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<objects> black_bowl:black:1 plate:gray:1 ramekin:gray:1 

<relations> black_bowl:near:plate black_bowl:near:ramekin 

<subgoals> 1:grasp black_bowl 2:place black_bowl on plate
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Figure 1. Conceptual overview of BridgeLang, a lightweight and pluggable visual-language supplementor that acts as an external

“plug-and-think” layer bridging perception and action. Given an image and a task instruction, BridgeLang generates a structured three-part

schema (<objects>, <relations>, and <subgoals>), from which subgoals are extracted and appended to the original instruction.

This produces an augmented prompt that provides downstream VLA models with explicit reasoning, leading to more coherent and successful

action execution.

Abstract

Vision–Language–Action (VLA) systems often fail on out-of-
distribution tasks and lack interpretable reasoning, requiring
costly retraining to adapt. We address these limitations by
proposing BridgeLang, a lightweight external reasoning
supplementor that introduces a “Plug-and-Think” paradigm
to enhance unmodified, pre-trained VLA models. Bridge-
Lang is an efficient visual language model trained on our
new Bridge-CoT dataset using a prompt-based instruction-
finetuning strategy. This preserves its general abilities while
teaching it to act as a scene-aware planner. Given an
initial observation and task, BridgeLang performs hierar-
chical reasoning—internally identifying <objects> and
<relations> as a scaffold to generate a high-quality, ex-
ecutable <subgoals> plan. This “think-before-act” pro-
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cess occurs once, after which only the semantically cleaned
subgoals string is concatenated with the original instruction.
When integrated with OpenVLA, BridgeLang improves aver-
age success rates on the LIBERO benchmark by +5.45% (up
to +8.2%) without any VLA retraining and at the cost of only
a small, one-time pre-execution latency. Our work demon-
strates the efficacy of decoupled, scaffolded reasoning and
introduces the Bridge-CoT dataset to facilitate structured
multimodal planning. The dataset and code are available at
https://github.com/CliffKai/BridgeLang.

1. Introduction

Recent advances in vision-language-action (VLA) systems

have made them a central framework for embodied intel-

ligence [1, 6]. By jointly modeling visual perception, nat-

ural language instructions, and motor control, these mod-

els enable robots to perform complex tasks in realistic en-
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vironments. Models such as RT series [5, 45] and Open-

VLA [11, 12] have achieved remarkable progress through

large-scale training and multimodal representation learn-

ing [6, 10, 27]. However, despite this progress, existing

VLA systems still face key limitations in generalization and

reasoning.

In control-oriented scenarios, large-scale robot data train-

ing often weakens their original vision-language under-

standing ability. Moreover, their performance heavily de-

pends on the training distribution, leading to dramatic

degradation when deployed in out-of-distribution environ-

ments [3, 4, 21, 23, 26]. Re-training or fine-tuning VLA

models for each new task is prohibitively expensive and

contradicts the goal of general-purpose embodied agents.

More critically, current VLA models lack explicit reasoning:

they operate as black boxes without interpretable thought

processes. Although several works attempt to incorporate

Chain-of-Thought (CoT) reasoning into VLA systems, such

as CoT-VLA [41, 43], these methods require generating full

reasoning chains step by step, resulting in up to 7× higher

inference latency—making them impractical for real-world

deployment.

This poses a critical challenge [2, 39]: How can we en-

dow existing VLA models with interpretable CoT-style rea-

soning and stronger generalization without costly VLA re-

training or per-step inference latency? The key lies in de-

signing a lightweight, external reasoning mechanism that

preserves end-to-end efficiency while enhancing vision-

language-action understanding.

To address this challenge, we propose BridgeLang—a

lightweight, plug-and-play Visual-Language Supplementor

(Fig. 1). BridgeLang introduces the principle of “Plug-and-

Think” [7], enabling explicit Chain-of-Thought reasoning

before task execution. Crucially, our analysis reveals a fun-

damental fragility in existing VLA systems: while they are

adept at following natural language, they are catastrophically

sensitive to out-of-distribution (OOD) structured inputs. As

demonstrated in our experiments (Tab. 3), directly injecting

the full, tagged reasoning chain (e.g. with <objects>
tags) causes a total performance collapse to 0.0% success.

Therefore, BridgeLang’s core mechanism is designed to

resolve this tension: it performs structured, hierarchical

reasoning internally, but then translates this reasoning into

a clean, natural-language <subgoals> plan. Only this

semantically-cleaned subgoals string is then concatenated

with the original task instruction, allowing the VLA model

to think before acting [30, 41] without modifying its archi-

tecture or encountering OOD symbolic noise.

Thanks to its fully modular design that interfaces via lan-

guage enhancement, BridgeLang is in principle compatible

with other VLA systems (e.g. OpenVLA, RT series) without

retraining or fine-tuning the VLA model itself. This “exter-

nal reasoning injection” alleviates the degradation of visual-

language ability in control tasks and significantly improves

generalization across environments. Importantly, our study

demonstrates the crucial role of CoT in VLA reasoning—

particularly when the task language differs from natural

language—showing that joint vision–language reasoning

greatly enhances decision consistency and interpretability.

In addition, we build Bridge-CoT, a new multimodal rea-

soning dataset derived from BridgeData V2 [35], formatted

as Image + Task + Structured CoT text (objects, relations,
subgoals). This dataset provides the structured CoT supervi-

sion used to train BridgeLang, which is obtained through an

efficient prompt-based instruction-finetuning strategy on the

Bridge-CoT dataset. This approach trains the 3B model to

associate our specific reasoning prompt with the structured

output format, thereby preserving its general-purpose VLM

capabilities while learning from the teacher’s (Qwen2.5-VL-

72B) structured CoT outputs [14, 15, 37]. This process

can be viewed as a form of offline data-level distillation,

transferring the reasoning capability of large models into a

lightweight supplementor.

It is worth noting that while our work emphasizes method-

ological consistency and practical feasibility, its central ob-

jective is not merely to introduce a new paradigm for VLA

enhancement, but to systematically verify whether struc-

tured Chain-of-Thought (CoT) reasoning can substantially

improve task execution and generalization [29, 43]. Fur-

thermore, the proposed Bridge-CoT dataset provides a stan-

dardized foundation for structured reasoning supervision,

fostering reproducibility and methodological rigor in multi-

modal reasoning research [1, 35].

BridgeLang offers four major advantages: (1) Zero-cost
transferability – no VLA retraining required; (2) Plug-
and-play non-intrusiveness – no architectural changes; (3)

High efficiency – minimal amortized latency (one-time pre-

execution cost); (4) Reasoning enhancement – explicit CoT-

style thinking before execution. Comprehensive experiments

on LIBERO benchmarks [19] validate BridgeLang’s uni-

versality and performance gains, providing a new modular

paradigm for vision–language–action reasoning.

Despite having no exposure to LIBERO data, BridgeLang

improves the success rates of released OpenVLA models by

2.6–8.2% across different tasks, without any VLA retraining

or architectural modification, and with only a small, one-time

additional inference latency.

2. Related Work
2.1. End-to-End Vision-Language-Action Systems
End-to-end Vision-Language-Action (VLA) models have be-

come a dominant paradigm in embodied intelligence, aiming

to learn a single policy that maps visual observations and

language instructions directly to low-level actions. Seminal

works like RT-1 [5] and VIMA [10] demonstrated the scal-

ability of Transformer-based architectures for visuomotor
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control. This line of research has rapidly evolved towards

large-scale, generalist agents trained on massive, diverse

datasets [23, 24]. Models like RT-2 [45] and Octo [34] lever-

age the pre-trained representations of large vision-language

models, treating action generation as a sequence modeling

problem.However, a key challenge in these end-to-end sys-

tems is the “black box” nature of their decision-making.

While powerful on in-distribution tasks, their generaliza-

tion can be limited [17]. More critically, as these models

are heavily fine-tuned for control, their latent language un-

derstanding capabilities can become brittle. As our work

demonstrates (Section Sec. 3.3), this brittleness makes them

catastrophically sensitive to out-of-distribution (OOD) struc-

tured inputs, creating a critical barrier to integration with

explicit reasoning mechanisms. Our work, BridgeLang, is

designed to augment these unmodified, pre-trained VLA

models (e.g. OpenVLA [11]) by providing a compatible,

natural-language reasoning supplement.

2.2. LLM and VLM as Planners in Embodied AI
A parallel paradigm decouples high-level reasoning from

low-level control, using Large Language Models (LLMs)

or Vision-Language Models (VLMs) as task planners. Say-

Can [1] was a pioneering work in this area, using a non-

visual LLM to generate high-level plans, which were then

grounded in the physical world via a separate affordance

function. This inspired a range of works where LLMs gener-

ate programmatic plans, such as code-as-policies [18] or

Python-like scripts [31].More recent works, like PALM-

E [6], integrate visual information directly into the planner,

creating true VLM-based planners. These systems often

generate textual plans or internal monologues to guide be-

havior [8]. However, these approaches typically assume

they are the primary planning system. They do not address

how to enhance an existing, pre-trained VLA model that

cannot be easily modified. BridgeLang fills this gap, acting

as a “translation layer” that allows a structured VLM planner

(BridgeLang) to communicate its reasoning to a brittle end-

to-end VLA policy (OpenVLA) without causing the 0.0%

failure mode we identified.

2.3. Chain-of-Thought in Embodied Reasoning
The concept of Chain-of-Thought (CoT) reasoning, first in-

troduced in NLP [36], has shown significant promise for

improving the interpretability and robustness of complex rea-

soning tasks. In robotics, CoT-VLA [43] incorporates this

idea by prompting the VLA model to generate step-by-step

reasoning during task execution. While this enhances trans-

parency, it incurs a substantial, per-step (run-time) inference

latency, making it impractical for real-world deployment.Our

approach diverges from this “online” reasoning paradigm.

BridgeLang performs CoT reasoning once as a pre-execution

step, generating a complete, structured plan (Objects → Re-

lations → Subgoals) before the first action is taken. This

“think-before-act” strategy provides the benefits of explicit

reasoning with near-zero amortized latency. Furthermore,

while early works used linguistic inputs to modulate visual

features, such as with FiLM [25], our method provides ex-

plicit, high-level symbolic planning rather than feature-level

modulation.

2.4. Modular Reasoning and Structured Datasets
The “Plug-and-Think” paradigm of BridgeLang draws inspi-

ration from a long line of work on modular reasoning. In

VQA, early works like Neural Module Networks (NMN) [2]

and NS-VQA [40] proposed composing specialized modules

to answer complex questions. This modular spirit is also

seen in NLP with tools and adapters [28, 32], and in the

design of modern VLMs that build upon separate visual and

language backbones [9, 13, 16, 33]. BridgeLang extends this

by proposing a lightweight, external reasoning module for

VLA.A critical component of our work is the Bridge-CoT

dataset, which provides the necessary supervision. Existing

multimodal reasoning datasets [20, 29, 38] typically offer

free-form textual annotations. While useful for generating

human-readable explanations, this “unstructured” CoT is

difficult to parse and poorly aligned with the action space

required for robotic planning. Our Bridge-CoT dataset fills

this data-level gap by providing machine-parsable, hierarchi-

cal, and action-oriented structured supervision, enabling the

training of robust, specialized planners like BridgeLang.

3. Method
3.1. Overview
BridgeLang is designed to provide existing Vision–

Language–Action (VLA) systems with an externalized, plug-

and-play structured reasoning layer, enhancing task under-

standing and generalization without retraining or modifying

the target VLA model. As shown in Fig. 1, BridgeLang

serves as a Structured Reasoning Supplementor that, prior

to task execution, receives visual observations and language

instructions and produces a structured supplementary text

composed of Objects / Relations / Subgoals.

This module performs inference independently outside

the VLA system and supplies its planning output as sup-

plementary input to the original model, thereby introducing

explicit task decomposition and environment understand-

ing into the action generation stage. This mechanism re-

quires no architectural modification or retraining of the target

VLA, achieving a lightweight “Plug-and-Think” enhance-

ment solely through pre-execution reasoning. In practical

deployments, BridgeLang can be directly integrated into var-

ious open-source VLA models (e.g. OpenVLA), enabling

zero-cost transfer and efficient reasoning enhancement.

3.2. Structured Reasoning Supplementor
The core functionality of BridgeLang is to generate, prior

to task execution and based on visual observations and lan-
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guage instructions, a parsable, structured reasoning supple-

ment S = {O,R,G}. As established in our integration anal-

ysis (Sec. 3.3), the <objects> (O) and <relations>
(R) components serve as an internal reasoning scaffold for

BridgeLang itself, ensuring the semantic grounding and qual-

ity of the final <subgoals> (G) plan. Only the extracted

and cleaned Subgoals (G′) are then appended as an exter-

nal input to the original task instruction, thereby guiding

the model toward more logical and interpretable decisions

without modifying or retraining the VLA model.

BridgeLang is implemented on a multimodal language

model (Qwen2.5-VL-3B). The inputs are the visual observa-

tion I and the language task instruction T , and the output is a

structured reasoning supplement S = {O,R,G}, where O,

R, and G denote the three components Objects, Relations,

and Subgoals, respectively. The entire generation process is

single-pass inference, requiring neither recursive generation

nor multi-step decoding.

Inspired by research on structured Chain-of-Thought

in multimodal reasoning [22, 42, 44], we adopt a three-

stage structure—Objects → Relations → Subgoals—to

emulate the hierarchical human process of “recognition–

understanding–planning”:

(1) Objects: Identify key entities and their attributes in-

volved in manipulation, providing the basis for vision–

language grounding;

(2) Relations: Model spatial or functional relationships

among objects, establishing the semantic context of the

scene;

(3) Subgoals: Produce executable stepwise action plans

grounded in the first two components, forming high-

level task planning.

This hierarchical “recognition – understanding – plan-

ning” paradigm explicitly separates perception from plan-

ning, thereby maintaining semantic consistency and logical

constraints during generation and significantly improving

success rates and interpretability at execution time.

BridgeLang employs a strictly constrained, templated

prompt to ensure output structural stability. The system

instruction explicitly restricts the output to three fields

(<objects>, <relations>, <subgoals>) and pro-

hibits free-form natural language descriptions. For example:

<objects> black_bowl:black:1 plate:gray:1 ramekin
:gray:1 </objects>

<relations> black_bowl:near:plate black_bowl:near
:ramekin </relations>

<subgoals> 1:grasp black_bowl 2:place black_bowl
on plate </subgoals>

To ensure the semantic quality of the supplement, we in-

troduce semantic post-processing, including rule-based nor-

malization and semantic deduplication, which are detailed

in the supplementary material.

The cleaned Subgoals are converted into a natural-

language sequence and can be directly concatenated to the

Image Task

BridgeLang

Three-Part

Schema

Extract & Clean Subgoals

T + 
Cleaned Subgoals

VLA

Model

Structured reasoning

Reasoning

Environment

Image Task

VLA

Model
Environment

(a) baseline

(b) BridgeLang

Figure 2. Comparison between standard VLA and BridgeLang-

enhanced pipelines. (a) Baseline: direct mapping from vision and

instruction to actions. (b) BridgeLang: adds a structured reasoning

layer producing explicit subgoals for interpretable “think-before-

act” control.

original task instruction to form an enhanced input. The

entire reasoning process requires only a single forward pass,

maintaining very low computational overhead.

Through the structured template, BridgeLang explicitly

distinguishes the three stages of “recognition–understanding–

planning” at the generation level, providing VLA mod-

els with a logically structured action plan and achieving

a lightweight reasoning enhancement of “think-before-act.”

3.3. Integration with VLA Models

In a standard VLA framework, the model takes visual ob-

servations I and task instructions T as input and outputs an

action sequence. Serving as a pre-reasoning layer, Bridge-

Lang generates structured Subgoals prior to VLA execution

and fuses them with the original task instruction to form

an enhanced input, thereby explicitly introducing reason-

ing logic into the action-generation stage and realizing a

“think-before-act” control paradigm (see Fig. 2).
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To systematically analyze the impact of different inte-

gration strategies, we compare three fusion modes: Raw

Structured Mode: directly input the complete three-part

structured text; Uncleaned Subgoal Mode: input the origi-

nal numbered Subgoals; Cleaned Subgoal Mode (default):

input semantically cleaned natural-language Subgoals. Ex-

periments show that the Cleaned Subgoal mode achieves

the best performance in reasoning consistency and task suc-

cess rate, primarily because its natural-language input better

aligns with the VLA’s language embedding space and avoids

interference from symbolic noise. Therefore, we adopt this

mode in all experiments.

The concatenation template for cleaned Subgoals is as

follows:

<task>? <subgoals>.

Example:

Pick up the black bowl between the plate and the
ramekin and place it on the plate? grasp
black_bowl; place black_bowl on plate.

This language-level fusion fully leverages the VLA’s lan-

guage understanding capability, achieving interpretability

enhancement under a unified interface.

At the system level, BridgeLang runs as a lightweight

inference service, independently deployed on a single GPU,

and can provide supplementary reasoning in parallel for mul-

tiple VLA models. Inference is executed only once before

the task starts and thus does not add any per-step (run-time)

control latency. This “once-think, act-throughout” design

ensures system independence and cross-model reusability,

providing an efficient and scalable augmentation paradigm

for multimodal embodied intelligence.

3.4. Bridge-CoT Dataset and Training

Dataset Construction. Building upon BridgeData

V2 [35], we construct the Bridge-CoT dataset. Bridge-

Data V2 contains 53,192 episodes, each consisting of

4 images and a natural-language task instruction (to-

taling 212,768 images). For each episode, we ran-

domly sample 1 image and pair it with its instruc-

tion (I, T ), then use Qwen2.5-VL-72B (teacher) to gen-

erate a matching three-part structured reasoning text

S = <objects>,<relations>,<subgoals>. Dur-

ing generation, each sample is subjected to strict structural

consistency checks (field closure and signature format). Af-

ter filtering empty instructions and anomalous samples, we

retain 38,660 (I, T, S) samples for training.

We perform two types of quality control: (1) regular-
expression checks for field-format and action-vocabulary

consistency; (2) random manual inspection of 5% of the

samples (over 1,900 pairs). This rigorous check was per-

formed to validate higher-level properties beyond regex, such

as semantic correctness (e.g. ensuring objects in the plan ex-

ist in the image) and plan validity. Within this robust subset,

we found no observable errors, indicating an exceptionally

high quality of distillation from the teacher model.

Training. To preserve the model’s general VLM capabil-

ities while teaching it the specialist task of structured plan-

ning, we employ a prompt-based instruction-finetuning strat-

egy. Instead of standard finetuning, each (I, T, S) sample

from Bridge-CoT is formatted using the strict instructional

prompt (denoted as Ptpl), which is detailed in our supple-

mentary material (and code).The model is then trained only

to generate the structured supplement S when conditioned

on this specific prompt, in addition to the image I and task

T . The objective is therefore modified to condition on this

prompt:

L = −
T∑

t=1

logPθ(yt | y<t, I, T, Ptpl). (1)

This approach isolates the finetuning task to the specific

prompt, preventing catastrophic forgetting of the model’s

general-purpose skills. Detailed hyperparameters and train-

ing specifics are provided in the supplementary material.

Discussion. Bridge-CoT provides standardized, machine-

parsable structured CoT supervision, which offers better

hierarchical consistency and reproducibility than free-form

CoT. It also verifies the effectiveness of an offline structured

distillation paradigm from large models to small models for

multimodal reasoning.

3.5. Design Rationale and Ablation Guidance
Structured and Hierarchical CoT Design. While free-

form CoT exhibits certain reasoning capabilities, it often

suffers in multimodal settings from semantic redundancy,

structural instability, and inconsistent entity alignment. To

address these issues, BridgeLang adopts a hierarchical struc-

tured reasoning mechanism that explicitly partitions the pro-

cess into Objects, Relations, and Subgoals, corresponding to

the human cognitive stages of “recognition–understanding–

planning.” This structured design not only improves syntac-

tic stability and semantic controllability of the outputs but

also provides a formalized foundation for data annotation

and model optimization.

Externalization of the Reasoning Layer. Unlike joint-

trained internal reasoning, BridgeLang explicitly external-

izes reasoning as an independent module, thereby decou-

pling reasoning from control. This externalization offers

two advantages: (i) enabling zero-cost transfer across dif-

ferent VLA architectures; (ii) preserving the separation be-

tween reasoning and execution, which enhances generaliza-

tion across tasks and environments.

Key Hypotheses. We summarize three core hypothe-

ses to be validated in Sec. 4: H1.Performance gains pri-

marily stem from semantically consistent Subgoals, rather

than mere string concatenation; H2.Within the three-part

schema, Subgoals contribute most critically to performance;
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H3.Semantic cleaning significantly improves linguistic con-

sistency and action alignment.

4. Experiments
4.1. Experimental Setup
We evaluate BridgeLang on the LIBERO benchmark [19].

LIBERO contains four suites—libero spatial,

libero object, libero goal, and libero 10.

Each suite consists of 10 tasks, and each task is evaluated

with 50 independent episodes to compute the Success Rate.

Baseline Model. We adopt the open-source Open-

VLA [11] as our baseline. To ensure fairness and repro-

ducibility, we do not introduce additional models or re-

training; only the released OpenVLA checkpoints are used

for evaluation.

Supplementor Model. BridgeLang is implemented with

Qwen2.5-VL-3B and trained via structured distillation from

Bridge-CoT annotations generated by Qwen2.5-VL-72B,

resulting in a lightweight external structured reasoning sup-

plementor.

Metrics. We report task Success Rate (%) as the primary

metric, computed as the average success over 50 episodes

per task.

Implementation Details. Our evaluation protocol, hard-

ware configuration (e.g. NVIDIA RTX 3090s), random seeds,

and full implementation details are deferred to the supple-

mentary material to conserve space. BridgeLang runs once

before VLA execution to generate the structured supplement;

thus, it does not affect real-time control latency and adds

only a negligible pre-execution overhead relative to standard

VLA inference.

Evaluation Protocol. In all experiments, BridgeLang

outputs are pre-generated once before task execution, i.e. the

structured text is produced once and concatenated with the

task instruction before being fed to OpenVLA. The entire

evaluation is fully automated to ensure fairness and repro-

ducibility.

4.2. Overall Performance
Table 1 summarizes the overall results across LIBERO suites.

Under the same environment (NVIDIA RTX 3090, 24 GB),

OpenVLA achieves an average Success Rate of 72.1%, while

OpenVLA + BridgeLang reaches 77.55%. Without any re-

training on LIBERO and without accessing LIBERO data,

BridgeLang yields absolute gains of 2.6%–8.2%, with an

average improvement of 5.45%.

Table 1. Performance comparison between baseline OpenVLA and

BridgeLang-enhanced OpenVLA on LIBERO (Success Rate, %).

Model spatial object goal 10 Avg

OpenVLA 84.6 71.2 76.4 56.2 72.1

OpenVLA + BridgeLang 90.4 79.4 81.6 58.8 77.55

The gains are consistent across all suites and are most

pronounced on libero object and libero goal (im-

provements of 8.2% and 5.2%, respectively). This indicates

that BridgeLang’s structured reasoning (Objects / Relations /

Subgoals) strengthens semantic grounding and action consis-

tency, especially for tasks involving object-centric relations

and goal reasoning.

Overall, BridgeLang injects explicit reasoning into ex-

isting VLA systems with no re-training, no architectural
changes, and near-zero latency, providing an efficient and

interpretable performance boost. This validates the effec-

tiveness and generality of the proposed External Structured

Reasoning Layer.

4.3. Ablation and Analysis
We conduct ablations to validate key design choices and

identify the source of gains: (1) whether improvements arise

from structured semantic reasoning rather than additional

text; (2) contributions of different structured components;

and (3) effects of component weighting during distillation.

(a) Semantic Effectiveness of Structured Subgoals
Question. Do the improvements come from genuine

semantic reasoning instead of text length or language activa-

tion?

Experiment. We compare the true Cleaned Subgoals

against two length-matched but non-semantic controls:

1. Cleaned Subgoals (the actual structured reasoning out-

put);

2. Random Strings (length-matched random character se-

quences);

3. Common-action Strings (length-matched strings contain-

ing common action tokens such as take, place, but unre-

lated to the task).

Table 2. Semantic effectiveness of structured subgoals.

Input Type spatial object goal 10 Avg

Cleaned Subgoals 90.4 79.4 81.6 58.8 77.55
Random Strings 54.0 22.8 25.8 24.0 31.65

Common-action Strings 40.6 20.4 12.4 18.6 23.00

Analysis. Only Cleaned Subgoals yield significant gains,

whereas both non-semantic controls perform poorly (aver-

age 23–31%). Notably, Common-action Strings (23.00%)

underperform Random Strings (31.65%), indicating that mis-
leading semantics can be more disruptive than pure noise.

When OpenVLA receives concrete but irrelevant action to-

kens (e.g. “take, place”), it is more likely to be confused

than with random noise, leading to lower success rates. This

further suggests that the VLA model indeed interprets the

injected text, and semantic accuracy is critical.

(b) Effect of Structured Reasoning Composition
Question. Are the three components (Objects / Relations

/ Subgoals) and the logical cleaning necessary?

Experiment. We compare:

1. Full three-part structure (Objects + Relations + Sub-

goals);

2. Raw Subgoals (un-cleaned original subgoal text);
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3. Cleaned Subgoals (logically cleaned, natural-language

subgoals).

Table 3. Effect of structured reasoning composition.

Input Type spatial object goal 10 Avg

Cleaned Subgoals 90.4 79.4 81.6 58.8 77.55
Full three-part structure 0.0 0.0 0.0 0.0 0.0

Raw Subgoals 64.8 48.4 51.5 31.8 49.13

Analysis. Directly injecting the full three-part struc-

tured text collapses performance to 0.0% across suites, in-

dicating that OpenVLA’s language embedding is highly

sensitive to unseen structural tags (e.g. <objects>) and

non-natural formats. Such structural noise, being out-of-

distribution, disrupts task understanding entirely. Using Raw
Subgoals avoids complete failure but remains much worse

than Cleaned Subgoals: the average gap is 28.4 percentage

points (49.13% vs. 77.55%). This shows that numbering (e.g.

“1:”), redundancy, and irregular punctuation in raw subgoals

substantially degrade decision consistency.

(c) Impact of Weighting among Reasoning Compo-
nents

Question. How do loss weightings for Objects / Relations

/ Subgoals during distillation affect performance?

Experiment. We test multiple weight configurations:

(1:1:1), (1:1:2), (2:1:2), and (1:2:2).
Table 4. Impact of component weighting during distillation.

Weight (O:R:S) spatial object goal 10 Avg

Q-3B* 88.8 78.4 79.6 56.6 75.8

1:1:1 88.2 78.2 79.6 57.0 75.75

1:1:2 90.4 79.4 81.6 58.8 77.55
2:1:2 88.6 78.4 79.4 57.2 75.9

1:2:2 88.2 78.4 79.1 57.4 75.73

* Q-3B denotes the non-distilled Qwen2.5-VL-3B zero-shot base-

line.

Analysis. We first assess the zero-shot (ZS) ability of the

non-distilled Qwen2.5-VL-3B. It already achieves an aver-

age of 75.80%, outperforming baseline OpenVLA (72.1%)

by 3.7 percentage points. This result is significant, as it val-

idates our core hypothesis that modern lightweight VLMs

possess considerable latent structured reasoning abilities use-

ful for VLA. However, zero-shot performance is notoriously

unreliable and unconstrained. A ZS VLM may generate

non-template prose, hallucinate irrelevant details, or fail to

adhere to the strict format required for stable downstream

execution. The primary contribution of our Bridge-CoT dis-

tillation is not merely the +1.75% performance gain, but

the transformation of an unreliable ZS reasoner into a ro-

bust, format-consistent planning module. This “harnessing”

and “alignment” of the model’s latent ability via distillation

is a prerequisite for stable, large-scale evaluation. Further-

more, the (1:1:2) weighting schema highlights the role of

the Objects (O) and Relations (R) components. Although

O and R are discarded at inference time (per Tab. 3), they

serve as a critical inductive bias during training. By forcing

(a) Input Scene with many beans.

Listing (1) Generated Plans

ZS Q-3B
<objects> bean : black :

1 bean : black : 1
...

(repeats until max
token length)

BridgeLang
<objects> beans : black

: many
<relations> <subgoals>

(b) Generated Plans.

Figure 3. Case 1: The “Beans” Case. Given the same input scene

(a), the ZS model (b, top) fails by repeating symbols. Our Bridge-

Lang (b, bottom) successfully abstracts and generates a valid plan.

the model to first explicitly ground its understanding of the

scene’s entities (O) and their spatial context (R), we ensure

the final Subgoals (G) plan is visually grounded rather than

a non-contextual linguistic hallucination. This ’perceive-

understand-plan’ chain within the training objective is es-

sential for generating semantically accurate and executable

plans, even if only the final plan is used.

Summary. The primary sources of improvement are:

1. the semantic consistency and structured expression of

Subgoals;

2. logical cleaning aligning text with the VLA language

space; and

3. emphasizing Subgoals in the distillation loss.

Lightweight VLMs act as strong zero-shot structured reason-
ers; Bridge-CoT–based distillation that emphasizes subgoal

supervision further refines this ability to better match down-

stream action execution.

4.4. Qualitative Analysis
To complement our quantitative results, we provide two key

qualitative case studies that illustrate the mechanisms behind

BridgeLang’s performance gains.

Case 1: Distillation for Robust Reasoning (The
“Beans” Case). First, we demonstrate why our Bridge-CoT

distillation (supporting Tab. 4) is critical for robust reasoning.

As shown in Fig. 3, when the zero-shot (ZS) Q-3B model

encounters a scene with many identical items, it enters a

repetitive loop, failing to abstract. This “symbolic collapse”

prevents it from generating a usable plan. In contrast, our

finetuned BridgeLang learns to abstract the concept (e.g.

beans: many), successfully completing the O-R-S chain.

This provides concrete evidence that our distillation is essen-

tial for transforming an unreliable ZS model into a robust

planner.

Case 2: Overcoming Policy Brittleness (The “Frozen”
& “Jitter” Cases). Second, we show how BridgeLang’s

plans enhance the downstream VLA policy (supporting

Tab. 1). We identify two common baseline failure modes,

shown in Fig. 4. The baseline OpenVLA can suffer from
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(a) Baseline “Frozen”

state.

(b) Baseline “Jitter”

state.

(c) Ours: Success

(same seed).

Figure 4. Case 2: Policy Brittleness. The baseline model (under

the same seed) gets stuck in “Frozen” (a) or “Jitter” (b) states.

Our BridgeLang-enhanced model (c) successfully overcomes this

brittleness to execute the task.

policy inertia (“Frozen” state, Fig. 4a), failing to initiate any

action. In other cases, after a failed grasp, it enters a “jitter”

loop (Fig. 4b), unable to recover. Under the identical seed,

BridgeLang’s explicit subgoals eliminate both failure modes,

“kick-starting” the policy and enabling robust error correction

(e.g. re-attempting the grasp), ultimately succeeding in the

task (Fig. 4c). This shows our method transforms a brittle

policy into an actionable one.

Furthermore, we observe this improvement is highly

asymmetric: while BridgeLang frequently converts base-

line failures into successes (as shown in Fig. 4), we rarely

observe the opposite. That is, BridgeLang does not ’break’

or introduce new failures to scenarios where the baseline

already succeeds. This strongly suggests that our structured

reasoning supplement acts as a purely positive robustness

enhancement, guiding the policy out of brittle states without

disrupting its existing competencies.

4.5. Efficiency, Interpretability, and Generalization
(a) Efficiency and Overhead BridgeLang adds minimal

computational cost. On an NVIDIA RTX 3090, it performs

a single pre-task inference with an average latency of 1.5 s.

This one-time cost contrasts sharply with the 50–200 s VLA

task execution time and, critically, does not affect real-time

control latency, embodying the lightweight and deployable

Plug-and-Think paradigm.

(b) Interpretability of Structured Reasoning The three-

part output (Objects–Relations–Subgoals) forms a read-
able reasoning chain, improving interpretability and sta-

bility. During action-focused training, VLA models may

see degraded vision–language understanding; BridgeLang’s

cleaned subgoals explicitly specify actionable targets (e.g.

“grasp black bowl; place black bowl on plate”), which sharp-

ens semantic grounding for action localization. Unlike CoT-

VLA [43], which introduces substantial latency via full vi-

sual CoT, BridgeLang injects task decomposition and execu-

tion planning via structured subgoals without added runtime

overhead. Conceptually, it enables language as thought,
delivering explicit CoT without architectural changes.

(c) Cross-Task Generalization Although BridgeLang is

never trained on LIBERO, it improves performance across

all four suites by 2.6–8.2%, demonstrating strong cross-

task generalization. Thanks to language-driven abstraction,

BridgeLang remains robust to different instruction styles

(natural-language vs. task-specific language). While our

experiments focus on OpenVLA, BridgeLang is architec-

turally agnostic and interfaces via text; hence, its structured

outputs are, in principle, applicable to other VLA systems,

suggesting promising model-agnostic transfer and system-

level generality.

(d) Discussion and Summary In summary, BridgeLang

delivers explicit, interpretable reasoning, cross-task general-

ization, and system reusability at minimal computational cost.

The proposed External Structured Reasoning Layer demon-

strates that lightweight, language-based reasoning can signif-

icantly improve task understanding and decision consistency

in VLA without re-training or architectural modifications—

advancing a practical Think-before-Act paradigm for embod-

ied AI.

5. Conclusion and Future Work
The primary objective of this work was not merely to intro-

duce a new reasoning module, but to systematically exam-

ine whether structured Chain-of-Thought (CoT) reasoning

can substantially enhance task understanding and decision

consistency in existing Vision–Language–Action (VLA) sys-

tems without any VLA retraining. Our experiments verify

this hypothesis: by injecting semantically accurate and logi-

cally cleaned subgoal supplements prior to task execution,

the VLA model achieves an average improvement of +5.45%

in success rate.
Limitations and Future Work. We conclude by noting

key limitations that open clear avenues for future research.
First, BridgeLang’s reasoning is currently static and open-
loop; future studies should explore dynamic, closed-loop
replanning triggered by environmental feedback or execu-
tion failures. Second, our “0.0% failure” finding reveals
the VLA’s fragility to structured input. This motivates mov-
ing beyond our natural language workaround to develop
lightweight structure-aware adapters that could leverage the
full <objects> and <relations> information. Third,
our validation is limited to OpenVLA in simulation; testing
generality on real-world robots and broader architectures
(e.g. RT series, Octo) is a critical next step. Finally, our
offline hard-label distillation could be enhanced by explor-
ing feature-level or distribution-level knowledge transfer to
better capture the teacher’s reasoning.
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