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ABSTRACT

Vision–language–action (VLA) models map visual observations and language in-
structions to continuous robot actions. This task requires a transition from repre-
sentations that describe the scene and instruction to representations that support
action generation. Many continuous-action VLAs leave this transition implicit and
supervise it mainly through the final action-prediction loss. We introduce PAIR,
a framework that learns a shared perception–action representation between these
two spaces. During training, a Masked Action Autoencoder encodes expert action
chunks into horizon-aligned Action Latent Tokens. A Bridge Module extracts
task-relevant features from the current visual–language representations. PAIR
aligns these features with the Action Latent Tokens to form Bridge Tokens that
preserve task information and capture the structure of expert actions. The Bridge
Tokens are then projected into the action-token space and injected into the initial
Action Tokens, providing an action-ready starting point for Action Expert refine-
ment. At inference, the autoencoder is removed, and the Bridge Tokens are gener-
ated only from the current observation and instruction. Experiments on LIBERO,
LIBERO-Plus, and CALVIN ABC→D show gains for the evaluated OpenVLA-
OFT and VLA-Adapter models. On LIBERO-Plus, PAIR raises VLA-Adapter’s
success rate from 59.1% to 64.2%. On CALVIN, it increases VLA-Adapter’s
average completed sequence length from 4.42 to 4.53. Across seven real-world
tasks, PAIR raises OpenVLA-OFT’s success rate from 51.4% to 65.0%. Repre-
sentation analyses show that Bridge Tokens retain task information while making
continuous-action information accessible before Action Expert refinement. These
results support a shared intermediate representation as a useful interface between
perception and action in continuous-action VLAs.

1 INTRODUCTION

Vision-language-action (VLA) policies have emerged as a promising framework for robot control.
By mapping visual observations and language instructions to continuous actions, they unify visual
grounding, language understanding, and control within a single policy. Recent models have achieved
strong performance across diverse manipulation tasks (Brohan et al., 2022; 2023; Kim et al., 2025b;
Wang et al., 2026). Yet this unified formulation hides a difficult representational transition.

The visual-language perception space and the action space are organized around fundamentally
different semantics. The former describes the current world and the intended task, including scene
content, object relations, and instruction-level intent. The latter specifies how the robot should
act through temporally ordered, executable control. We refer to this semantic mismatch as the
perception–action representation gap.

Existing VLA policies learn to traverse this gap primarily through end-to-end action supervision.
The final action loss specifies which action should be produced, while the representation that con-
nects visual-language semantics to action semantics is left implicit. Action tokens must therefore
discover within the policy both what information is relevant to control and how it should be reorga-
nized into an action-ready representation.

Recent work has sought to facilitate this transition by exposing control-relevant structure through
visual traces, affordances, visual reasoning, and learned latent actions (Zheng et al., 2025; Nasiriany
et al., 2024; Zhao et al., 2025; Liu et al., 2026b). These efforts show that making such structure
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Figure 1: Conceptual view of the perception-to-action transition. Standard VLAs require Action
Tokens to acquire and organize action-relevant information during decoding. PAIR instead learns
perception-derived Bridge Tokens shaped by the structure of expert actions and injects them into the
initial Action Tokens, so that the Action Expert begins from an action-ready intermediate state and
refines it toward continuous control. The Action Autoencoder is used only during training.

explicit can facilitate action generation. Yet robot demonstrations already pair the two sides of the
transition: visual–language context specifies what behavior is required, while expert actions reveal
how that behavior is executed. This raises a central question:

Can we learn the missing intermediate representation directly from perception and action—a bridge
that carries task semantics from one space and executable structure from the other?

We introduce PAIR, a framework for learning a Perception–Action Intermediate Representation
directly from paired robot demonstrations. From the action side, a Masked Action Autoencoder
encodes expert action chunks into Action Latent Tokens. Reconstructing the demonstrated actions
requires these tokens to preserve the temporal and executable structure. From the perception side,
a Bridge Module condenses the current visual-language representations into compact, task-relevant
features. Aligning these features with the Action Latent Tokens transfers action structure into the
perception-derived representation, forming Bridge Tokens that jointly encode task semantics and
action information. Perception supplies the semantic content, expert actions supply the executable
structure, and alignment integrates both into a unified bridge.

PAIR then projects the Bridge Tokens into the action-token space and injects them at the begin-
ning of action decoding. This early Bridge Injection primes the action tokens with task-aware and
action-structured information, providing an explicit starting point for the perception-to-action tran-
sition. The policy can then refine this prior through its original action-decoding process rather than
constructing an action-ready representation from the final action objective alone.

Experiments on LIBERO (Liu et al., 2023), LIBERO-Plus (Fei et al., 2026), and CALVIN ABC→D
(Mees et al., 2022) demonstrate consistent gains across OpenVLA-OFT and VLA-Adapter. PAIR
raises the average success rate of VLA-Adapter from 97.3% to 98.4% on LIBERO and from 59.1%
to 64.2% on LIBERO-Plus. On CALVIN, it improves the average completed sequence length from
4.28 to 4.40 with OpenVLA-OFT and from 4.42 to 4.53 with VLA-Adapter. Across seven real-
world tasks, PAIR further raises the average success rate of OpenVLA-OFT from 51.4% to 65.0%.
These improvements span standard manipulation, zero-shot distribution shifts and long-horizon ex-
ecution. Representation analyses further show that Bridge Tokens retain task context while exposing
action structure before decoding, supporting their role as an explicit interface between perception
and action.

Contributions. Our contributions are as follows:

• We characterize the perception–action representation gap in continuous-action VLAs as the im-
plicit transition from visual–language semantics to executable action semantics under final action
supervision.
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• We introduce PAIR, which learns perception-derived Bridge Tokens whose task semantics are
organized by expert-action structure, and uses early Bridge Injection to provide Action Tokens
with an action-aware starting point for refinement.

• We demonstrate consistent gains across standard manipulation, zero-shot distribution shifts,
long-horizon execution, and real-world control, together with representation-level evidence that
Bridge Tokens retain task semantics while exposing action structure before Action Expert re-
finement.

2 RELATED WORK

Intermediate representations for perception-to-action learning. Intermediate representations
make control-relevant structure explicit before action prediction. Motion-oriented approaches en-
code trajectories, visual traces, or future scene changes (Niu et al., 2025; Zheng et al., 2025; Zhang
et al., 2025). Spatial representations introduce geometric information into perception and action
modeling (Qu et al., 2025; Li et al., 2025), while affordance-based methods describe possible inter-
actions or key robot configurations (Nasiriany et al., 2024; Yu et al., 2026). These approaches define
the intermediate representation through a chosen physical abstraction, such as motion, geometry,
or affordance. PAIR does not prescribe a particular physical meaning for the bridge. Its content is
learned from the two spaces it is meant to connect: visual–language context provides task seman-
tics, while expert actions organize the representation around executable structure. In this way, task
context and action structure jointly determine what the intermediate representation retains.

Latent action representations and tokenization. Latent action methods learn compact repre-
sentations of robot behavior for pretraining, prediction, and control. LAPA derives discrete latent
actions from visual transitions for VLA pretraining without robot action labels (Ye et al., 2025),
while UniVLA learns task-centric latent actions for policy learning (Bu et al., 2025). FAST and
VQ-VLA tokenize continuous action chunks for token-based policies (Pertsch et al., 2025; Wang
et al., 2025a). These approaches primarily structure how actions themselves are represented, tok-
enized, or predicted. LARA (Liu et al., 2026b) moves closer to the perception–action interface by
aligning latent visual dynamics with intermediate Action Expert features during generation. PAIR
targets a different object: a perception-derived intermediate representation that is shaped by expert-
action structure during training and made available before Action Expert refinement begins.

3 METHOD

We consider a robot demonstration consisting of a visual observation o, a language instruction ℓ,
and an H-step expert action chunk A ∈ RH×da . The VLA backbone encodes the observation
and instruction into visual–language representations HV L = fV L(o, ℓ), which condition an Action
Expert to predict continuous actions.

A useful representation between perception and action should carry two complementary forms of in-
formation: the task semantics that determine what behavior is required, and the executable structure
that determines how the behavior should unfold. As illustrated in Figure 2, PAIR learns these prop-
erties from the two sides of the transition. A Masked Action Autoencoder captures action structure
from expert trajectories, while a Bridge Module extracts compact task-relevant information from the
visual–language context. Aligning their horizon-wise representations forms Bridge Tokens, which
are injected into Action Tokens at the beginning of the Action Expert.

At inference, the Action Autoencoder is removed and the Bridge Module predicts the task-
conditioned, horizon-wise tokens directly from the current observation and instruction.

3.1 MASKED ACTION AUTOENCODER

We first construct the action side of the intermediate representation. The desired representation
should preserve the information that makes an expert trajectory executable, including its control
content and temporal organization. We use trajectory reconstruction as a functional learning objec-
tive: a latent sequence that can recover the complete action chunk must retain the structure needed
to reproduce that behavior.
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Figure 2: Overview of PAIR. The Masked Action Autoencoder encodes expert actions into Ac-
tion Latent Tokens, which guide the perception-derived Bridge Tokens through representation
alignment. The Bridge Tokens are projected into the Action Token space and injected at the
entrance of the Action Expert.

The Masked Action Autoencoder receives a corrupted expert trajectory. The corruption operator
C randomly masks action steps and perturbs the sequence with Gaussian noise. This corruption
prevents the autoencoder from trivially copying individual action values: masking forces it to recover
missing steps from temporal dependencies among action steps, while noise encourages a robust
latent representation of the underlying action structure. Its encoder uses self-attention across action
steps to model temporal dependencies within the action chunk. The resulting latent sequence is
decoded back into the clean trajectory:

Ã = C(A), Z̃A = EA(Ã), ÂAE = DA(Z̃A). (1)

Here, Z̃A = [z̃A,1, . . . , z̃A,H ] ∈ RH×dz contains one Action Latent Token for each step of
the action horizon.

The autoencoder is trained with an ℓ1 reconstruction objective:

LAE =
1

H

H∑
i=1

∥âAE,i − ai∥1 . (2)

After this stage, we freeze the autoencoder. During PAIR training, its encoder processes the clean
expert action chunk and produces the reference tokens ZA = sg[EA(A)].

3.2 BRIDGE MODULE

The Action Latent Tokens encode the temporal and control structure of the demonstrated behavior.
The visual–language context contains rich scene and task information. The Bridge Module uses
learnable queries to extract and organize the subset most relevant to the upcoming action.

The module starts from H learnable queries QB = [q1, . . . ,qH ]. Through cross-attention, the
queries gather task-relevant information from HV L. Self-attention across the resulting slots coordi-
nates this information over the action horizon:

B = Gϕ (QB ,HV L) ∈ RH×db . (3)

The learnable queries convert the dense visual–language context into a compact sequence with one
slot for each step of the action horizon. At this stage, B contains task information extracted from
the current observation and instruction.
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Cross-space alignment. The two paths now provide horizon-aligned representations with com-
plementary content: B captures the task context, while ZA captures the structure of the correspond-
ing expert behavior. We connect them through an Alignment Projector and align corresponding
temporal slots:

Lalign =
1

H

H∑
i=1

[1− cos (Palign(bi), zA,i)] . (4)

We use the pre-projector sequence B = [b1, . . . ,bH ] as the Bridge Tokens. Their content is selected
from the current visual–language context, while the alignment objective organizes that content ac-
cording to expert action structure. The resulting representation therefore carries task semantics and
executable information within the same horizon-wise token sequence.

3.3 BRIDGE INJECTION

Bridge Tokens are learned to mediate the transition from visual–language semantics to executable
action. We place them at the beginning of the Action Expert, where Action Tokens enter the compu-
tation that develops their action semantics. This early injection primes the Action Tokens with the
information represented on both sides of the transition.

Let X0
A ∈ RH×dh denote the Action Tokens entering the Action Expert. A projector maps the

Bridge Tokens into the same hidden space, while a token-wise gate regulates their contribution
across the action horizon:

X̃0
A = X0

A + tanh(Gg(B))⊙ P (B). (5)
Here, P projects the Bridge Tokens into the Action Token space, and Gg predicts an input-dependent
injection weight for each temporal slot.

The Action Expert processes the primed tokens through its original computation and produces the
continuous action chunk. Because task-relevant context and action structure are available from
the first expert block, the Action Tokens begin from an explicit intermediate state and refine it
toward executable control.

3.4 TRAINING

The two training stages follow the construction of the intermediate representation. The first stage
learns action structure by optimizing the Masked Action Autoencoder with LAE. The second stage
freezes the autoencoder and transfers this structure to the perception-derived Bridge Tokens while
learning to use them inside the policy.

Let Lact denote the original continuous action prediction loss of the VLA policy. The second-stage
objective is

LPAIR = Lact + λalignLalign, (6)
where λalign controls the contribution of the representation alignment objective. The VLA policy
and bridge module are optimized jointly in this stage.

During inference, the Bridge Module extracts Bridge Tokens from the current visual–language rep-
resentations. Bridge Injection then primes the Action Tokens at the beginning of the Action Expert
for continuous action prediction.

4 EXPERIMENTS

Our experiments address three questions:

• Does PAIR improve manipulation performance, zero-shot generalization, and long-horizon exe-
cution, and do these gains extend to real-world tasks? (Secs. 4.2–4.3)

• Do Bridge Tokens encode task semantics and action structure before the Action Expert, and how
does their action information compare with baseline Action Tokens across layers? (Section 4.4)

• How do action alignment and injection position affect PAIR’s performance, and what are the
contributions of adaptive injection and autoencoder noise? (Section 4.5; Appendix A)
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4.1 EXPERIMENTAL SETUP

Benchmarks and metrics. LIBERO (Liu et al., 2023) evaluates task-conditioned manipulation
across the Spatial, Object, Goal, and Long suites, which vary spatial relationships, manipulated ob-
jects, task goals, and action-sequence length. We evaluate each task over 50 rollouts from the official
initial states and report success rates for each suite and their average. Following the official protocol,
LIBERO-Plus (Fei et al., 2026) evaluates the corresponding LIBERO-trained checkpoints zero-shot
under changes in camera viewpoint, robot initial state, language instruction, lighting, background,
sensor noise, and object layout. CALVIN ABC→D (Mees et al., 2022) trains policies in environ-
ments A–C and evaluates 1,000 five-task chains in unseen environment D. We report success at
completing at least one to five consecutive tasks and average completed sequence length, capturing
both individual-task performance and sustained execution. Additional protocols are in Appendix C.

Backbones and implementation. We evaluate PAIR with VLA-Adapter (Wang et al., 2026)
on LIBERO/Plus, both VLA-Adapter and OpenVLA-OFT (Kim et al., 2025a) on CALVIN, and
OpenVLA-OFT on the real robot. Each + PAIR row augments the preceding backbone. We
train on four NVIDIA RTX 6000 Ada Generation GPUs; detailed training settings are provided
in Appendix C.

4.2 SIMULATION RESULTS

We report PAIR’s aggregate results as mean ± standard deviation over three random seeds.

Table 1: Simulation results on LIBERO. Success rate (%) is reported for each task suite and their
average. Best results are in bold.

Method Spatial Object Goal Long Avg.

SpatialVLA (Qu et al., 2025) 88.2 89.9 78.6 55.5 78.1
WorldVLA (Cen et al., 2025) 87.6 96.2 83.4 60.0 81.8
π0-FAST (Pertsch et al., 2025) 96.4 96.8 88.6 60.2 85.5
LARA (full) (Liu et al., 2026b) 88.0 92.0 88.5 86.0 88.6
GR00T N1 (Bjorck et al., 2025) 94.4 97.6 93.0 90.6 93.9
π0 (Black et al., 2025) 96.8 98.8 95.8 85.2 94.2
UniVLA (Bu et al., 2025) 96.5 96.8 95.6 92.0 95.2
UnifiedVLA (Wang et al., 2025b) 95.4 98.8 93.6 94.0 95.5
OpenVLA-OFT (Kim et al., 2025a) 97.6 98.4 97.9 94.5 97.1
π0.5-LARA (Liu et al., 2026b) 99.0 98.5 99.0 94.5 97.8

VLA-Adapter (Wang et al., 2026) 97.8 99.2 97.2 95.0 97.3
+ PAIR 99.2 99.6 98.6 96.2 98.4

LIBERO: task-conditioned manipulation. PAIR raises VLA-Adapter’s average success from
97.3% to (98.4±0.3)%, improving all four suites (Table 1). Gains of 1.4 points on Spatial and Goal
and 1.2 on Long extend the benefit of the bridge from basic manipulation to longer action sequences.
The Object suite also improves from 99.2% to 99.6%.

Table 2: Zero-shot LIBERO-Plus results with LIBERO-trained checkpoints. Total follows the
benchmark’s overall score, not the seven-category mean. Best results are in bold.

Method Camera Robot Language Light Background Noise Layout Total

OpenVLA (Kim et al., 2025b) 0.8 3.5 23.0 8.1 34.8 15.2 28.5 15.6
WorldVLA (Cen et al., 2025) 0.1 27.9 41.6 43.7 17.1 10.9 38.0 25.0
NORA (Hung et al., 2025) 2.2 37.0 65.1 45.7 58.6 12.8 62.1 39.0
UniVLA (Bu et al., 2025) 1.8 46.2 69.6 69.0 81.0 21.2 31.9 42.9
π0 (Black et al., 2025) 13.8 6.0 58.8 85.0 81.4 79.0 68.9 53.6

VLA-Adapter (Wang et al., 2026) 36.2 37.9 74.6 70.6 76.1 58.0 69.7 59.1
+ PAIR 44.3 45.7 75.1 75.8 80.3 64.7 72.6 64.2

LIBERO-Plus: zero-shot OOD generalization. PAIR improves all seven OOD categories, in-
creasing overall success from 59.1% to (64.2± 0.4)% (Table 2). The largest gains occur for camera
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viewpoint (+8.1 points), robot initial state (+7.8), and noise (+6.7), followed by lighting (+5.2),
background (+4.2), and layout (+2.9); language perturbations improve by 0.5 points. Comparing the
same LIBERO-trained checkpoints across both benchmarks, PAIR gains 1.1 points on LIBERO and
5.1 points under distribution shift. The overall success-rate drop from LIBERO to LIBERO-Plus
decreases from 38.2 points for VLA-Adapter to 34.2 points with PAIR.

CALVIN: long-horizon execution. PAIR improves sustained multi-task execution with both
backbones (Table 3). Average sequence length increases from 4.28 to 4.40 ± 0.04 for OpenVLA-
OFT and from 4.42 to 4.53 ± 0.03 for VLA-Adapter; five-task success rises by 3.9 and 3.7 points,
respectively. For comparison, the gains in single-task success are 0.7 and 0.1 points. For both back-
bones, the margin over the baseline grows as more consecutive tasks are required, showing that the
benefit is more pronounced in sustained execution than in completing the first task alone.

Table 3: Simulation results on CALVIN ABC→D. We report success rates (%) for completing at
least one to five consecutive tasks and average completed sequence length. Best results are in bold.

Method 1 2 3 4 5 Avg. Len.

OpenVLA (Kim et al., 2025b) 91.3 77.8 62.0 52.1 43.5 3.27
RoboVLMs (Li et al., 2026) 98.0 93.6 85.4 77.8 70.4 4.25
VPP (Hu et al., 2025) 96.5 90.9 86.6 82.0 76.9 4.33
UnifiedVLA (Wang et al., 2025b) 98.9 94.8 89.0 82.8 75.1 4.41
DreamVLA (Zhang et al., 2025) 98.2 94.6 89.5 83.4 78.1 4.44
NIAF (Liu et al., 2026a) 99.7 95.9 90.6 84.8 76.4 4.47
HARP-VLA (Zhu et al., 2026) 99.8 96.7 91.3 84.4 75.9 4.48
VLA-Adapter-Pro (Wang et al., 2026) 98.5 95.0 90.5 85.3 80.0 4.50
LIRA (Zhang et al., 2026) 98.8 95.3 91.0 85.8 80.5 4.52

OpenVLA-OFT (Kim et al., 2025a) 96.9 92.0 85.7 80.4 72.9 4.28
+ PAIR 97.6 93.1 88.8 83.7 76.8 4.40

VLA-Adapter (Wang et al., 2026) 99.1 94.6 88.8 82.8 76.5 4.42
+ PAIR 99.2 96.1 91.7 86.0 80.2 4.53

4.3 REAL-WORLD EXPERIMENTS

Object placement Button pressing Cube placement Cup stacking

Board wiping Water pouring Drawer loading

Figure 3: Seven real-world tasks on the UF850, spanning language grounding, multi-step execution,
and precise manipulation.

Platform and tasks. We evaluate seven tasks on a UFACTORY UF850 with synchronized third-
person and wrist-mounted Intel RealSense RGB observations and robot proprioception (Figure 3).
Object placement, cube placement, and cup stacking require selecting or arranging objects accord-
ing to the instruction; button pressing requires executing a specified color order. Board wiping
involves sustained tool contact, water pouring requires controlled liquid transfer, and drawer load-
ing combines opening the specified drawer with placing a bowl inside. Together, these tasks cover
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language-conditioned selection, sequential interaction, precise placement, and contact-rich manipu-
lation. Task instructions and demonstration sequences are provided in Appendix C.3.

Demonstration data and evaluation. We collect expert demonstrations through Quest VR tele-
operation, with 30–51 trajectories per task and 293 trajectories in total. OpenVLA-OFT and PAIR
use identical processed demonstrations and train a separate policy for each task. Each method is
evaluated over 20 trials per task, totaling 140 trials across the seven tasks.

Results. PAIR improves OpenVLA-OFT on all seven tasks, from 51.4% to 65.0% overall (Fig-
ure 4). Gains span object placement (+15 points), sequential button pressing (+5), and drawer
loading (+15), with the largest gain in water pouring (+20). Improvements therefore appear in both
instruction-driven discrete interactions and tasks requiring extended control over object motion or
contact, extending the simulation results to physical manipulation.
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all seven tasks, with an overall gain of 13.6 percentage points.

4.4 ANALYSIS

Using frozen representations from 500 task-balanced LIBERO-Spatial frames, Figure 5(a) uses five-
fold linear probes with trajectory-grouped splits to predict ten task identities and eight coarse action
modes clustered from ground-truth action chunks. It compares Bridge Tokens with latents from
the action autoencoder. Figure 5(b) decodes the full eight-step, seven-dimensional action chunk
from pre-Transformer Bridge Tokens and baseline Action Tokens after each block. Both panels
use the same 500 frames and trajectory-grouped folds. Higher accuracy or R2 means more linearly
accessible information; details of the layerwise action-decoding and geometry analyses are provided
in Appendix B.

Task
identity

Action
clusters

0

25

50

75

100

Ba
la

nc
ed

 a
cc

ur
ac

y 
(%

)

(a) Task and action content

Bridge Token
Action-AE Latent

0 6 12 18 24
Transformer layer

0.00

0.25

0.50

0.75

1.00

Ac
tio

n-
ch

un
k 

pr
ed

ict
io

n 
(R

2 )

(b) Action information by depth

Bridge Token
Baseline Action Token

RSA (ρ) Top-10
overlap

0.00

0.25

0.50

0.75

1.00

Ag
re

em
en

t

(c) Action geometry

Bridge Token
Shuffled pairing

Figure 5: Bridge Tokens connect task semantics to action structure. (a) Linear-probe balanced
accuracy for task identity and action clusters. (b) Action-chunk R2 for baseline Action Tokens across
layers (blue) and Bridge Tokens before the Action Expert (dashed). (c) RSA and top-10 neighbor
overlap with ground-truth actions. Error bars show fold standard deviations in (a,b), and task stan-
dard deviations for Bridge Tokens or 5th–95th permutation percentiles for shuffled controls in (c).

8



Bridge Tokens encode both task and action information. Figure 5(a) contrasts task identity
with coarse action-mode decodability. Bridge Tokens achieve 87.8% ± 4.5% task accuracy versus
35.2% ± 4.0% for action-only autoencoder latents. They also retain strong action-cluster accuracy
(91.5% ± 2.2%), compared with 94.1% ± 2.3% for the action-only representation. Bridge Tokens
therefore combine substantially richer task information with strongly accessible action structure.

Bridge Tokens make actions readable before Action Expert refinement. Baseline Action To-
kens progressively acquire continuous-action information through the Transformer, reaching R2 =
0.844 only at the final block. Bridge Tokens already reach R2 = 0.878 before the first block (Fig-
ure 5(b)). Action information is therefore linearly accessible in Bridge Tokens at the entrance of
the Action Expert.

The bridge preserves relationships between actions. Figure 5(c) compares Bridge-token and
ground-truth action geometry using cross-trajectory pairs within each task. RSA reaches 0.878 and
top-10 neighbor overlap reaches 80.4%, versus 0.014 and 21.6% after shuffling. Bridge Tokens
therefore preserve continuous action geometry beyond task identity.

4.5 ABLATION STUDIES

We ablate the injection position and alignment weight on LIBERO with VLA-Adapter. Each setting
is evaluated across all four suites. The action-side target ablation appears in Appendix A.

Table 4: Injection position ablation on the four LIBERO task suites. Values are success rates (%).
Position Spatial Object Goal Long Avg.

Start (base) 99.2 99.6 98.6 96.2 98.4
End 98.4 99.0 97.6 94.6 97.4
Middle 98.8 98.9 98.3 95.6 97.9
All 98.7 99.0 97.9 94.8 97.6

An early bridge is more effective than repeated injection. Entrance injection achieves 98.4%
average success, above end (97.4%), middle (97.9%), and all-layer (97.6%) injection (Table 4). This
supports an action-informed starting point for refinement (Section 4.4).

Table 5: Alignment loss weight ablation on the four LIBERO task suites. Values are success
rates (%).

λalign Spatial Object Goal Long Avg.

0.1 (base) 99.2 99.6 98.6 96.2 98.4
0.01 98.8 99.2 98.0 95.2 97.8
0 98.2 98.8 97.4 94.4 97.2

Action alignment strengthens the bridge. Without alignment, average success is 97.2%;
λalign = 0.01 and 0.1 reach 97.8% and 98.4% (Table 5). Alignment shapes bridge content, while
entrance injection sets when it becomes available to the Action Expert.

5 CONCLUSION

PAIR introduces an explicit intermediate representation for the perception-to-action transition in
continuous-action VLAs. Bridge Tokens combine visual–language context with action structure
and prime Action Tokens at the entrance of the Action Expert. Across LIBERO, LIBERO-Plus,
CALVIN, and seven real-world tasks, PAIR improves two VLA backbones in standard manipulation,
zero-shot generalization, long-horizon execution, and physical control. Representation analyses
show that the learned bridge carries both task and action information, while ablations identify action
alignment and early injection as its key ingredients. These results establish explicit perception–
action intermediates as a practical design principle for VLA policies.
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A ADDITIONAL ABLATIONS

We report further comparisons on the four LIBERO suites using VLA-Adapter. The base setting is
the same as in the main-text ablations; all table entries are success rates (%).

Table 6: Action-side alignment target ablation on LIBERO. Success rates (%).
Alignment Target Spatial Object Goal Long Avg.

Raw expert actions 98.2 98.6 97.0 94.4 97.1
Action Latent Tokens (base) 99.2 99.6 98.6 96.2 98.4

Learned action tokens are a stronger alignment target. The raw-action variant aligns the bridge
directly to expert action chunks, whereas PAIR uses the Action Autoencoder’s horizon-aligned Ac-
tion Latent Tokens. The latter reaches 98.4% average success versus 97.1% for raw actions (Table 6),
improving all four suites; its largest gain is 1.8 points on Long.

Table 7: Injection strength ablation on the four LIBERO task suites. Values are success rates (%).
Injection Strength Spatial Object Goal Long Avg.

Learnable (base) 99.2 99.6 98.6 96.2 98.4
1.0 98.8 99.4 98.2 95.6 98.0
0.5 98.9 99.3 98.1 95.9 98.1

Adaptive weighting improves over a fixed contribution. Learnable injection reaches 98.4%,
versus 98.0% and 98.1% for fixed strengths of 1.0 and 0.5 (Table 7), supporting adaptive
bridge weighting.

Table 8: Action AE noise ablation on the four LIBERO task suites. Values are success rates (%).
AE Training Spatial Object Goal Long Avg.

Noise (base) 99.2 99.6 98.6 96.2 98.4
Clean 98.4 99.0 97.6 95.4 97.6

Noise during autoencoder training. Training with noise improves average success from 97.6% to
98.4% and improves every suite. Denoising therefore produces action structure that remains useful
under input corruption.

B ADDITIONAL ANALYSIS

B.1 LAYERWISE PROBE PROTOCOL

For the layerwise analysis in Figure 6, we use frozen representations from LIBERO-Spatial, with
500 training-set frames balanced across the ten tasks. Each example contains eight pre-LLM Bridge
Tokens, the corresponding Action Latent Tokens, and an eight-step, seven-dimensional ground-truth
action chunk. Both the Bridge–Action Latent and Bridge–baseline Action Token comparisons use
the same 500 frames, action targets, and trajectory-grouped folds. Baseline VLA-Adapter Action
Tokens are extracted before the Transformer and after each of its 24 blocks.

Classification and regression. Representations are flattened, standardized, and reduced to 50
principal components when their input dimension exceeds 128. Preprocessing is fit on the train-
ing portion of each fold. Task classification uses the ten task identities; action classification uses
eight KMeans clusters of standardized ground-truth action chunks (K = 8, 20 initializations, seed
7). A multinomial logistic-regression probe with C = 1 is evaluated using five trajectory-grouped
folds, with all frames from each trajectory assigned to the same fold. We report mean balanced
accuracy and fold standard deviation. Continuous-action prediction uses ridge regression (α = 10)
on the same trajectory-grouped folds with training-fold target standardization; we report variance-
weighted R2. The split seed is 7.
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B.2 TASK AND ACTION INFORMATION ACROSS DEPTH
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Figure 6: Task identity and action-cluster decodability across depth. Blue curves show baseline
Action Tokens with fold-standard-deviation bands. Green dashed lines indicate the pre-LLM Bridge
Token score. Layer 0 precedes the Transformer; layers 1–24 denote completed blocks.

Figure 6 separates access to task identity from access to action patterns. Baseline Action Tokens
acquire task information rapidly: task accuracy reaches 97.0% after the first block and remains high
through much of the network, ending at 89.6%. Their action-cluster accuracy develops more gradu-
ally and reaches 89.1% at the final block. Bridge Tokens provide 87.8% task accuracy together with
91.5% action-cluster accuracy before entering the Action Expert, making both forms of information
accessible from the beginning of action generation.

Depth-wise transition. The two baseline curves evolve differently: task identity becomes acces-
sible after the first block, whereas action-cluster structure accumulates more gradually. The Bridge
Token operating point combines both signals before any Action Expert block. Its task accuracy
remains close to the baseline’s late-layer level, while its action-cluster accuracy already exceeds
the final baseline value. This pattern complements the entrance-injection ablation: PAIR makes an
action-aware state available at the start of refinement, while the baseline develops action structure
across later blocks.

B.3 CONTINUOUS-ACTION DECODING ACROSS DEPTH

Figure 7 directly compares how much continuous control information is readable from the two
Action-Token pathways. After Bridge Token injection, PAIR begins at 47.3% decoding score, com-
pared with 20.1% for the baseline tokens before the Transformer. The advantage is largest at the
entrance, remains visible across most early and middle depths, and reappears at the final block
(76.4% versus 72.7%). Thus, the injected Action Tokens start from a more action-readable state and
retain that advantage through refinement.
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Figure 7: Continuous-action decodability of Action Tokens across depth. Ridge readouts predict
the full eight-step ground-truth action chunk from frozen Action Tokens. Scores are 1−MAE after
target normalization, pooled over five trajectory-grouped held-out folds on 1,000 shared LIBERO-
Spatial examples. PAIR tokens are measured after Bridge Token injection; baseline tokens are
measured before and after each Transformer block.

B.4 ADDITIONAL ACTION-GEOMETRY EVIDENCE
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Figure 8: Action-cluster geometry and kernel alignment. (a,b) Cosine similarities between GT-
derived action-cluster centroids in the two spaces, using a shared color scale. A0–A7 index un-
supervised clusters rather than named behaviors. (c) Within-task linear CKA. Error bars indicate
task standard deviation for Bridge Tokens and the 5th–95th percentile interval of the trajectory-
permutation reference.

Sampling and comparison. The geometry analysis uses a separate deterministic 500-frame sub-
set: two ordered frames from each of 25 trajectories per task. Bridge representations and ground-
truth actions are independently flattened, feature-wise standardized, centered within each task, and
L2-normalized. RSA compares cosine-distance ranks for same-task, cross-trajectory pairs. Top-10
neighbor overlap uses the same task and trajectory restrictions. Linear CKA compares the centered
cosine Gram matrices within each task. Scores are averaged across the ten tasks. The permutation
reference reassigns complete two-frame trajectory groups within each task 200 times while retaining
their internal order.
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Action geometry across complementary metrics. The centroid heatmaps summarize relation-
ships among action-cluster means. Positive similarity between A0 and A1 and between A3 and A5,
and negative similarity between A2 and A3, are retained across the two spaces. Differences between
the matrices reflect the perceptual and task context carried by Bridge Tokens. At the sample level,
linear CKA reaches 0.887 compared with 0.148 under shuffled correspondence, with task-wise val-
ues ranging from 0.865 to 0.909. Together with the distance-ranking and neighborhood results in
the main text, these metrics show action structure at both sample and cluster levels.

C IMPLEMENTATION AND EVALUATION DETAILS

C.1 TRAINING HYPERPARAMETERS

Table 9: Default training hyperparameters. Batch denotes the effective batch size across four
GPUs. The OpenVLA-OFT learning rate remains constant because its decay milestone follows
the 50k-step run.

Stage / backbone Batch Steps Learning rate Schedule LoRA rank

Action Autoencoder 64 50k 3×10−4 cosine, 1k warmup –
VLA-Adapter + PAIR 64 150k 2×10−4 cosine 64
OpenVLA-OFT + PAIR 64 50k 5×10−4 constant 32

Additional settings. The Action Autoencoder is trained for 50k steps on LIBERO demonstrations
for LIBERO and zero-shot LIBERO-Plus, on CALVIN demonstrations for CALVIN, and separately
on each task’s demonstrations for the seven real-world tasks. We use AdamW for both stages. The
Action Autoencoder uses weight decay 10−4 and clips the gradient norm at 1.0. Policy training uses
bfloat16, image augmentation, and alignment weight λalign = 0.1.

PAIR architecture. The Action Autoencoder comprises a two-layer pre-norm Transformer en-
coder and a one-layer pre-norm Transformer decoder, both using self-attention over the action chunk
with four attention heads. During training, action steps are randomly masked with probability 0.5
and Gaussian noise with standard deviation 0.05 is added before reconstruction. Both OpenVLA-
OFT and VLA-Adapter use eight Bridge Tokens, matching the eight action-step tokens at the in-
put to their final Action Experts. The Bridge Module forms them from learned horizon-aligned
queries using one pre-norm cross-attention block over the visual–language tokens, followed by one
pre-norm self-attention block; both use eight attention heads and residual MLP blocks. The align-
ment and injection projections are two-layer MLPs with GELU activations. Injection is scaled by a
zero-initialized per-token gate implemented by layer normalization, a scalar linear projection, and
a tanh nonlinearity.

C.2 SIMULATION BENCHMARKS

LIBERO. The Action Autoencoder is trained on LIBERO data, and the VLA-Adapter policy is
trained on the corresponding suite. LIBERO (Liu et al., 2023) evaluates task-conditioned manip-
ulation across the Spatial, Object, Goal, and Long suites. These suites vary spatial relationships,
manipulated objects, task goals, and the length of the required action sequence. We evaluate each
task for 50 rollouts from the official initial states using 256×256 environment observations, and
report each suite’s success rate and their average.

LIBERO-Plus. Following the official evaluation protocol (Fei et al., 2026), we directly eval-
uate the corresponding LIBERO-trained checkpoints zero-shot. The seven perturbation cate-
gories cover camera viewpoint, robot initial state, language instruction, lighting, background, sen-
sor noise, and object layout. Per-category and overall success assess generalization beyond the
original training conditions.

CALVIN. We use the ABC→D split (Mees et al., 2022): policies train in environments A–C and
execute 1,000 five-task chains in unseen environment D. OpenVLA-OFT executes each eight-step
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action chunk open-loop before replanning. We report success at completing at least one to five con-
secutive tasks and average completed sequence length, measuring both individual-task performance
and sustained execution.

C.3 REAL-WORLD TASKS AND EVALUATION

Platform, data, and evaluation. All physical experiments use a UFACTORY UF850 arm with
synchronized wrist-mounted and fixed third-person Intel RealSense RGB cameras. The policy re-
ceives both RGB views and robot proprioception. Expert demonstrations are collected through Quest
VR teleoperation and converted to RLDS. For each task, we train a separate Action Autoencoder for
PAIR and separate policies for OpenVLA-OFT and PAIR on identical processed trajectories. We
evaluate 20 trials per task (140 in total) and report the macro-average across the seven tasks.

Table 10: Real-world task definitions and dataset sizes. X , Y , and Z denote instance-specific objects
or colors.

Task Instruction and success criterion Demos.

Object placement “Place the object in the Y bowl.” Place the object in the instructed bowl. 51
Button pressing “First press X , then Y , and finally Z.” Press the three buttons in the

specified order.
50

Cube placement “Put X in the cup.” Select the instructed cube among the candidates and
place it in the cup.

51

Cup stacking “Stack X on top of Y .” Stack the instructed source cup on the target cup. 51
Board wiping “Wipe the marked circle off the whiteboard.” Grasp the eraser and remove

the marked circle.
30

Water pouring “Pour water from the red cup into the blue cup.” Transfer the water be-
tween the specified cups.

30

Drawer loading “Open the second drawer and place the blue bowl inside.” Open the speci-
fied drawer and place the bowl inside.

30

Task coverage. The task suite spans instruction-conditioned target selection in object and cube
placement, relative object reasoning and terminal alignment in cup stacking, ordered execution in
button pressing, and contact-rich or articulated manipulation in board wiping, water pouring, and
drawer loading. Together, these tasks cover discrete task specification, sequential control, and ex-
tended physical interaction under a shared hardware and observation setup.
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(a) Object placement Place the object into the instructed bowl.

Initial scene Grasp Lift Move to bowl Lower into bowl

(b) Button pressing Press the colored buttons in the instructed order.

Initial scene Approach Press blue Press red Press orange

(c) Cube placement Select the instructed cube and place it into the cup.

Initial scene Grasp cube Lift Align above cup Release

(d) Cup stacking Stack the instructed cups.

Initial scene Grasp cup Align cups Lower Release

(e) Board wiping Wipe the marked circle off the whiteboard.

Initial scene Grasp eraser Move to board Contact Wipe

(f) Water pouring Pour water from the red cup into the blue cup.

Initial scene Grasp cup Lift and tilt Pour Continue pouring

(g) Drawer loading Open the second drawer and place the blue bowl inside.

Initial scene Open drawer Grasp bowl Move to drawer Place bowl

Figure 9: Demonstration sequences for the seven real-world tasks. Each row shows five chrono-
logical frames from one recording, with short labels identifying the manipulation stages.
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