating improved long-horizon instruction following with the same
supervision budget.
GRPO vs. PPO under matched budget. We compare GRPO with a PPO
baseline under a matched training budget. Both methods use the same reward
definitions, structured output format, KL regularization to the frozen SFT ref-
erence policy, and the same number of policy updates and samples per update.
Tab. 9 shows that GRPO achieves higher SR/SPL than PPO on R2R-CE Val-
Unseen, indicating the benefit of group-relative optimization for training struc-
tured reasoning-to-control policies.
Teacher-model ablation for CoT. To disentangle reasoning structure from
teacher-model capacity, we vary only the rationale source while keeping com-
mand targets, parser, backbone, and training budget fixed. As shown in Tab. 10,
Template-CoT and LLaMA-3-8B-CoT both improve over No-CoT, while Gemini-
CoT performs best. Because all variants share the same executable command
targets, the gains cannot be attributed solely to teacher-provided action labels.
The improvement from Template-CoT shows that structured rationales already
help organize the reasoning-to-command output space, while stronger LLaMA-
3-8B and Gemini rationales further improve grounding. Thus, CoT structure
itself is useful, and higher-quality rationales provide additional gains.
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Table 10: Teacher ablation for CoT. Only
the rationale source is changed, while com-
mand targets, parser, backbone, and training
budget are fixed.

CoT source SR SPL

No-CoT 64.0 59.6
Template-CoT 65.1 60.8
LLaMA-3-8B CoT 66.2 62.0
Gemini-CoT 68.3 65.2

Table 11: GRPO vs. reward-
shaped SFT. All variants use the
same data, parser, command targets,
and reward definitions.
Objective Cand. Rew. Optimization SR SPL

SFT ✗ ✗ token CE 58.0 53.2
Reward-SFT ✗ ✓ reward-weighted CE 62.4 58.3
PPO ✓ ✓ policy gradient 64.1 60.4

GRPO ✓ ✓ group-relative 68.3 65.2

GRPO vs. reward-shaped SFT. To clarify what GRPO adds beyond su-
pervised learning, we compare it with Reward-SFT, which uses the same parsed
rewards to reweight token-level cross-entropy. As shown in Tab. 11, Reward-SFT
improves over vanilla SFT, but remains below PPO and GRPO. Unlike Reward-
SFT, GRPO samples complete <think>/<answer> outputs, parses them into
executable commands, and optimizes output-level rewards for command valid-
ity, movement alignment, and behavior correctness. This indicates that group-
relative command optimization provides benefits beyond token-level supervised
reweighting.

6 Test-Time Efficiency

Efficient inference is important for deploying vision-language-action models on
physical quadruped platforms. In our real-world evaluation, MobileVLA-R1 uses
a fixed hybrid setup: onboard modules handle sensing, mapping, output parsing,
action decoding, and low-level control, while only the 8B VLA forward pass is
executed on a remote H20 server due to Jetson memory limits. The measured
hybrid end-to-end latency is 205–245 ms across scenarios, including packaging,
transmission, inference, parsing, command return, and execution handoff, which
is compatible with our 5 Hz high-level control loop.

The current system still depends on remote inference because the 8B back-
bone exceeds the practical memory budget of the onboard Jetson module. This
may limit deployment in bandwidth-constrained or highly dynamic environ-
ments.

7 Conclusion

In this work, we present MobileVLA-R1, a quadruped VLA framework that
connects structured reasoning with executable continuous control. Through a
reasoning-execution design, MobileVLA-R1 produces machine-parseable com-
mands that are deterministically decoded into velocities and discrete behav-
iors. With multi-granularity CoT supervision and offline GRPO refinement,
MobileVLA-R1 improves reasoning-to-command consistency across VLN-CE,
QUARD, and real-world Unitree Go2 experiments. These results support explicit
reasoning-to-control alignment for long-horizon quadruped instruction following.
Acknowledgements. This work was supported by the Fundamental Research
Funds for the Central Universities, Peking University.
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