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Figure 1. We present CoVer-VLA, a contrastive verification framework for vision—language—action alignment. Our method trains a verifier on
large-scale robotics datasets with contrastive learning, enabling zero-shot alignment verification for generalist robot policies out of the box. At
test-time, the verifier can be used to perform instruction optimization and action verification, improving downstream performance for VLAs.

Abstract

The long-standing vision of general-purpose robots hinges on
their ability to understand and act upon natural language in-
structions. Vision-Language-Action (VLA) models have made
remarkable progress toward this goal, yet their generated ac-
tions can still misalign with the given instructions. In this paper;
we investigate test-time verification as a means to shrink the
“Intention-action gap.” We first characterize the test-time scaling
laws for embodied instruction following and demonstrate that
Jjointly scaling the number of rephrased instructions and gener-
ated actions greatly increases test-time sample diversity, often
recovering correct actions more efficiently than scaling each
dimension independently. To capitalize on these scaling laws, we
present CoVer, a contrastive verifier for vision-language—action
alignment, and show that our architecture scales gracefully with
additional computational resources and data. We then introduce
CoVer-VLA, a hierarchical test-time verification pipeline using
the trained verifier. At deployment, our framework precomputes
a diverse set of rephrased instructions from a Vision-Language-
Model (VLM), repeatedly generates action candidates for each
instruction, and then uses the verifier to select the optimal high-
level prompt and low-level action chunks. Compared to scaling
policy pre-training on the same data, our verification approach
vields 22% gains in-distribution and 13% out-of-distribution on
the SIMPLER benchmark, with a further 45% improvement in
real-world experiments. On the PolaRiS benchmark, CoVer-VLA
achieves 14% gains in task progress and 9% in success rate.

1. Introduction

For robots to be useful in human-centric environments, they
must be able to interpret and act upon natural language instruc-
tions. Vision-Language-Action (VLA) models, pre-trained on
large-scale robotic datasets, have made significant progress
towards this goal [4, 19]. However, their widespread deployment
is hindered by a critical “intention-action gap”: the misalignment
between generated actions and the given language instructions.
When the policy fails to follow the instruction, this gap can
result in costly errors. For instance, a robot tasked with “putting
a plastic container into a drawer” might correctly grasp the
container but then fail to discriminate between the oven and a
nearby drawer, mistakenly placing the container inside the oven.
The container could melt or even catch fire. Addressing this
fundamental misalignment is essential for deploying robots in
real-world settings.

Existing efforts to close this gap have largely focused on
scaling policy pre-training, such as augmenting training data
with rephrased instructions [41] or employing larger VLM
backbones [2, 11]. However, these approaches typically yield
only incremental gains, and performance still degrades severely
under simple perturbations [10, 18]. Moreover, scaling policy
pre-training often leads to catastrophic forgetting, where
learning action generation diminishes the VLM’s multimodal
understanding and reasoning, hindering generalization and
semantic understanding [10, 14]. In this paper, we argue that
VLA alignment can be more effectively improved through
test-time scaling. More specifically, we ask in this work:

CVPR

027

028
029
030
031
032
033
034
035
036
037
038
039
040
041
042

043
044
045
046
047
048
049
050
051
052
053
054



CVPR

055
056
057

058
059
060
061
062
063
064
065
066
067
068
069
070

071
072
073
074
075
076
077
078
079
080
081
082
083
084
085
086

087
088
089

CVPR 2026 Submission #. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Prompt 1
E> Prompt 2

PromptN ———

Objects: Coke, Red Bull, Pl
Task: Put Red Bull Can on Plate
Rephrases:

1. Move the Blue Can to Plate

2. Place Red Bull Can onto Dish

Robot Action Action 1
[ Ax, AG, AGrip ] N : Action 2
I I : © ActionK

1. High-Level Instruction Optimization

2. Low-Level Action Verification

60 4 o + CoVer
g
>,
: ] 7x Faster
; % 50 - To
-
12}
17}
© 8 40
]
-}
[ I
9 3]
0 . :
0 1020 1021

reasoning over the scene and precomputes a set of rephrased instructions during boot time. At each step during deployment, our framework generates
a batch of action candidates for each instruction using a VLA. Middle: CoVer then scores all instruction—action pairs and selects the optimal
high-level instruction and low-level action chunk for execution. Right: Compared to prior work on scaling policy learning [3], our approach achieves
stronger performance while requiring substantially less compute. The reported training compute for 7o includes both pre-training and fine-tuning on
augmented instruction sets, whereas o + CoVer accounts for pre-training 7y and training the CoVer verifier on the same data.

Can we enable VLAs to leverage additional computation
at test time to improve the alignment between their generated
actions and the provided language instructions?

The implications of answering this question extend not only
to the generalization capabilities of VLAs, but also to how
practitioners should trade off pre-training and test-time compute
in robotics. To this end, we first characterize the test-time scaling
law for embodied instruction following. Assuming the presence
of an oracle verifier, we observe that action error consistently
decreases as we scale the number of rephrased instructions,
establishing a clear relationship between linguistic diversity
and performance gains. Moreover, we demonstrate that jointly
scaling the number of rephrased instructions and the generated
actions constructs a more diverse action proposal distribution.
This hybrid sampling approach often recovers correct actions
more efficiently than scaling each dimension independently.

To leverage these scaling laws, we seek to develop a robust
verifier for both instruction optimization and action verification.
Existing verifiers often focus on low-level dynamics [21, 27] and
require costly interactions with the environment [24]. To address
this, we draw insights from cross-modal alignment [31, 36]
and introduce CoVer, a contrastive approach for verifying the
alignment across vision, language, and action. Our architecture
employs two key components: a text-aware visual encoder
that selectively extracts task-relevant features, and an action
encoder that captures long-range temporal dependencies within
action chunks. The results show that scaling the number of
synthetic instructions, model parameters, negative samples, and
verifiers in an ensemble consistently improves verification and
downstream retrieval accuracy of CoVer. We train CoVer on
20 million offline samples using a 1B parameter backbone,
producing a robust verifier for test-time scaling.

During deployment, our framework first leverages “boot-time
compute” to let the robot reason offline. Given the initial ob-
servation and language instruction, a VLM performs structured

reasoning over the scene—identifying relevant objects, spatial re-
lations, and plausible task decompositions. The resulting reason-
ing traces are then used to precompute a diverse set of rephrased
instructions, allowing the robot to avoid redundant rephrase gen-
eration during execution. At test time, we employ a hierarchical
verification pipeline. This pipeline generates a batch of action
candidates for each precomputed instruction with a VLA, scores
all instruction-action pairs using CoVer, and then selects the
optimal high-level instruction and low-level action chunks for
execution. In summary, our contributions are as follows:

1. We characterize the test-time scaling law for embodied
instruction following and propose a compute-efficient action
sampling method.

2. We present a contrastive verifier for vision—language—action
alignment and show that our architecture scales gracefully
with additional computational resources and data.

3. We introduce boot-time compute for offline embodied
reasoning and a hierarchical test-time verification pipeline
that couples high-level prompt optimization with low-level
action chunk selection.

4. We show that pairing VLAs with CoVer substantially im-
proves downstream performance, achieving a 45% absolute
improvement on real-world tasks, 18% on SIMPLER
environments, and 9% on the PolaRiS benchmark.

2. Related Work

Vision-Language-Action Models. Recent VLA models,
pre-trained on large-scale multimodal data and fine-tuned for vi-
suomotor control, have demonstrated impressive generalization
across tasks, objects, and environments [3, 19, 28, 33, 35]. Yet,
they still struggle with instruction following: semantically equiv-
alent rephrases can cause sharp drops in success [10, 18]. Some
recent work seeks to mitigate this issue by scaling up model
capacity [23], expanding training data [12, 42], and introducing
auxiliary objectives to preserve linguistic knowledge [8, 20].
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Figure 3. Test-Time Scaling Law for Embodied Instruction Following. Compared to prior methods that construct an action proposal distribution
through repeated sampling [27] or Gaussian perturbations [21], we find that instruction rephrasing produces a broader set of action candidates,
leading to improved recovery of the correct action. Furthermore, a hybrid test-time scaling strategy that increases both the number of rephrases and
the number of sampled actions per rephrase is more effective than either strategy alone. We characterize each sampling approach using a power law,
where the logarithm of oracle action error e is a function of the number of action candidates k: log(e) ~log(a)+b-log(k).

Orthogonal to these training approaches, our work takes a
test-time perspective: we treat a user instruction as a distribution
over phrasings and verify resulting actions before execution.

Test-Time Scaling. Inference with additional compute has
emerged as a promising paradigm for tackling challenging prob-
lems across diverse domains, including language reasoning [5,
26, 32, 34], visual understanding [39], and agentic planning [43].
In the context of robot learning, recent studies have demonstrated
the effectiveness of optimizing over multiple candidate action
sequences to enhance performance [27, 40], consistency [25],
and robustness [21]. Such sampling processes can be further
accelerated via guidance mechanisms in the latent space [37, 44].
Despite these advances, existing approaches still struggle with
instruction following and often incur substantial computational
overhead. Our method addresses these challenges through an
action verification mechanism explicitly designed for instruction
following while enabling acceleration through pre-computation.

Action Verification. FEarly work on action verification
derives signals directly from the policy itself, e.g., prediction
uncertainty [13, 41] and temporal consistency [1, 25], yielding
lightweight ways to convert prior knowledge into a quality
estimator. More recently, a growing body of work has focused
on training explicit models for action verification, such as value
functions [7, 15] and preference models [21]. Another line of
work decomposes verification into two stages: predicting future
states with a dynamics model [30, 40], and then assessing task
progress in the predicted states. However, these techniques are
still largely centered on low-level dynamics, while high-level
instruction following remains a challenge. We instead formulate
action verification as a contrastive alignment problem between
language and behavior, explicitly targeting instruction-following
quality.

3. Test-Time Scaling Analysis

In this section, we characterize the test-time scaling law for
embodied instruction following, revealing how linguistic
diversity in instructions affects downstream robot policy
performance. Following the scheme introduced by Kwok et
al. [21], we uniformly sample 1,000 (s, a, I) tuples from
the Bridge V2 dataset [38]. For each tuple, we scale the
number of generated action candidates using different sampling
strategies and compute the Normalized Root Mean Squared
Error (NRMSE) between the ground-truth action a* and each
of the sampled actions {ay, az, ..., ¢y }.

We evaluate four sampling approaches: Repeated sampling:
actions are repeatedly sampled from a robot policy 7(a | s, I)
with a positive temperature. Gaussian perturbation: a small
batch of actions is sampled from the policy 7(a | s, I), from
which a Gaussian distribution is fit and used to draw all
candidate actions. Instruction rephrasing: actions are sampled
from the policy 7(a|s, I) conditioned on rephrased instructions
{l1, la, ..., I} generated by a VLM. Hybrid sampling: instead
of generating a single action candidate per rephrased instruction,

we fan out and repeatedly sample multiple actions per rephrase.

We also find that the relationship between action error and total
inference FLOPs follows an exponentiated power law across
these sampling methods. For power law fitting, we model
the logarithm of action error e as a function of the allocated
inference compute.

The results in Figure 3 reveal two key findings: (1) instruction
rephrasing consistently yields lower action error compared to
vanilla repeated sampling and Gaussian perturbation; and (2) the
hybrid approach combining instruction rephrasing with repeated
sampling achieves even greater diversity by exploring radically
different actions rather than getting stuck in a local minimum.
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4. Method

While prior works focus either on policy learning or on atomic-
level action verification, our approach introduces a general
hierarchical test-time verification and scaling framework (Sec-
tion 4.1) that integrates scalable verifier training (Section 4.2)
and hierarchical instruction-action verification (Section 4.3).
Instead of treating the base model’s output as final, we jointly se-
lect high-level language prompts and low-level action alignment
through an optimized latency-aware inference pipeline.

4.1. Hierarchical Prompt-Action Optimization

We consider a sequential decision-making problem with obser-
vation space O, action space .A, and natural-language instruction
space L. At timestep ¢, the robot receives an observation o; € O
and a user instruction [ € £. A chunk-based VLA policy 7
produces an action chunk a; ~ w(a; | o¢,1), where a; may
correspond to multiple low-level control steps. Natural language
permits many semantically equivalent rephrases, yet VLA
policies are notoriously sensitive to phrasing. For a rephrased
instruction !, the induced action a; ~ 7 (a} | o,l') may deviate
significantly from the intended behavior, revealing a brittleness
to linguistic drift. This motivates treating the instruction itself
as a decision variable that can be optimized at test time.

Language-level optimization. Rather than committing to a
single phrasing, we construct a set with & number of rephrases:

L()={11,....l }

all expressing the same user intent. Each [}, conditions a different
action distribution under the fixed base policy. To formalize
the objective, we use a conceptual reward function (o, a,!)
that measures how well an action « fulfills the semantics of the
original instruction /; this reward is not computed at test time
but serves to define the ideal target behavior. We then aim to
select the rephrase whose induced behavior best aligns with the
original intent:

l :argl/rréangaNﬂ(,|ohl/) [r(ot,a,l)] .

This reformulates VLA inference as an optimization problem
in language space, not parameter space.

Action-level optimization. Given a selected rephrase [*,
sampling a single action from 7 is unreliable due to bias and
noise. We therefore draw M candidate action chunks from
the policy, conditioning on the current observation o; and the
selected instruction [*:

a’; ~(- | o,l"),

j=1,.....M,

We then select the candidate that maximizes semantic
alignment with the instruction:

P = V 7h al*v /’ Ll
ay argjrg[a}\?] 9(0t t CLJ)
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Figure 4. Overview of CoVer Training Strategy. CoVer learns a joint
embedding space aligning visual observations, language instructions,
and robot actions through contrastive pre-training. A fused image—text
encoder selectively extracts task-relevant visual features, while an action
encoder projects action sequences into the same embedding space.
This architecture enables cross-modal alignment between high-level
instructions and executed behaviors.

where V) estimates vision—language—action alignment, and
hy € AW denotes the recent action history (e.g., the past C
actions), providing temporal context to the verifier.

This view unifies language refinement and action verification:
the system first searches for the rephrase whose induced action
distribution aligns with the user intent, then verifies individual
action candidates within that distribution. Overall, developing
verifier Vy is essential. In the next section, we will describe how
to develop a robust and scalable verifier from available robotics
datasets.

4.2. Offline Verifier Training

The objective of verifier Vy is to assess the semantic alignment
between visual observations, instruction language, and action
sequences. A central challenge in training a VLA verifier is
that robotic datasets contain only successful demonstrations,
providing no direct supervision indicating when an action is
semantically misaligned with an instruction. Constructing neg-
ative examples is non-trivial [41]: synthesizing incorrect actions
often produces unrealistic motions, while manually annotating
failures is prohibitively expensive. Contrastive learning [31, 36]
offers a natural solution by treating other actions in the batch
as implicit negatives, allowing the model to learn alignment
structure without curated failure labels. Our training pipeline
consists of two stages: (i) augmenting the instruction space with
diverse rephrases and (ii) contrastive learning on the augmented
dataset. The detailed algorithm is shown in Algorithm 1.

Rephrase Augmentation. To address the linguistic sensitivity
of VLA policies, we expand each original instruction solely
in language space, leaving observations and actions fixed.
The training language augmentation is obtained from Open-X
Embodiment [6] datasets Z, where each original task instruction
set Z(1) corresponds to N rephrases. Each selected rephrase
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Algorithm 1 Verifier Training with Rephrase Augmentation

Require: Offline trajectories D= {(0s,hy,l,az )}, ; batch size

B; Augmented Instruction Set Z

1: Initialize augmented dataset Dyo «— ()
Stage 1: Rephrase Augmentation

2: for (o4,hy,l,a;) €D do

3: for 12¢ in Z(1) do

4: Daug <—DaugU{(0t7ht,lffe,at)}
Stage 2: Verifier Training

5: Initialize parameters 6

6: while not converged do

7: Sample minibatch {(0;,h,;,a;) }2 | ~Diyyg

8 fori=1..B do

9: Fi :Fcombined (Oivli)
10: A;=A(hia;)
11 Normalize: f; =F;/||F;|l2, a;=A;/||Ail2
12: C(;mpute pairwise si(nﬂl)arities s =1(f;,a;)
. =0 _ e OP(5ii)
13: L7 =—log ST exp(ses)
) a—>f 1o oXP(sii)
14 L7 =08 oo

15: EInfoNCE: ﬁ2i1(£1‘f‘m+[’f%f)
16: 0 < 0—nVoLitoNcE

I6¥¢ from Z(l) is then paired with the same observation o,
and ground-truth action sequence that consists of short-term
action history h; and future action chunk a; to form additional
training tuples. Rephrases enable the verifier to encounter
multiple linguistic realizations of the same underlying intent.
This procedure enlarges the effective language coverage of the
dataset without altering the action distribution, and equips the
verifier with the ability to distinguish true semantic equivalence
from phrasing-induced discrepancies that often mislead the base
VLA policy. Though the same rephrase augmentation technique
has been developed for policy learning [9, 10], we demonstrate
that using the same data budget to train a verifier would be more
effective than directly augmenting the policy training dataset.

Verifier Training and Architecture. The verifier aims
to estimate the alignment between visual-textual and action
representations.  Visual inputs and language tokens are
encoded with pre-trained SigL.IP2 encoders [36], then fused via
text-aware visual attention to obtain instruction-relevant features.
Vision and text encoders are frozen during verifier training to
preserve the web-scale knowledge [16]. The resulting fused
representation Fompined captures visual-language context. The
action sequence, which contains short-term history and future
chunks, is processed by a transformer encoder to better capture
the temporal features of low-level behaviors [25]. The fused
vision—language representation F oompined and the action embed-
ding A are then />-normalized to get f and a respectively. Their
similarity defines the alignment score: s(f,a)=(f,a). Given a
minibatch of B tuples {(0;,h;,l;,a;)} 2 ,, the verifier is trained

with bi-directional InfoNCE [29] objective. This symmetrical
formulation aligns vision—language embeddings f with action
embeddings a in both directions. By treating all other pairs in
the batch as implicit negatives, it leverages the diversity of each
minibatch to learn robust fine-grained correspondences without
requiring explicit failure labels or hand-crafted counterexamples.
Such in-batch contrastive structure enables the verifier to
discover meaningful distinctions between semantically aligned
and misaligned behaviors, leading to more stable and cycle-
consistent vision—language—action grounding during test-time
verification. The verifier structure is shown in Figure 4. Given
a robust verifier that can score the alignment between intentions
and actions, we develop a general verification framework that
can adapt to any VLA policies without additional training.

4.3. Test-time Verification

In Section 4.2, we explored the advantages of contrastive
training for vision-language-action alignment, which enables
zero-shot verification for both instruction and actions. Such
bidirectional features make the verification process more flexible.
In this section, we propose CoVer-VLA, a test-time verification
framework that is robust to language-induced action drift, while
adding only minimal latency from proposal generation and
verification. CoVer-VLA casts inference as a hierarchical verifi-
cation problem as shown in Figure 5. The system first evaluates
on the language level, selecting the instruction whose induced
action distribution is most semantically reliable, and then selects
the optimal action chunk conditioned on that instruction. This
hierarchical structure enables the robot to update its active
language prompt online and to filter action proposals using a
learned alignment score, improving robustness without altering
the underlying VLA policy. To support this procedure, we first
introduce boot-time rephrase generation and caching that sig-
nificantly boosts runtime efficiency by bringing scene reasoning
offline. We follow with the details on batched action proposals
that enable efficient search over both languages and actions.

Boot-time rephrase generation and caching. To efficiently
handle linguistic variability, we expand each free-form instruc-
tion !’ into K rephrases using an off-the-shelf VLM. The VLM
takes the initial scene image oy and user instruction I’ as input.
It generates both scene-level reasoning and rephrased command
variants {/},}5 | . Leveraging the VLM’s reasoning capabilities
incorporates web-scale knowledge into the rephrase generation
process. Running the VLM on-the-fly, however, is computation-
ally expensive and can introduce undesirable latency or motion
discontinuities during robot control. Given that user intent is typi-
cally consistent throughout an episode, generating new rephrases
mid-rollout offers limited benefits. Instead, we perform rephrase
generation and embedding computation entirely at boot time. By
caching rephrase embeddings before execution, we shift the heav-
iest computations off the critical path and ensure that retrieving
rephrase features at inference time incurs negligible overhead.
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Figure 5. Overview of Test-Time Verification Pipeline. At deploy-
ment, the system performs hierarchical optimization over language and
action spaces. Given a user prompt and the initial observation, a VLM
first reasons over the scene and generates a set of rephrased prompts
at boot time. For each rephrase, a VLA samples action candidates con-
ditioned on the corresponding instruction. The trained CoVer verifier
then scores all instruction—action pairs and selects the optimal prompt
and action for execution.

Inference with batched action proposals. With rephrases
cached and a verifier in place, we perform chunk-level
optimization by jointly searching over rephrased instructions and
candidate action chunks. Let {l} }2 | denote the K rephrases
generated at boot time, with I{ =1’. At each chunk boundary,
the base VLA policy induces a distribution over action chunks,
a~7(-|ogl},), from which we sample M candidates for each
rephrase. This yields K x M proposals:

ay ;~7(-| o}, k=1,.,K,j=1,...M.

Each proposal is then evaluated by the verifier ensemble with
respect to the user instruction I,

! !
Sk,j :VG(Otaht7l 7a‘k,j)7

producing a semantic alignment score for every (rephrase,
action) pair. To determine which rephrase induces the most
reliable action distribution, we take the average scores across
all M actions from the same language:

M
1 *
Sk:M E 15k7jv k :argm]?xSk.
j=

The chosen rephrase [;. becomes the active language for this
chunk. Within the selected rephrase, the controller chooses the
highest-scoring action candidate:

-k
J :argm]axsk*7j.

The selected action chunk afe* * is executed, and the state
(0t+A,hi+ ) is updated accordingly. This procedure repeats at
each chunk boundary, forming a closed-loop optimization that
continually adapts both the instruction and the executed action.

5. Experiments

5.1. Verifier Scaling Results

In this section, we investigate the scaling behavior of the CoVer
verifier. We conduct thorough studies to explore the impact
of five key dimensions: model size, dataset size, batch size,
training compute, and ensemble size.

We first evaluate how scaling synthetic instructions and
model parameters affects verifier performance. As shown
in Figure 4, CoVer exhibits consistent scaling trends: every
increase in dataset size (from 8 to 64 x) or in model capacity
(from 250M to 1B parameters) leads to steady improvements in
top-1 retrieval accuracy. This provides strong empirical evidence
that our contrastive approach effectively capitalizes on scaling.

We also investigate the effects of scaling batch size and
training epochs. Because our verifier relies on contrastive
learning, the number of in-batch negative samples is critical
for learning robust decision boundaries. We find that larger
batch sizes (scaling from 2,048 to 8,192) provide a richer set

of negative examples, thereby facilitating better convergence.

Similarly, extending training epochs exposes the model to more
diverse negative samples, leading to improved results.

Finally, we explore test-time ensembling as a scaling
dimension.  Specifically, we train multiple verifiers with
identical architectures and data budgets, differing only in their
random seeds. During inference, we average the image, text,
and action embeddings across these verifiers before computing
the cosine similarity between modalities. We find that action
retrieval accuracy consistently improves as the ensemble size
increases (from 1 to 8). These gains stem from variance
reduction, as the ensemble averages out individual model biases.

5.2. Implementation Details

Our final CoVer verifier is a 1B-parameter model trained with
a batch size of 32,768 on the augmented Bridge V2 dataset [38]
containing 16x synthetic instructions. Training was conducted
for a total of 2k steps using 8 NVIDIA H200 GPUs. For
deployment, we utilize an ensemble of 3 verifiers to balance
robustness and computational overhead.

5.3. Evaluation Setup

We evaluate CoVer-VLA across both simulated and real-world
settings, focusing on robustness to linguistic variation and
generalization on out-of-distribution environments. Our primary
benchmark is the SIMPLER benchmark [22], which includes
four in-distribution (ID) manipulation tasks and three OOD
variants containing distractor objects and clutter [9]. We
evaluate on four representative tasks from the SIMPLER
environment and adopt three challenging OOD tasks from
Interleave-VLA [9], includes ‘“Redbull on Plate”, ‘“Zucchini
on Towel”, and “Tennis in basket”. The OOD environments
contain multiple objects in the scene, where the VLA cannot
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Figure 6. Verifier Scaling Results. We show that our architecture scales gracefully with additional compute and data. The top-1 action-retrieval
accuracy consistently improves as we scale the number of synthetic instructions, model parameters, negative samples, training compute, and the
number of verifiers in the ensemble. This result strongly indicates that our approach benefits from scaling, which we exploit for training CoVer.

rely solely on visual inputs and must also reason over the object
information in the instructions. For real-world experiments, we
use the WidowX robot to evaluate two tasks “pepto bismol on
plate” and “redbull on plate”. We use 7y as the base model
for tasks in BridgeV2. To assess how our approach performs
with a stronger base policy, we also evaluate using m 5 and
CoVer on the PolaRiS benchmark [17]. All evaluations are
conducted under challenging red-teaming instructions generated
by ERT [18]. Our framework samples 8 rephrased instructions
and generates 5 action candidates per rephrase.

Baselines and Ablations. We compare CoVer-VLA against
five variants built on the same 7y backbone to disentangle the
effects of training-time augmentation and test-time verification.
(1) my denotes the generalist robot policy fine-tuned on
BridgeV2 without instruction augmentation or verification.
(2) mo (rephrase) [10] represents 7y finetuned on instruction-
augmented datasets. (3) RoboMonkey [21] applies a 7B-scale
verifier with action resampling for test-time scaling, serving
as the strongest prior method without hierarchical reasoning.
@)mo+ CoVer introduces our verifier-based inference that
jointly optimizes over rephrases and action chunks at test
time. (5) mo+Rand. Reph. uses a single random rephrase
without verification to isolate the role of language selection.
(6) my (rephrase)+ CoVer combines both training-time
augmentation and our hierarchical test-time verifier to examine
their complementarity. Together, these baselines allow us
to examine the effectiveness of (i) training-time instruction
augmentation, (ii) test-time verification of instructions and
actions, and (iii) verifier-guided hierarchical optimization. This
allows us to systematically assess CoVer ’s robustness and
ability to generalize across tasks.

5.4. Simulation Evaluation Results

Figure 7 summarizes performance across four ID tasks and
three OOD tasks under red-teaming instructions. Due to training
distribution shift, Robomonkey fails to select optimal actions
given challenging instructions. For all the other ablations, we
observe different levels of performance gain over the base robot
policy my. We highlight three key findings below:

(1) Training-time augmentation alone provides modest
performance gain. We show that fine-tuning 7y on augmented
instruction sets can indeed improve robustness to challenging

rephrases. However, this approach yields only minimal gains on
in-distribution environments (41.5— 44) and provides modest
improvements on OOD tasks.

(2) Random rephrases can improve performance on some
tasks but lack consistency without language-level verification.
Using a randomly generated VLM rephrase slightly improves ID
performance over the base policy 7y (41.5 — 42.3), confirming
that rephrasing can enhance policy performance in some cases.
However, OOD performance declines (29.7 — 28.7), and the
variance across tasks is substantial. For example, the model
achieves a 78% success rate on Eggplant in Basket but only 1%
on Redbull on Plate. This reveals a key insight: while certain
rephrased instructions can be beneficial, others may catastrophi-
cally mislead the policy. These results underscore the potential of
VLM-generated rephrasings, but also expose their inconsistency.

(3) CoVer-VLA substantially enhances generalization
and complements policy learning. Pairing CoVer with
significantly enhances robustness, yielding a 16% improvement
on in-distribution tasks and a 31% gain in OOD environments.
Notably, we find that scaling verification (7y + CoVer) outper-
forms scaling policy learning (7 fine-tuned with augmented
instructions), achieving 15% gains on ID tasks and 12% on
OOD, while requiring substantially less compute, as illustrated
in Figure 2. Interestingly, our approach is complementary to
scaling policy learning. Combining 7, (rephrase) and CoVer
achieves the strongest overall performance: 65.5% on ID tasks
and 62.0% on OOD tasks. We further evaluate our method with
a stronger base model, 7 5, on the PolaRiS benchmark [17].
Pairing 7 5 with CoVer leads to a 14% improvement in task
progress and a 9% gain in success rate. By jointly selecting the
semantically aligned instruction and verifying action chunks, our
method reliably recovers correct behavior even under heavily
perturbed instructions and in challenging OOD environments.

5.5. Real-World Evaluation Results

We further evaluate CoVer-VLA in two real-world manipulation
tasks as shown in Figure 8. CoVer-VLA substantially outper-
forms the baselines, improving the success rate by 30% and
60%, respectively. CoVer-VLA consistently shows the correct
intention to accomplish the task, whereas the other baselines
often fail to identify the correct object. We observe that the
base 1y model often failed to initiate motion under challenging
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Figure 7. SIMPLER Evaluation Results. We demonstrate that scaling test-time verification with CoVer significantly enhances the robustness of
VLAs across diverse manipulation tasks. Compared to scaling policy pre-training on the same data, our verification-based approach achieves a 22%
improvement on in-distribution tasks and a 13% improvement on OOD tasks.
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Table 1. PolaRiS Evaluation Results. Mean task progress and success
rate (4= standard deviation) across 50 episodes and 3 seeds on three
PolaRiS environments using o5 as the base robot policy. Pairing
mo.5 with CoVer consistently improves performance across all tasks,
achieving a 13.9% gain in task progress and a 9.3% increase in success
rate on average.

scenes and instructions, resulting in 0% success. Overall, these
results demonstrate that scaling test-time verification with CoVer
provides an effective and scalable pathway toward building a
robust robotics foundation model.

5.6. Latency Analysis and Optimizations

While our approach introduces additional computational over-
head from action sampling and verification, we mitigate these
costs through several key optimizations. Concretely, we decou-
ple the image-text encoder and action encoder within our verifier
architecture. This design enables the image-text embedding to
be computed in parallel with the forward pass of the base robot
policy. As aresult, the end-to-end latency of our pipeline consists
only of batched inference with 7y (or 7 5) and a lightweight
action encoder from CoVer. The action encoder consistently
adds only ~8 ms even at larger batch sizes. In addition, repeated
sampling can exploit KV cache optimizations and batch process-
ing to achieve higher throughput than greedy decoding, allowing
CoVer-VLA to sample and verify 16 candidate actions in
approximately 453 ms (~2.2 Hz). We also avoid online rephrase
generation by shifting reasoning to boot time. Specifically, we
precompute and cache a set of diverse rephrased instructions

Stomach Relief on Plate Energy Drink on Platter

100

804 70%

601 50%

40
20%

N - A -10%
0% 0%
0 - %

o To (rephrase) o + CoVer o To (rephrase)

Success Rate (%)

o + CoVer

Figure 8. Real-World Evaluation Results. 7o + CoVer significantly
outperforms the baseline 7o (rephrase), achieving a 45% absolute im-
provement in task success rate over the baseline policy.

before deployment. This eliminates redundant runtime calls to
the VLM, thereby minimizing inference-time latency.

6. Conclusion

In this paper, we present CoVer-VLA, a novel contrastive-based
verifier and hierarchical test-time scaling framework that
bridges the “intention—action gap” for generalist robot policies.
CoVer-VLA achieves substantial performance improvements
across both simulated and real-world settings, particularly under
out-of-distribution conditions. Our findings demonstrate that
allocating compute to reasoning and verification at deployment
can be more effective than scaling policy training alone,
providing a promising direction for robust policy deployment
in the real world. While our study focuses on applying the
verifier for test-time scaling, the same design and principle can
extend beyond inference optimizations such as post-training
with reinforcement learning or run-time monitoring. Future
work could also explore more efficient architectures for both
the base policy and verifier to further reduce latency and enable
broader use of test-time scaling in real-world robotic settings.
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