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Abstract—Visuomotor policies based on generative architec-
tures such as diffusion and flow-based matching have shown
strong performance but degrade under distribution shifts, demon-
strating limited recovery capabilities without costly finetuning.
In the language modeling domain, test-time compute scaling has
revolutionized modern LLMs by leveraging foundation models
as zero-shot verification modules to refine candidate solutions.
We hypothesize that generative policies can similarly benefit
from zero-shot VLM-based verifiers at inference time, a direction
that remains relatively underexplored. To this end, we introduce
EVE — a modular, generator-verifier interaction framework —
that boosts the performance of pretrained generative policies at
test time, with no additional training. EVE wraps a frozen base
policy with multiple zero-shot, VLM-based verifier agents. Each
verifier proposes action refinements, while an action incorporator
fuses the aggregated verifier output into base policy denoising to
produce the final action. Across a diverse suite of tasks and em-
bodiments, EVE consistently improves task success rates without
policy or verifier finetuning. Our ablations isolate contribution
of verifier capabilities and action incorporator strategies.

I. INTRODUCTION

Foundation models for embodied tasks have demonstrated
strong performance across complex tasks. These Vision-
Language-Action (VLA) models are typically trained on a
large set of manually collected robot demonstrations [1]-[5]],
using diffusion [6]] or flow-matching based [2]] generative ar-
chitectures that capture the inherent multimodality of embod-
ied tasks [7]. Although these models exhibit generalist robot
manipulation capabilities, they struggle with slight deviations
to operating conditions and do not exhibit strong recovery ca-
pabilities when encountering out-of-distribution states during
deployment [8]]—[1 1]]. Improving the performance or robustness
of such policies is typically done by finetuning or retraining
with additional in-domain data (or recovery sequences), which
is expensive to collect [10], [[12]], [13]] and significantly affects
the “generalist” performance of the policies.

To advance the performance and robustness of genera-
tive policies without additional training or finetuning, we
propose to leverage state-of-the-art vision-language models
(VLMs) within a unified generator-verifier architecture: EVE
(Embodied Verifier Ensembles). Scaling test-time compute by
leveraging learned reward models (or verifiers) has fundamen-
tally redefined the capabilities of foundation LLMs without
any additional finetuning or retraining [14]-[18]], typically by
sampling multiple candidate solutions from the base LLM
which are then verified by additional LLMs for correctness.
We argue that a similar shift is underway in the embodied
domain, wherein frozen generative policies can be improved
using zero-shot verifiers at test-time deployment — a paradigm

well-suited to robotics, where collecting high-quality real-
world data is expensive and laborious [[19]-[21]]. While recent
work has begun leveraging such verifiers for downstream
embodied tasks, these approaches require training the verifier
module or latent dynamics models tabula rasa [22], [23].
In contrast, EVE orchestrates multiple zero-shot, VLM-based
verifier agents that are focused on distinct capabilities that
boost the performance of the frozen base generator policy.
Through extensive experimentation, we systematically study
various design choices that affect the interaction between
the generator policy and verifier modules to improve task
performance on a diverse set of embodied manipulation tasks.

Building such systems for embodied policies involves sev-

eral challenges: the generator and verifier often operate in
mismatched modalities (language vs. low-level motor actions);
aggregating diverse trajectory-level feedback across multiple
verifiers is non-trivial; and it is unclear how to combine
aggregated verifier output with base policy action predictions,
as naive averaging or verifier overrides are suboptimal. To
overcome these challenges, we propose leveraging multiple
verifiers with distinct action-feedback strategies and combin-
ing the output action corrections with the base policy through
an action incorporator.

The key contributions of our work are:

1) EVE, a generator-verifier system tailored for embodied
policies, in which verifiers operate with different input
modalities, capabilities, and action spaces.

2) An action incorporator module that employs guided
diffusion to fuse aggregated verifier outputs with base
policy action predictions.

3) We show that zero-shot EVE ensembles outperform
state-of-the-art embodied verifier baselines trained
with substantial in-domain data on SimplerEnv, and
extend to long-horizon Maniskill-HAB and dual-arm
RoboTwin tasks.

4) Analysis of how EVE’s ensemble recovers failed roll-
outs and how verifier ensembles outperform individual
counterparts.

II. RELATED WORK

Test-Time Scaling Through Verification. Recent work
has found that spending additional compute during test-time
deployment of LLMs can lead to large gains in performance on
complex reasoning tasks [[17], [24]. Many of these works lever-
age the generation-verification gap, wherein additional LLMs
verify the base generator output through learned outcome [[14]]
or process-based reward models [15]. A few recent works
have begun leveraging this framework for embodied task



=, Pretrained VLMs

Proprioception

K Action Proposals

Generator- Generator-
Conditioned Agnostic
Verifiers Verifiers
D07, 5> ) D0, 5,)

wy Wy Recovery Action Primitives

Guided Diffusion Action Incorporator

RGB Images

Observation I (7a | 5,0, 1)

\)@/

Z Verifier Aggregator J

Final Steered Action

Fig. 1: EVE: A Generator-Verifier Interaction Framework for Generative Embodied Policies. Action feedback from ensemble
of verifier agents is incorporated with base policy denoising through diffusion guidance.

performance: RoboMonkey [22] trains a reward model from
scratch using synthetically-mined action preferences from a
large-scale robotics dataset to score VLA action predictions,
and HAVE trains a history-conditioned verifier to score
outputs from a diffusion-based generator policy. MAV
proposes a system of heterogeneous verifiers but constrains its
study to text-only LLMs on mathematical and factual ques-
tions. In contrast, EVE constructs an ensemble of zero-shot
verifiers with distinct capabilities and additionally introduces
a systematic orchestration of these verifiers with the policy
through an action incorporator that interpolates between base
policy action generations and verifier feedback.
Reasoning/Steering to Improve Embodied Policies. Re-
cent work trains policies with reasoning capabilities to improve
generalization across diverse task settings [27]-[29], but these
typically require fully finetuning the VLA policy on reasoning
traces and do not leverage additional inference-time compute.
Another line of work steers embodied policies towards desired
objectives during task execution, typically by learning a latent
dynamics model that simulates future states and computes
alignment with the task goal; this error signal is then used in
classifier-guidance style steering [30]—[32] or post-hoc action-
proposal ranking [23]], [33]. SAILOR instead discovers
recovery sequences within a learned world model and distills
them back into the base policy via imitation. Unlike these,
which require policy training from scratch or learned world
models, we improve policy performance through a generator-
verification framework comprising multiple zero-shot verifiers.

III. METHODOLOGY
We propose EVE a unified framework that augments pre-
trained generative policies with modular verifier agents to
improve action quality through multi-agent output aggregation
and action incorporation.

A. Base Policy Candidate Generation

At each timestep ¢, given an instruction x, observation
o, proprioceptive state s;, and a frozen base policy my, we
generate /X candidate actions Ggen = {agk)}le with a,gk)
mg (0, s¢). For a frozen diffusion policy, these correspond to

~

action sequences denoised from K independent noise samples,
representing diverse plausible trajectories conditioned on the
current observation and state.

B. Verifier Agents

We define a collection of Verifier Modules V = {V;}7_,,
each following a contract Vj : ®;(0y, S¢, Ggen) — m; € M,
where @, is a verifier-specific encoding of input context and
candidate actions, and m; is a message in a structured output
space M such as trajectory selections or text-based action
corrections. We categorize verifiers based on the information
available from the generator policy: I) Generator-Agnostic:
These verifiers operate only on robot observations, receiving
Ggen = J; conditioned on the task instruction, they select
action sequences that maximally ensure task completion. II)
Generator-Conditioned: These verifiers take a representation
of the candidate action sequences as input alongside raw obser-
vations. In this work we use trajectory-based representations
[38], though alternate representations are equally applicable
[39], [40]. This categorization implicitly defines a generator-
verifier interface in which each V; interacts with the policy
through its own encoding ®;.

Verifier Output Aggregation. Each m; is first brought into
an action trajectory representation: generator-agnostic verifiers
select from predefined action primitives (each with a cor-
responding trajectory sequence), while generator-conditioned
verifiers select directly from the available base policy ac-
tions (see App. Section [C). An aggregation operator A then
projects outputs into a common semantic space, yielding m =
A({m;}7_,), a fused trajectory from weighted interpolation
across verifier outputs. In App. Section[G] we ablate weighting
strategies in .4 on downstream success rates.

C. Action Incorporator

We define an action incorporator T that fuses the base
policy output mg(a | sy 0;) with the aggregated verifier
trajectory m to produce the executed action a;. Instead of
directly overriding or averaging with the base policy action,
the incorporator progressively refines the action through a



Task o V-GPS | RoboMonkey EVE Task DP DP+EVE A
2] [33] [22] Pivot Primitive Ensemble  SetTable-OpenFridge 64.09  66.27  +2.18
- T SetTable-Place 56.85  58.63  +1.78
Verifier Training Budget - | 175K demos | 20M synthetic | 0 (zero-shot) SetTable-Pick 2540 2619  +0.79
- PrepareGroceries-Place 35.02 35.22 +0.20
WidowX PrepareGroceries-Pick  11.70  11.28  -0.42
TidyHouse-Pick 16.07 16.17 +0.10
Carrot on Plate 56.2 13.2 54.9 56.9 56.2 60.4
Eggplant Basket 91.7 20.1 88.2 91.0 86.1 94.4 TABLE II: Maniskill-HAB [36]: EVE steers
Spoon on Towel 84.7 2.1 83.3 87.5 88.9 88.9 a diffusion policy (DP) towards higher suc-
Stack Blocks 56.2 4.2 58.3 63.2 61.1 61.1 cess
Average 72.2 | 9.9 \ 71.2 | 747 731 76.2
Google Robot Task m0.5 To.5 +EVE A
Move Near 77.1 77.8 80.6 80.6 79.9 84.7 Beat Block Hammer 41.67% 4549%  +3.82%
Put Apple in Drawer 29.9 4.9 35.4 36.1 33.3 403 gaee gantB_aske; ot ég-ég? §;2§Z§" g‘g?
ace Container Plate 80.56% .68 % 12%
Close Drawer 73.6 68.8 75.7 73.6 70.8 75.7 Place Object Stand  48.61%  49.31%  +0.70%
Average 60.2| 505 | 639 |634 613 669  MoveCanPol 2083% 20.14%  -0.69%
Total Average 67.1] 273 | 68.1 | 69.8  68.0 72.2  TABLE III: RoboTwin [37]: EVE improves

7.5 performance across dual arm manipu-

TABLE I: EVE with zero-shot verifiers outperforms finetuned verifiers baselines [ation tasks.
on SimplerEnv [35]. Verifier training budgets are shown beneath method names.

Bold is best, underline second-best.

guided denoising process that steers the policy toward verifier-
consistent behavior while preserving the original policy prior.
In the Guided Diffusion framework, action synthesis is di-
rected by an objective £(7, z) encoding the alignment between
the generated trajectory 7 and a verifier-derived feedback sig-
nal z. At each diffusion timestep k, the reverse diffusion step
is a?_l = Qg (af - 'Yk(EQ(Otv a?’ k) + Bkvakg(a?’ Z))) +on,
where ¢y is the denoising network, n ~ N (0, I) is Gaussian
noise, and oy, Vi, 0 come from the DDPM noise scheduler.
The guidance coefficient [ controls the influence of the
alignment gradient. We use L2-norm discrepancy ¢(al, z) =
+|laf —z||3, whose gradient a} — z biases the reverse diffusion
toward verifier-consistent actions while maintaining stability
within learned distribution p(a; | o¢, s¢) of pretrained policy.

D. Intervention Detection

To avoid invoking expensive VLM verifier calls at every
step, EVE uses an off-the-shelf failure detector for generative
policies [41]: the verifier ensemble is triggered only when
the Maximum Mean Discrepancy (MMD) of the base pol-
icy’s sampled action distribution exceeds a threshold, flagging
erratic rollout segments for intervention (see App. Section [H.

IV. EXPERIMENTS

We provide details on implementation and pseudocode in
App. Section [A] and Algorithm [T We focus on the following
research questions: 1) Do ensembles of zero-shot verifiers
outperform state-of-the-art embodied verifiers trained with in-
domain data? (Section [V-A)), 2) Can VLM-based zero-shot
verifiers in EVE generalize to new embodiments and tasks?
(Section [V-B]), 3) How does verifier-based steering with EVE
qualitatively recover failure trajectories? (see Section [V-C)),
and 4) Can EVE generalize to real-world tasks? (Section [V-D).
We conduct detailed ablations of each component in EVE

in App. Section We present analysis on latency in App.
Section [M] and failures in App. Section [K]

V. RESULTS
A. Performance on SimplerEnv

We present the main quantitative results in Table [I eval-
vating EVE on SimplerEnv [35] across a diverse set of
manipulation tasks on two different embodiments and analyze
performance gains relative to prior approaches that leverage
trained verifiers for policy steering.

EVE achieves the highest performance across diverse
tasks and embodiments. Across both robot embodiments,
EVE improves over the base policy 7y and prior verifier-
based baselines. In particular, EVE-Ensemble attains the
best total average success rate of 72.2, outperforming the base
o (67.1) and improving upon steering gains through trained
verifiers such as RoboMonkey (68.1) and V-GPS (27.3).
EVE-Ensemble achieves 76.2 average success on WidowX
and 66.9 on Google Robot, indicating robust performance
across different platforms and tasks.

EVE outperforms trained verifier baselines. From Table [l
we see that EVE outperforms recent competitive verifier
baselines that require substantial in-domain training budgets.
For example, V-GPS [33]] is trained with 175K demonstrations,
while RoboMonkey [22] relies on 20M synthetic action
preference samples for verifier training. More importantly,
these verifiers are trained on task and embodiment-specific
data which leads to limited generalization capabilities. In
contrast, EVE uses zero training data, operating entirely
with zero-shot VLM-based verifiers. Despite this dramatic
reduction in data requirements, EVE variants achieve higher
average performance across the task suite. We hypothesize
that these benefits partially stem from EVE’s capability to
provide verification feedback at the action chunk level. In
contrast, the trained verifiers score individual actions on a
per-step basis which can lead to poor temporal coherence.
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Fig. 2: Complementary strengths. The verifiers provide
complementary guidance that helps recover a failed trajectory
on Place Apple task in SimplerEnv.

Ensembling Improves Individual Verifiers. Even
without ensembling, EVE-Pivot achieves 69.8% and
EVE-Primitive achieves 68.0% on the total average,
indicating that both verifier configurations effectively
improve the base policy through our proposed generator-
verifier framework. However, ensembling these zero-shot
verifiers yields the strongest overall performance, suggesting
complementary feedback from each verifier that better
captures task progress and impending failures.

Large improvements lower success tasks. Analyzing task-
wise performance of EVE-Ensemble, the largest jumps
occur on lower-performing tasks, such as Put Apple in Drawer
(29.9 — 40.3) and Stack Blocks (56.2 — 63.2). We also
observe strong gains on Move Near (77.1 — 84.7) and Carrot
on Plate (56.2 — 60.4). However, improvements are modest
on near-saturated tasks like Eggplant Basket (91.7 — 94.4).

B. Performance on Maniskill-HAB and Robotwin

For results in this section, we note that state-of-the-art
verifiers, such as RoboMonkey [22] and V-GPS [33], are
not applicable since they are not trained to provide verifi-
cation feedback for novel tasks or embodiments. We report
ASR = SRgeered —SRunsteered and employ the EVE-Ensemble
configuration.

Maniskill-HAB Results. In this section, we apply EVE to
long-horizon mobile manipulation tasks from the Maniskill-
HAB benchmark [36]. From Table |m we observe that EVE
delivers consistent improvements in performance above the
unsteered base policy rollouts by leveraging additional zero-
shot verifiers. Specifically, we observe the largest benefits
in SetTable-OpenFridge and SetTable-Place with
improvements of 2.18% and 1.78% respectively. This empir-
ically proves that EVE is able to boost the performance of
the diffusion policy on complex tasks that require recovering
from subtle execution degradation. We also present a detailed
ablation study on MSHAB in App. Section [G]

Robotwin-2.0 Results. To establish further generalization
capability of EVE, we provide extended results on a bimanual
arm embodiment task suite (using Aloha AgileX). Table
shows that EVE steering leads to performance gains over the
mo.5 VLA on RoboTwin tasks. We apply diffusion guidance
to mo.5 following the technique described in App. Section [F2}

Real-World Tabletop Manipulation Success Rates

Fig. 3: (a) Each bar represents a success rate out of 10 trials.
All EVE variants improve success rates over the base 7 5. (b)
Sample rollouts from real-world experiments demonstrate how
EVE can be used to steer VLAs.

C. A Closer Look: How EVE recovers failed trajectories?

In this section, we perform a qualitative analysis of a sce-
nario in which EVE steers a failed episode towards a successful
completion. We analyse a failed rollout of Place Apple
in Drawer, where the base policy 7y only opens the drawer
partially, leading to misaligned apple placement (Fig. 2). EVE
detects a large spike in the MMD value during drawer opening
and intervenes: the Primitive steerer proposes a “Nudge Left”
action to guide the gripper toward the handle, while the Pivot
steerer selects trajectories that maximize outward pulling of the
drawer and discard misaligned ones. Averaged feedback from
both verifiers guides the final action denoising, enabling the
drawer to open fully and the apple to be placed successfully,
qualitatively showing how complementary guidance from two
different verifiers helps recover a failed trajectory. More qual-
itative examples in App. Section

D. Real Robot Experiments

We validate EVE with real-world robot tabletop manipula-
tion experiments. We collect 50 demonstrations of a Franka
Emika Panda arm placing two blocks into a bin. We finetune
the mp5 VLA [42] and deploy it on the same setup. Our
action chunk size is 100 and we query the verifier for the
first two action chunks. Fig. [3a depicts the resulting success
rates. The out-of-distribution task consists of the same layout
of objects with an unseen language prompt. Instead of the
training prompt of Place both blocks in the bin,
we specify the VLA to Place the pink block, then
the blue block in the bin or vice-versa. Without
any verifier, the base VLA behavior is random in terms of
which block is picked first; the language prompt is ignored.
The Pivot and Primitive verifiers both steer the model to
follow the OOD language instructions, with EVE obtaining
the highest success rate.

VI. CONCLUSION

In summary, our results show that VLM-based verifier steer-
ing enhances policy performance across diverse embodiments
and tasks. These findings demonstrate that large VLMs can
provide semantically grounded feedback to improve control in
open-ended environments when combined with a novel guided
diffusion-based action incorporator.
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APPENDIX

A. Implementation Details

EVE Verifier Details. For the Generator-Conditioned ver-
ifier (Pivot steerer), we employ the PIVOT [38] prompting
strategy with 40 samples from the base policy, drawing on
the observation image the 5 most visually distinct trajecto-
ries by cosine similarity. For the Generator-Agnostic verifier
(Primitive steerer), we mark the goal location on the RGB
image at the intervention point and ask the VLM to suggest
a recovery action from a set of action primitives, using only
camera views accessible to the base policy (see App. Section D]
for details). We provide all prompts used in our experiments in
App. Section [B] and details on verifiers in App. Section [C] We
use VLLM [43]] as the inference engine (see App. Section
and Qwen—-2.5-VL-72B [44] as the backbone VLM for all
verifiers.

Benchmark and Evaluation Setup. We present results
on the SimplerEnv benchmark [35[], a real-to-sim tabletop
evaluation benchmark with high correlation to real-world suc-
cess rates, across 7 tasks and two embodiments (4 WidowX,
3 Google Robot). We use 7y [2] as the base policy (see
App. Section and report 48 rollouts across 3 seeds.
We also evaluate on the ManiSkill-HAB long-horizon mo-
bile manipulation benchmark [36] and Robotwin-2.0 [37])
bimanual arm task suite. Further details on base policies and
task setup are in App. Section baselines and evaluation
protocols in App. Section [El and hyperparameter settings in
App. Section [P}

Algorithm 1 EVE: Embodied Verifier Ensemble Inference
Pseudocode

Require: Horizon H, Observations {0}, stdtes {s+}, Frozen base policy my with N
denoising steps, Verifiers V = {V} } MMD threshold 7, MMD computation
samples M

1 fort—ltoHdo

j=1

“andidate Action Generatio

3 Sdmple K base-policy candidates agen = {a, )}k , using g

4 Compute MMD score 7 from overlapping segments using K action samples
5: if n, < 7 then

6: Execute nominal action from 7 and continue

7 end if

8 Verifier Inference

9 for j=1to J do

10: Build verifier-specific encoding @ (0¢, St , Ggen)

11: mj  V;(®; (o, st, agen)) > Selections/corrections over agen
12: end for

13: m <+ A({m; }7J 1) > Aggregate verifier outputs
14: / /’ Guided dyiffusion ;’k: D ation

15: Inmahze n01§y action sample a, (trom DDPM prior)

16: for k = ,1do

17: Set z <— ﬁz and define

18: €(a¥,z) = Slla¥ — =113

19: Compute alignment gradient

20: gk —af — 2

21: Denoise with guidance:

22: af ™!« ax(a¥ — yi(eo(or, a¥ k) + Brar)) + own

23: end for

24. a; a? > Final executable control
25: Execute a;

26: end for

B. Prompts for Verifier Steering

We provide detailed prompts that are used in the Simpler-
Env task suites Section [P2] and ManiSkill-HAB Section [P3]

C. Verifier Ensemble Details

Recall from Section [III-B| that each verifier module V;
interacts with the generator policy through a verifier—specific
encoding

Vi i ®j(or, st, Ggen) = my € M, (1

where ®; defines the policy—verifier interface, o; and s;
denote the current observation and proprioceptive state, dgen =
{agk)}le is the set of candidate actions (or trajectories) from
the base policy, and m; is the structured message produced by
the verifier (e.g., a trajectory selection or an action primitive).

Below, we instantiate ®; for the Generator—Conditioned
Pivot steerer and the Generator—Agnostic Primitive steerer
used in our experiments. We also include specific design
decisions for both MSHAB and Simpler-Env environments
(see App. Section |[D| fro task details).

Generator—Conditioned Interface: Pivot Steerer. The
Pivot steerer is a Generator—Conditioned verifier that operates
on candidate trajectories produced by the frozen base policy. In
all experiments, we use K = 40 candidate trajectories sampled
from the diffusion policy:

_ (k) 40
agen*{at:tJrH k=1’ 2)

k . . .
where each ag:tl g 18 a horizon-H action sequence produced

by the base policy.
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The Pivot steerer interface ®piyor converts (oy, sq, Qgen) iNtO
a compact, diverse set of trajectory visualizations in the robot’s
image space, suitable for VLM prompting:

q)pivot (Ota St, agen) = (1'7 Ot, {%(z)}fiﬂlw[% 3)

where x is the task instruction and {%(i)}f{:‘“{‘“ is a subset of
Kpivor = 5 visually distinct trajectory overlays in the RGB
image frame, derived from the original K = 40 samples.
Concretely, we proceed as follows:

1) Trajectory decoding in task space. Each candidate
sequence a,.;, ; is represented either as (i) joint position
deltas (for MSHAB tasks) or (ii) end-effector poses (for
Simpler-Env tasks). If the sequence is in joint space, we
apply forward kinematics to obtain the corresponding se-
quence of end-effector poses {Tt(gl}fzo. If the sequence
is already given in end-effector space, we use it directly.

2) Projection into the RGB image frame. For each can-
didate trajectory, we project the end-effector poses into
the camera frame using known intrinsics and extrinsics,
obtaining a 2D path in pixel coordinates. We render this
path as an overlay (e.g., a polyline and/or waypoints)
on top of the current RGB observation o;, producing a
trajectory visualization 7(*) that indicates how the end
effector would move in the image plane.

3) Representative Trajectory Selection. We greedily select
Kpivot = 5 trajectories that are maximally diverse under
cosine distance, yielding the final set {%(”}f{:pilm‘.

4) Prompt construction. The interface consists of: (i) the
textual task instruction x, (ii) the current RGB frame o,
and (iil) the Kpivor selected trajectory overlays {%(i)}.
These elements are serialized into a multi-modal prompt
to the VLM, which is asked to select the trajectory that
best completes the task.

Given this interface, the Pivot steerer verifier Vot produces
a message
Mpivot S Mpivot7 (4)

which we instantiate as a discrete selection over the Kot
candidates (e.g., an index of the preferred trajectory) together
with a natural language rationale. The candidate action se-
quence corresponding to the selected trajectory is then used
to steer the base policy (lines 17 — 22 of Algorithm [I).

Generator-Agnostic Interface: Primitive Steerer. The
Primitive steerer is a Generator—Agnostic verifier and therefore
does not consume generator proposals (agen = @) in Eq. ).
Instead, it directly reasons over the current observation and
task instruction to select a recovery primitive from a set of
predefined ones. Its interface is given by

q)prim(otash@) = (xvétaAprim)v ()

where Ajp,im denotes the discrete set of action primitives and
0; is an augmented visual observation encoding the task goal.

Concretely, we construct @i, as follows:
1) Goal marking. Using the task specification in MSHAB,
we extract the goal location of the target object in image

coordinates and overlay this location on the current RGB
observation o; (e.g., by drawing a marker or highlight).
The resulting goal-annotated image is denoted 6;. For
the Simpler-Env tasks, the task instruction is completely
described only through language so we do not require
goal marking.

2) Primitive set specification. We define a fixed vocabulary
of action primitives Ap.im (e.g., discrete end-effector
motions and gripper commands). For the MSHAB tasks,
we include primitives that allow for base movement and
gripper action. For the Simpler-Env tasks, we include
“nudge” primitives which move the end-effector by pre-
defined amount in specific directions.

3) Prompt construction. The interface output consists of:
(1) the textual task instruction xz, (ii) the goal-marked
image 0, (or just current image), and (iii) a textual
description of the available primitives Ap,im. These are
serialized into a multi-modal prompt that asks the VLM
to choose the most appropriate primitive that provides
recovery.

The Primitive steerer verifier Vi, then returns a message
Mprim S Mprim7 (6)

which we instantiate as a single selected primitive from Apyim
(and optionally a natural language explanation). This primitive
is mapped to its low-level control command and used for
recovery steering using the guided diffusion incorporator in
EVE (see Section [[II-C]).

D. Task Setup and Policy Details

In this section, we provide the task setup details for the
ManiSkill-HAB task suite [36]] and the SimplerEnv tasks [35]].

1) SimplerEnv Details: We use subtasks from the Sim-
plerEnv benchmark [35] which has shown strong correlation
between simulator and real world evaluations. Specifically
we conduct evaluations on the following tasks across two
embodiments:

o Close Drawer: The robot is spawned in front of a cabinet
which has multiple articulated drawers (top/middle/bot-
tom). The robot is tasked to push and close a specific
drawer in the cabinet. The robot can be spawned over 9
ungiue location around the cabinet and can be tasked to
close one of the 3 drawers.

« Move Object: The robot is tasked to pick an object and
place it near another specified target object. Each trial
spawns 3 objects in a triangular arrangement placed on
the cabinet tabletop.

« Place Apple in Closed Top Drawer: The Google robot
is spawned in front of a cabinet with an apple on the
countertop. The robot is tasked to open the initially closed
top drawer, pick up the apple and place it inside the
drawer.

« Carrot on Plate: The WidowX robot is spawned in a
tabletop environment containing a carrot and a plate. The
robot is tasked to grasp the carrot and place it onto the
plate.



« Put Eggplant in Basket: The WidowX robot is spawned
in a tabletop setting and is tasked to grasp an eggplant
object and accurately place it into the target basket.

« Spoon on Towel: The WidowX robot is tasked to pick
up a spoon from the workspace and place it onto a towel.

o Stack Cube: The WidowX robot is presented with two
cubes on a tabletop. The robot is tasked to grasp a specific
cube and stack it stably on top of another target cube.

We leverage the evaluation codebase provided in the
open-pi-zero repository [45]. We use m for all exper-
iments (see App. Section [F2] for details) and use the provided
checkpoints in the codebase. For all experiments, we run
48 rollouts spread over 3 random seeds and ensure that the
unsteered and steered runs use the exact same random seeding
and episode configurations.

2) ManiSkill-HAB Details: We refer to the robot end-
effector as ee, and its rest position as r. The end-effector
resting position is r = (0.5 m, O m, 1.25m) relative to the base.
Let g.m be the arm joint positions, 7,y the arm resting joint
positions, and ¢, the arm joint velocities. Similarly, for the
torso we define gor, Ttor, aNd Gior. Let Upase be the base linalear
velocity in ms™! (with COMPONENtS Upase,z ;s Vbase,y) ANd Whage
the base angular velocity in rads~!. We initialize the robot
at (Tpos,rarmarlor) with Gam = 0, Gior = 0, Vpase = 0, and
whase = 0, and then add clipped Gaussian noise:

Garm < Qarm + clip(NV(0,0.1), —0.2,0.2),
pbase — pbase + Chp(N(O, 01), —02, 02)7
Opase < Opase + Clip(N(O, 0.25), —0.5, 05)

The z-axis is “up” in ManiSkill3.
Subtask definitions. We use the following shorthand:

di = | apos — bpos||2

(distance between ee and its rest position),

Jr = max ‘|Qk,i — Thi

1<i<|qx
(max deviation from rest for joint group k).
We also define Clp. to be the sum of cumulative collisions

from time O to ¢ in N. Below, we provide the ManiSkill task
definitions, success and failure criteria:

Task A: Pick[a, optional] (Zpose)
Description. Pick object x from articulation a (if
provided).

Initialization. Spawn robot facing z, within 2m of =z,
with noise, and without collisions.
Success.

Lgrasped(z) N doe < 0.05 A Jarm < 0.6

A Lig_static A Clo:p < 5000

Failure.
O[O:t] > 5000 N.

Task B: Place[a, optional] (Zpose; gpos)
Description. Place object x at goal g (in articulation
a, if provided).

Initialization. Spawn with grasp pose sampled from
Pick(@pose) policy, robot facing g, within 2m of g,
with noise and without collisions.

Success.

M grasped(z) A A2 <015 A dl, < 0.05 A fam < 0.2
A jtor < 0.01 A 1is_static A C([O:t] < 7500

Failure.
C[O:t] > 7500 N.

. v

Task C: Open[a] (apos)

Description. Open articulation a with handle at apqs.

Initialization. Spawn the robot facing a. If a is a
fridge, sample the base pose uniformly from the region
[0.933, —0.6] x [1.833,0.6] in front of a; otherwise
use [0.3,—0.6] x [1.5,0.6]. Add noise and ensure no
collisions.

Success. Let a4, ag,.., and agq,,, be the current,
maximum, and minimum joint positions for the target
articulation (drawer or fridge). Define the required
opening fraction

{0.75, if a is a fridge,
Qofrac =

0.9, otherwise.

We set

Lopen(a) = Hag > tofrac(Agpay = Qgunin) T Cgunin 1
and declare success if
Lopen(a) N dge < 0.05
A Jarm < 0.2
A Jor <0.01

A lis_static

A C[O:t] < 10000

Failure.
Clo:p > 10000 N.

\ v

Diffusion Policy Baseline. To serve as the base policy,
we train diffusion policy (DP) baselines. We use the setup
from the MS-HAB paper, with a UNet backbone, a DDPM
scheduler. and a 4-layer CNN for visual encoders. For visual
observations, the policy relies on two onboard camera views:
an egocentric head camera and a wrist-mounted (gripper)
camera. For consistency, we use the same architecture and
hyperparmeters for all subtasks.



Hyperparameter Value
Learning Rate 0.0001
Batch Size 256
Observation Horizon 2
Action Horizon 1
Prediction Horizon 16
Diffusion Step Embedding Dim 256

UNet Dimensions
Number of Groups
Number of Training Iterations

[256, 512, 1024]
8

500, 000

TABLE IV: Diffusion Policy Hyperparameters

Evaluation Setup. We conduct evaluations using pretrained
diffusion policy [46] checkpoints. In our analysis, we consider
a subset of 6 subtasks where the base diffusion policy has
a non-trivial success rate. We report Success-Once rates,
which computes the percentage of trajectories (out of 1000)
that achieve success at least once in an episode with 200
maximum steps. All experiments are reported by running 24
environments in parallel, each with 42 episodes. All rollouts
of a particular EVE configuration are done in pairs of back-to-
back steered and unsteered runs by ensuring the exact same
random seeding.

E. Baselines and Evaluation Protocol

We provided detailed description of baselines and evaluation
procedure in this section.

1) Baselines: We provide brief description of the primary
baselines we compare against on the SimplerEnv benchmark
tasks (see Table [[). The baselines are defined as follows:

1) RoboMonkey [22]: Construct a large-scale synthetic ac-
tion preference dataset by applying augmentations to the
BridgeV2 dataset dataset. This dataset is used to finetune
a LLaVA-T7B scale to assign higher scores to correct sam-
ples and lower scores to incorrect ones. During inference,
multiple action samples are sampled from the base policy
and gaussian perturbations are applied to construct the set
of actions that will be scored by the verifier. The action
with highest score assigned by verifier is then executed
and this process is repeated at each time step.

2) V-GPS [33]]: Trains a vlaue function using offline RL
using a mix of BridgeV?2 and fractal datasets [[19]. During
inference, the value function is used to generate scores (or
Q-values) for multiple actions sampled by the base policy.
This is followed by an action re-ranking step where the
final action is sampled from a “re-ranked” categorical dis-
tribution obtained by computing a temperature-controlled
softmax over Q-values.

2) Evaluation Details: SimplerEnv Evals. For EVE, we
finetune the ensemble weights (Pivot: Primitive) by performing
a search for Pivot weights with values from the discrete set:
[0.1,0.2,0.3,0.5]. We use the best ensemble weight ratio for
each task. For RoboMonkey, we sample 9 action candidates
from the base policy and augment to 32 samples using
gaussian perturbations. For VGPS, we sample 10 actions from
the base policy and use a softmax temperature of 0.1 for action
re-ranking. We additionally provide detailed hyperparameters

in Table These hyperparameters are kept constant across
tasks.

MSHAB parameters. We outline hyperparameters used in
Maniskill-HAB evaluations in Table

Robotwin parameters. We outline hyperparameters used
in Robotwin 2.0 evaluations (see Section [FI)) in Table [VIII

FE. Extended Results and Diffusion Guidance

1) RoboTwin 2.0 Task Suite Results: Evaluation De-
tails. For all experiments presented in Section [V-B| of
main text, we use the EVE-Ensemble variant. All eval-
vated tasks use the exact same hyper-parameters se-
lected from a discrete search over following values: Guid-
ance Scale: [0.5,1,1.5,2,2.5,3,5,10,30], MMD Threshold:
[0.8,0.9,1.0,1.05,1.1, 1.2], Ensemble Ratio (Pivot: Primitive):
[B:7, 1:1, 7:3, 9:1]. The final evaluations use the
hyperparameters listed in Table Each task was run over
6 seeds with 48 rollouts per seed.

2) EVE Steering with Flow-Based VLAs: In the main paper,
we design an action incorporator module that leverages guided
diffusion (see Section to steer diffusion policies, but we
can also apply EVE to base policies trained with conditional
flow matching [47]]. Specifically we present an adaptation of
EVE to a large flow-based VLA policy 7 [2] in the following
section and test performance on the SimplerEnv benchmark
(see Table [[). Additionally we also apply the same technique
to the more recent g 5 policy and present results on Robotwin
2.0 in Section [F1l

Flow-matching policies. Given observation o;, a flow pol-
icy generates an action chunk by first sampling Gaussian noise
A9 ~ N(0,1) and then integrating the learned velocity field
v, over a “flow time” variable 7 € [0, 1]:

ATHA = AT + Avg (A7, 04, 7), A=1 (7

n’

where n is the number of denoising steps. The final action is
A} after n Euler steps of Eq. (7).

Guided Inference for Flow Policies. To steer the flow
generation towards a specified action sequence Ay (e.g., an
action suggested by the EVE verifier system), we use the
guided inference scheme proposed in [I11]]. Let v, (A,, 0,7)
denote the velocity predicted by the policy at flow step 7. We
first compute the estimated terminal (clean) action /Ah:

A=A, + (1 —1)vg(Ar,0,7). 8)

We define the guidance objective as minimizing the squared
error between this estimate and the reference action A.;. We
can compute the gradient of the loss £ = %HZM — A2
(similar to line 18 in Algorithm [I)):

VoL = (1 —7)(A; — Apy). 9)

We then adjust the velocity using a guidance scale v and
perform the standard Euler integration step:

Uy = vTI'(AT7 0, T) =YV, L,
AT+AT = AT + AT {}7—.

(10)
(1)



Integrating EVE with Flow Policies. When the base policy
is a diffusion model, we use Algorithm [I| which performs
guided diffusion using the verifier-ensemble action output
in lines 15 — 23 via a DDPM-style reverse process. For a
flow-based base policy, the outer structure of Algorithm [I] is
unchanged: we still draw K candidate action chunks from the
frozen base policy (lines 1 — 4), run intervention detection
using MMD-based detector (lines 5 — 7), and run the verifier
ensemble to obtain an aggregated correction signal 7 (lines
8 — 13). The only modification is that lines 15 — 23 are
replaced by the guided flow integration of Eq. (TI), where
0, is computed by setting As to m in Eq. (9). Thus EVE
can be applied to both diffusion and flow-matching policies
with a minimal change to the inference procedure. For all
experiments, we use the exact same Primitive and Pivot
steerers as defined in Section [Al

G. Detailed Ablations

In this section we present extensive ablations of each
module in the EVE framework. For these experiments, we
use the SetTable-Place task from MSHAB using the
EVE-Ensemble configuration, unless otherwise stated. In all
ablation results, we report the Delta in Success Rate % which
measures the delta gain in steered and unsteered runs.

Pivot + Primitive Pivot Primitive

Delta in Success Rate (p.p.)

Delta in Success Rate (p.p.)
Delta in Success Rate (p.p.)

Verifier Image Resolution Primitive Frames

(@ (b) ©
Fig. 4: EVE ablations on the MSHAB task suite (verifier
configurations).
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Pivot + Primitive

Pivot + Primitive Pivot + Primitive

Delta in Success Rate (p.p.)
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Fig. 5: EVE ablations on the MSHAB task suite (system-level
components).

Verifier Model Scaling. We investigate how the size of the
underlying VLM affects the verifier’s ability to steer the base
policy effectively. We compare the performance impact using
Qwen-2.5-VL at different parameter scales: 7B, 32B, and 72B.
As illustrated in Fig. [5a increasing the parameter scale of
the verifier model size generally correlates with improved
task success rates. Specifically, we find that the 72B model
consistently outperforms the smaller variants. This finding is
in-line with recent work from the language modelling literature
[18]], [48] which find increasing benefits with stronger verifier
models.

Verifier Override _ Averaged B 0 30

Guidance Ratio

Action Incorporator Design. In Fig. we ablate various
strategies to incorporate verifier-aggregated action feedback
into the base policy action predictions. From the results, it is
clear that the Verifier Override leads to a drastic reduction in
performance. This is potentially because the Primitive verifier
only selects from a predefined list of recovery primitives which
are used for guidance over the base action dimensions only
(see App Section |C| for details). Additionally, we observe that
direct averaging between verifier-aggregated and base policy
actions performs poorly in comparison to the guided diffusion
strategy employed in EVE. This is because direct averaging
does not ensure that the output action is close to the marginal
action distribution of the base policy. This suggests that the
action incorporator in EVE integrates “just” the right amount
of verifier feedback to prevent task failure but still ensure task
completion.

Guidance Ratio Ablation. We conduct ablations with
diffusion guidance coefficient ), (see line 22 in Algorithm [T,
which controls amount of verifier feedback incorporated into
base policy denoising. In Fig. we observe that guidance
coefficient significantly affects performance of the task with
an optimal value of 10 with sharp drops in neighboring
values. This result suggests that a very large value of guidance
pushes the denoising too far away from the base policy action
distribution, causing large temporal inconsistencies leading to
reduced task performance.

Verifier Image Resolution. In this experiment, we re-
render images at a higher resolution of 256p and 512p
from the simulator and pass them to the verifier ensemble.
From Fig. [fa] we see that using images with higher visual
resolution enhances performance significantly. We note that
higher resolution images are important for contact-rich mobile
manipulation tasks in MSHAB and enable the verifier to
provide fine-grained action feedback.

Verifier Information Ablations. In this experiment, we an-
alyze the density of information that is passed to the individual
verifiers through their respective policy-verifier interfaces (see
®; defined in Section . For the Pivot verifier, we ablate
the number of trajectories that the verifier can select from.
From Fig. Ab] we observe an increase as the number of drawn
trajectories is increased from 3 to 5. But increasing the number
of trajectories to 7 leads to degradation in the performance,
potentially because the VLM can no longer effectively discern
between the trajectories. For the Primitive verifier, we ablate
the number of history frames that are passed to the VLM.
In Fig. we ablate the number of history frames that are
passed to the Primitive verifier for recovery primitive selection.
From the results, we observe that increasing the frame history
doesn’t affect performance significantly. We hypothesize this
is because the robot doesn’t have very large movements in
adjacent frames once it approaches the receptacle from which
it needs to either pick or place an object.
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Fig. 6: Base policy MMD scores for successful and failed
rollouts on 6 mobile manipulation tasks from the MS-HAB
[36] benchmark. Across tasks, we consistently find that MMD
scores discriminate between failed and successful rollouts.

H. Intervention Detection using Mean Maximum Discrepancy
Scores

To detect distribution shifts and potential erratic behaviors
during test-time deployment, we employ the Maximum Mean
Discrepancy (MMD) metric. This formulation is based on the
STAC metric proposed by Agia et al. [41]], which quantifies
the distance between the distribution of action trajectories
generated at the current timestep ¢ and those generated at the
future timestep ¢ + k. In Fig. [f] we qualitatively show that
MMD scores consistently discern between success and failure
rollouts. This section details the mathematical formulation of
the temporal consistency check used in Section
Marginal Action Distributions: We consider a receding
horizon control setting where the policy my predicts a sequence
of actions (an action chunk) of length H. Let k& denote the
execution horizon (the number of steps the robot executes
before replanning). At timestep ¢, the policy generates a
distribution of trajectories. Following the formulation in [41]],
we isolate the segment of this trajectory that overlaps with the
next planning step ¢ + k. The overlapping temporal window
has a length of H — k.

We define the two marginal distributions over this overlap-
ping window as follows:

1) 7¢: The distribution of action sequences generated at time
t, restricted to the window [t + k,t + H — 1]. Formally,
Tt := D(Qriket+H—1 | 015 5¢).

2) Ty+k: The distribution of action sequences generated at
time t+k, restricted to the same window [t+k, t+H —1].
Formally, 7y 4k := p(Qtykitt H-1 | Otsks Stk)-

Under nominal conditions, the policy’s plan at time ¢ for the
future window should remain consistent with the updated plan
generated at ¢t 4+ k. A high divergence between 7; and 7y
indicates erratic behavior or distribution shift.

Maximum Mean Discrepancy (MMD): We measure the dis-
tance between these two distributions using the squared MMD
in a Reproducing Kernel Hilbert Space (RKHS) H associated

with a kernel function k(-
is defined as [41]:

,-). The squared population MMD

= ]Ex,x’wft [/{(X, XI)}
+ ]Ey7y’N77rH,k [k(Y7 y/)}
- 2Ex~ﬁt YTk [k(X7 Y)}

where x,y represent the flattened vectors of the action se-
quences ai4k.++pg—1 sampled from their respective distribu-
tions. We employ the Radial Basis Function (RBF) as the
kernel function.

Empirical Estimation: Since the analytical densities of the
diffusion policy are intractable, we approximate Equation
using a finite batch of samples, consistent with the STAC
implementation [41]. We draw B samples from the policy
at timestep ¢ (denoted as X = {xl}l 1) and B samples at
timestep t+k (denoted as Y = {y;}%.,). The empirical MMD
estimate D is computed as:
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This empirical estimate provides a differentiable and computa-
tionally efficient signal of temporal inconsistency. During in-
ference, if the MMD score computed across adjacent timesteps
exceeds the threshold 7, we trigger the intervention mechanism
described in Section [II=DI

1. vLLM Inference Details

We run all VLM-based verifier inferencing using the vLLM
library [43]]. vLLM provides highly optimized KV cache man-
agement using paged attention which enables high throughput
handling of concurrent API requests from multiple clients.
Specifically, we run each Qwen-2.5-VL-72B instance on
a single node of 8 NVIDIA 48GB A40 GPUs. Each vLLM
single node server is run with a tensor-parallel rank of 8.
We limit gpu memory utilization on each server to 0.85 to
prevent crashes due to large burst in number of verification
API requests from parallel simulator environments.

J. Task Success and Failure Categories

We use the trajectory categorization system proposes in
MSHAB [36]]. The authors define various event-based heuris-
tics which enables automated categorization of policy trajec-
tory rollouts into specific success and failure modes based on
the chronological sequence of events. In Tables [X] and [XI| we
provide the qualitative descriptions for the modes associated
with the Place and Open subtasks (reproduced from the
original MSHAB paper).

K. Failure Analysis and Limitations



Fig. showcases the exact
distribution of transitions of
failure types to successes through
EVE steering on MSHAB.
EVE-Ensemble consistently
redirects  catastrophic  failures
such as Place-in-goal failure
and Excessive Collision, toward
stable success modes. This
suggests that primary gains
through steering arise not just
from correcting rare anomalies
but from restructuring the policy’s
dominant error pathways. However, not all tasks benefit
from verifier-based steering through EVE. For example, in
PrepareGroceries-Pick, we observe minor drops in
performance with the EVE-Ensemble configuration (see
Table [II). This is potentially due to the task requiring picking
objects placed inside refrigerators where effective feedback
from verifiers is limited. One potential avenue to improve
this is to acquire additional feedback from verifiers, such as
progress estimation signals [49]], so that the verifier can help
disambiguate if the policy is stuck. We provide details of
success and failure categories in App. Section [J| and failure
sankey plots for all tasks in App. Section

Fig. 7: Sankey plot
showing failure
episodes switching
to successful cases on
SetTable-Place.

L. Failure Sankey Plots

For all success and failure definitions please refer to Sec-
tion [J] for details. In this section, we provide additional sankey
plots for additional analysis on EVE verifier steering.

Failure-to-Success ~ Transitions. In Fig. [8a we
observe that for articulation-focused tasks such as
SetTable-OpenFridge, steering nearly eliminates

“too slow” and ‘“cant reach” articulation failures, with almost
all trajectories ending as open successes. Overall, steering
behaves as a robust correction mechanism that enables
recovery from catastrophic failure scenarios.

Success-to-Failure  Transitions. Fig. analyzes
how verifier-based steering perturbs successful
SetTable-Place rollouts by re-running unsteered

success episodes with steering enabled and categorizing the
resulting failures. We observe that high-quality “placed in
goal” successes are reclassified as “place in goal failure”
or “excessive collision failures” which indicates that slight
errors in execution can lead to slowly decaying failures (see
Table [X)), even if the object is correctly placed at the target
location initially. This suggests that the verifier systems need
to be improved to provide precise feedback which can help
prevent such delayed failures in the policy rollout.

M. Latency Analysis

Recent work such as [22], [33] train verifiers using large-
scale datasets to score candidate actions at every timestep.
Consequently, during inference, these methods require inter-
vening at every step, incurring 100% verification overhead
regardless of policy confidence of the current action prediction.

(b) Success to failure
episode switches on
SetTable-Place. See
Fig. [7]for inverted analysis.

(a) Failure episodes switching

to successful cases on

SetTable-OpenFridge.
Fig. 8: Sankey visualizations of verifier steering effects on
SetTable tasks using EVE-Ensemble verifier steering.

Execution Time (s) |
Task V-GPS RoboMonkey EVE

Success Rate (%) T
V-GPS RoboMonkey EVE (Ens.) V-GPS RoboMonkey EVE

Prim_ Pivot Ensemble
119591980 2231 778 80.6 847 10000 10000 336 289  3.07
4  BBO5553 6485 49 354 403 10000 10000 261 261 295
5 29862956 3010 688 757 757 10000 10000 023 023 022
6 14181364 1691 132 549 604 10000 10000 948 629 954
25742591 2779 201 882 944 10000 10000 284 283 299
1489 1450 1828 2.1 3.3 100.00 10000 1163 7.87  9.99
1355 1311 1477 42 583 611 10000 10000 493 305 48l

248.0 2458 278.6 273 68.1 722 100.00 100.00 501 3.68 480

Intervention Rate (%) |

Prim Pivot Ensemble

Move Near 108.8
Put Apple in Drawer 272.0
Close Drawer 1557

Carrot on Plate 489
Eggplant Basket 526 2033
Spoon on Towel 26.3 T08.4
Stack Blocks 26 1074

Average

TABLE V: Execution time, success rate, and intervention rate
across tasks shared with Table E} Bold is fastest and underline
is second fastest (execution time). Red highlights show the
worst average performance and intervention rates.

In contrast, EVE leverages a Maximum Mean Discrepancy
(MMD) trigger to selectively invoke the VLM-based verifier
only when the distribution of sampled actions from the base
policy deviates significantly. From Table [V] we observe that
across all evaluated tasks, our method intervenes on average
4.8% of the steps. While V-GPS achieves the lowest latency
among the compared methods, this efficiency comes at the
cost of substantially worse task success (see Table [V)). This
suggests that reducing verification overhead alone does not
yield reliable performance. We provide a detailed latency and
throughput analysis on MSHAB task suite in Section

N. Verifier Inference Overhead

Environments \ Primitive Steering \ Ensemble Throughput

1 0.11 0.04
10 0.26 0.10
20 0.34 0.10
40 0.41 0.12

TABLE VI: Average Throughput (server responses/second)
comparison across environments for Primitive Steering and
Ensemble methods on a single vllm server.

In this section, we analyze verifier inference overheads
in terms of inference latency and system throughput across
different configurations and scale in the MSHAB setting. The
goal is to demonstrate how the EVE system latency scales
with respect to server resources to demonstrate that compute
can effectively be shared between parallel policy rollouts
simultaneously running EVE steered inference.

vLLM Request Batching Table effectively demon-
strates that as the number of environments increases, the



Rollout Until Intervention 1, fails: Can falls on its side and rolls

<
Robot about o grip can

EVE-Ensemble intervenes and generates guidance action

PIVOT Steerer Input  PIVOT Steerer Response:

Fig. 9: Robustness via ensembling. Aggregating verifier feed-
back remains corrective even when one steerer is misleading
at an intervention point during failed rollout of Move Near
task in SimplerEnv.

average latency (average time a robot spends waiting for
a vllm server response) for an environment increases, yet,
as multiple requests are running simultaneously, throughput
increases (0.04 to 0.12 responses per second) by 3x. We
observe that increasing the batch size (number of parallel
environments) effectively improves system throughput. For
the Primitive steerer, increasing the environment count from
1 to 40 results in a near 4x increase in throughput (0.11
to 0.41 responses/s). This demonstrates that the underlying
vLLM serving infrastructure effectively leverages batching to
amortize the cost of large model inference.

System Scalability To

mitigate the inference bot- Servers | Eval. ‘Time
tleneck during large-scale (min)
evaluation, we experiment 1 91.68
with using multiple infer- 2 62.88
ence servers. For this ex- 4 37.20
periment we fix the total 6 30.35

number of episodes to 1008

across 24 envs (42 episodes TABLE VII: Experiment time

each) as in the main eval- across different server counts
uations. We can now dis- for 1008 rollouts in MSHAB.

tribute the 24 envs to multiple servers. Table illustrates
the reduction in total evaluation time as we scale the compute
resources from 1 to 6 servers. We observe a strong linear
scaling trend. By increasing the server count from 1 to 6,
the evaluation time for a fixed set of rollouts drops from ~ 91
minutes to ~ 30 minutes.

O. Qualitative Examples

Robustness in verifier intervention via Ensembling. We
analyze another failed rollout on the Move Near task, which
requires the robot to grasp the Red Bull can and place it
upright near the Coke can. As shown in Fig. 0] the base
policy 7y attempts to grasp the can but executes a faulty grip,
causing the can to tip over and roll off the table. In contrast,
EVE detects a spike in the MMD value during the approach
phase and triggers an intervention. At the intervention point,

the Primitive steerer proposes a corrective Nudge Left action
to better align the gripper with the can, improving the grasp
configuration. Interestingly, the Pivor steerer incorrectly se-
lects a trajectory that does not correspond to meaningful task
progress. However, because EVE aggregates feedback across
verifiers, averaging the ensemble feedback yields a small
leftward correction that leads to achieving a stable grasp. This
enables the robot to grasp the Red Bull can correctly and place
it upright near the Coke can. Overall, this example illustrates
EVE’s robustness to imperfect verifier feedback: even if one
steerer is misleading at an intervention point, the aggregated
ensemble signal remains corrective and recovers the trajectory.
Maniskill-HAB  steering example. Fig. [I0] shows an
example of steering with EVE on an instance of the
SetTable-Place task in the MSHAB benchmark.

P. Hyperparameter Information and Prompts

Embodiment MMD Guidance Guidance Sensor Img Num. Traj. Num. Traj.

Thresh. Ratio Steps Res Frames Perturb  Drawn
WidowX 0.9 40 4 640x512 1 0.01 5
Google Robot 0.8 40 2 640x512 1 0.01 5
Agile-X Dual Arm 1.05 2.5 15 1485x1182 1 0.01 5

TABLE VIII: Hyper-parameter settings for Simpler-Env eval-
uations (see Table and Robotwin evaluations (see App.
Section [F1)). Traj Perturb refers to the standard deviation of
gaussian noise applied to Primitive trajectories. Num frames
refers to number of frames used as history in the Primitive
steerer. Num Traj Drawn refers to number of trajectories we
overlay on image for the Primitive steerer.

Num. Traj. Ensemble
Drawn Ratio

MMD  Guidance Guidance Sensor Img ~ Num.  Traj.

Subtask Thresh.  Ratio Steps Res Frames Perturb

Method Task

Prepare Pick 07
Groceries Place 048
Tidy Howe  Pick 07
T Rk 07
Place 048
OpenFridge 048
Prepare Pick 0.7
Groceries Place 048
Tidy House  Pick 07
Pick 0.7
Place 0.48
OpenFridge  0.48
Prepare Pick 0.7

Groceries Place 048

Pivot + Tidy House  Pick 0.7
Primitive Pick 07

Pivot 10 8 512x512 1 0.25 5 N/A

Set Table

Primitive 512x512 1 N/A N/A N/A

Set Table

10 8 512x512 1 0.25 5 1:1

Set Table Place 0.48

OpenFridge 048

TABLE IX: Hyper-parameter settings for the MSHAB eval-
uations (see Section [V-B) Note that Guidance Ratio, Steps,
Resolution, and Frames are consistent across all methods. Traj
Perturb refers to standard deviation of gaussian noise added
to the PIVOT trajectories before overlaying onto RGB image.

1) Hyperparameter Tables:

2) SimplerEnv Prompts:



Unsteered

Rollout till
intervention point

Steered

(a) Visual comparison of rollouts. The left side shows the state
upto the intervention point, leading to Unsteered (top) and Steered
(bottom) outcomes.

Verifier Responses

PIVOT steerer:

Prompt Image:

Primitive steerer:
Prompt Image:

Response:
{ .
“reasoning"; "Analyzing the scene, the goal is to place the object, which Response:
appears to b g ;
marker The red, green, blue,cyan, and magenta trajectories represent
e ofth tabl,suggesting the cesire plcement aea. Th red trjectory Cpmbe R T T
seems to lead directly towards the yellow marker but appears to pass very e L edg
close to the edge, which could risk the object falling off. The green trajectory - sl (=
iding the °« . -

edge The blue trj y : Al
indicatin The is similar

3 sy makea align with

tothe blue one, lead goal erratic
and does not seem to have a ; making it
unreliable. Given these observations, the green trajectory is the most suitable
asit provides a safe approach to the target without risking the object's
stability,

“chosen trajectory" "green”
)

the goal while keeping the gripper closed:)

(b) Verifier responses showing the PIVOT steerer trajectories and the
Primitive steerer reasoning output.

Fig. 10: Comparison of the steered vs unsteered rollouts
and the corresponding verifier guidance. (a) Comparison of
steered vs. unsteered trajectories. (b) Visualization of trajec-
tory choices and VLM reasoning output.

You are an expert Al controller for a mobile manipulator robot in a home

environment.

SITUATION

e The primary camera view is from the robot’s overhead or wrist camera.

o The robot has paused execution because the base policy is highly uncertain,
likely due to misalignment, a potential collision, or being stuck.

e The name of each primitive is defined below in the Primitive List.

The task is to: <TASK_DESCRIPTION/>

SITUATION/

PRIMITIVE_LIST

o ‘“Nudge Left”: translate the gripper to the left

o “Nudge Right”: translate the gripper to the right

e “Nudge Up”: translate the gripper vertically upwards

“Nudge Down”: translate the gripper vertically downwards
“Nudge Forward”: move the gripper forward into the scene
“Retreat”: move the gripper backward outward from the scene
“Gripper Open”: open the gripper

“Gripper Close”: close the gripper

PRIMITIVE_LIST/
Analyze the scene to diagnose the error state:

1) Misalignment: Is the gripper too far left, right, up, or down relative to
the target object?

2) Collision: Is the gripper pressing against a surface it shouldn’t be? (Needs
Retreat” or moving backward)

3) Air Pushing: Is the gripper moving in free space without touching the
object? (Needs Nudge Forward”)

Select the primitive that best corrects this error to allow the robot to resume
the task.

OUTPUT_FORMAT

You must conclude your response with a single, well-formed JSON object and
nothing else. Do not use markdown formatting (like **json) or add any
text before or after the JSON block. The JSON object must contain three keys:
"reasoning", "chosen_trajectory", and "gripper_state".

e ‘“reasoning”: A string containing your detailed analysis of the error state.
Explicitly mention if the gripper is misaligned (and in which direction) or
if it is stuck. Explain why the chosen primitive corrects this specific error.

o “chosen_trajectory”: A string containing the name of the best primitive
from the Primitive List. If no primitive helps, choose "none™.

o ‘‘gripper_state”: A string containing the current state of the gripper, either
"open" or "close".

Example of a perfect response format:

{

"reasoning": str.
"chosen_trajectory": str.
"gripper_state": str.

}

OUTPUT_FORMAT/

You are an expert Al controller for a mobile manipulator robot in a home

environment.

SITUATION

e The primary camera view is from the robot’s gripper. This view is overlaid
with visualizations of potential future actions.

e The image provided shows five potential future trajectories for the gripper,
colored red, orange, blue, cyan, and magenta. These trajectories represent
different options the robot’s base policy is considering.

e A marker at the end of each trajectory indicates the final predicted position
and orientation of the gripper for that path. This marker may not always
be visible.

The task is to: <TASK_DESCRIPTION/>

e The robot will fail the task if it encounters too high a cumulative force.

o The robot has detected high uncertainty in its next action and requires your
expert guidance to select the best path forward.

o If all proposed trajectories appear unsafe or incorrect, it is best to reject
all of them.

SITUATION/

TRAJECTORY_CHOICES

“red”: Choose this to command the robot to follow the red path.
“orange”: Choose this to command the robot to follow the orange path.
“blue’””: Choose this to command the robot to follow the blue path.
‘“cyan”: Choose this to command the robot to follow the cyan path.
“magenta”: Choose this to command the robot to follow the magenta path.
“none”: Choose this to reject all proposed trajectories. This is the safest
option if all paths lead to failure (e.g., collision, incorrect placement).

TRAJECTORY_CHOICES/
Analyze the scene and the proposed trajectories to determine which, if any,
is the best path for the robot to follow to achieve its current task.

OUTPUT_FORMAT

You must conclude your response with a single, well-formed JSON object
and nothing else. Do not use markdown formatting (like ***json) or add
any text before or after the JSON block. The JSON object must contain two
keys: "reasoning" and "chosen_trajectory".

e ‘“reasoning”: A string containing your detailed analysis of the scene and
each trajectory, incorporating fine-grained visual details to justify your



decision. Explain why the chosen trajectory is superior and why the others
are suboptimal.

o ‘“chosen_trajectory”: A string containing one of the valid choices: "red",
"orange", "blue", "cyan", "magenta", or "none".

Example of a perfect response format:

{
"reasoning": "str",
"chosen_trajectory":

}

ngtpn

OUTPUT_FORMAT/

3) Maniskill-HAB Prompts:

Primitive Steering Prompt (ManiSkill-HAB)

You are an expert Al controller for a mobile manipulator robot in a home
environment.

SITUATION

You have been given a set of images.

One camera view is from the robot’s gripper.

The other camera view is from on top of the robot’s head.

If there are more than one images given for each perspective, then the
images are in a sequence leading up to the current moment.

TASK DESCRIPTION/

e The robot will fail the task if it encounters too high a cumulative force
over the duration of the task.

e The robot has detected high uncertainty in its next action and may require
a corrective maneuver to ensure Success.

e If it is difficult to ascertain the correct action, it is best to not influence
the policy at all (all null action).

SITUATION/

AVAILABLE_ACTIONS
Available Base Movement Actions:

-1: Move the robot backwards relative to where its arm is pointing.

0: Keep the robot in place; do not move.

1:  Move the robot forwards relative to where its arm is pointing.

null: Do not influence the current action, allow the robot to continue with
its current trajectory.

Available Base Rotation Actions:

-1: Rotate the robot clockwise relative to a top down perspective (i.e., turn
right).

0: Keep the robot in place; do not rotate.

1: Rotate the robot counter-clockwise relative to a top down perspective

(i.e., turn left).

Do not influence the current action, allow the robot to continue with

its current trajectory.

null:

Available Gripper Actions:

-1:  Continue to hold the object.
1: Drop the object.
null: Do not influence the current action, allow the robot to continue with
its current trajectory.

AVAILABLE_ACTIONS/
Analyze the scene and determine the best action for the robot to pursue to
achieve its current task.

OUTPUT_FORMAT

You must conclude your response with a single, well-formed JSON object
and nothing else. Do not use markdown formatting (like **json) or add
any text before or after the JSON block.

The JSON object must contain two keys: “reasoning” and “action”.

e ”reasoning”: A string containing your detailed analysis incorporating fine-
grained visual details to justify your decisions.

e “action”: An object containing the keys “move”, “rotate”, and grip”, with
their corresponding numerical action values.

Example of a perfect response format:

{
"reasoning": "The gripper is too far to the right
of the goal. The robot needs to move its base
forward and rotate slightly counter-clockwise
to align properly before attempting to place
the object. The gripper should remain closed.",

"action": {
"move": O,
"rotate": null,
"grip": -1

}
}

OUTPUT_FORMAT/

\ y

Pivot Steering Prompt (ManiSkill-HAB)

You are an expert Al controller for a mobile manipulator robot in a home
environment.

SITUATION

e The primary camera view is from the robot’s gripper. This view is
overlaid with visualizations of potential future actions.

o The image provided shows three potential future trajectories for the
gripper, colored red, green, and blue. These trajectories represent
different options the robot’s base policy is considering.

e A marker at the end of each trajectory indicates the final predicted
position and orientation of the gripper for that path. This marker may
not always be visible.

TASK DESCRIPTION/

e The robot will fail the task if it encounters too high a cumulative force.

e The robot has detected high uncertainty in its next action and requires
your expert guidance to select the best path forward.

o If all proposed trajectories appear unsafe or incorrect, it is best to reject
all of them.

SITUATION/
TRAJECTORY_CHOICES

”red”: Choose this to command the robot to follow the red path.

“green”: Choose this to command the robot to follow the green path.

”’blue”: Choose this to command the robot to follow the blue path.

”none”: Choose this to reject all proposed trajectories. This is the safest
option if all paths lead to failure (e.g., collision, incorrect placement).

Analyze the scene and the proposed trajectories to determine which, if any,
is the best path for the robot to follow to achieve its current task.

TRAJECTORY_CHOICES/

OUTPUT_FORMAT

You must conclude your response with a single, well-formed JSON object
and nothing else. Do not use markdown formatting (like **json) or add
any text before or after the JSON block.

The JSON object must contain two keys: “reasoning” and “chosen_trajectory”.

e ”’reasoning”: A string containing your detailed analysis of the scene
and each trajectory, incorporating fine-grained visual details to justify
your decision. Explain why the chosen trajectory is superior and why
the others are suboptimal.

o “chosen_trajectory”: A string containing one of the four valid choices:
“red”, “green”, ’blue”, or “none”.

Example of a perfect response format:

{
"reasoning": "str",
"chosen_trajectory": "str"

}

OUTPUT_FORMAT/




TABLE X: Place Task Definitions. d¢ denotes distance to
goal. Collision threshold: 7500.

TABLE XI: Open Task Definitions. a, is articulation position.
Collision threshold: 10000.

Event Definitions Event Definitions

grasped : =g 1 AWy at goal : dz,t71 > 0.15 A dg’t <0.15 opened : —Wopen,t—1/Mopen,t  closed : Wopen t—1A—Wopen,t  slightly :
left goal : df , | < 0.15Ad], > 015 rel. at goal : df < 0.15A “Wtight,t—1 A Wlight, ¢
Wot—1 AWyt Mode Description Condition

1. out goal : dJ > 0.15 AWy 1 AW -
Tol. OW 8041 - Oz izl &t Success Modes (if success € Eqpen)

Mode l?escrlptlon Condition i. Open Opens and returns to  excessive & Fopen A
Success Modes (if success € Epjaee) SUCCess rest. idXopencd > 1% ctoed
b Piace mn Rel‘eases in goal LEPI‘ Sl ! ii. Dubious Opens, returns to excessive ¢ Eopen A
goa region; returns to E/\ (rfzi . at <goa € rest, then closes. idXopened < 1dXelosed
rest. Pll v m.,g = < iii. Success Opens, then excessive € Egpen
Od 5) A 1dXier goal = then coll. excessive collisions.
IEXZ“ goul /\ excessive ¢~ M odes (if success & Eopen)
Pl iv. Excessive  Collision threshold excessive € E,
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to rest. OEP115\§ %{3 = < reach articulation handle. excessive ¢ Fopen
. X .
idx A le; goali; ¢ vi. Closed Opens, but closes closed €
at goal /1 EXCOSSIVE after open before rest. FEopen N idXcosed >

iii. Dubious

In goal region and
rest, but leaves
before timeout.

Ey
1dxat goal < lXmeft goal A
excessive ¢ i

vii. Slightly

Slightly opens, but

ianpened A ichlosed >
idXglighty A excessive ¢
Eopen

idXglighay >

iv. Winding Leaves goal once, |Ept| > 4 A idXa goat > opened not fully, i, >
but eventually idXiefy goal /\ €XCESSIVE ¢ i lP v excesiivi g
placed/dropped in. Ey = close

. open

v. Success Succes.s follov.ve.d by excessive € Ep viii. Too Opens, but times out  opened € Eopen

then coll. excessive collisions. slow before rest

Fqllure Modes (f su.cc.'ess £ Epiace) - ix. Can’t Reaches but cannot contact €

vi. Excessive  Collision threshold excessive € L open open Foen hopened ¢ I

. open open

coll.

exceeded.

vii. Didn’t Fails to grasp at Ep = () A excessive ¢

grasp initialization. Ey

viii. Didn’t Grasps but never |Ep| > 0 A at goal ¢

reach reaches goal region.  Ej, A excessive ¢ Ey

ix. Place in Placed in goal, but at goal €

goal fail rolls/falls out. Eoi AW placed tatest A
iXmeft goal > iant goal A
excessive ¢ FEi

x. Dropped Dropped outside, at goal €

to goal fail

xi. Won’t let
g0

xii. Too slow

rolls in, then rolls
out.

In goal region, but
never released.

Released in goal,
but times out before
rest.

Epl A Médroppcd latest /\
ldxleft goal > ldxat goal A
excessive ¢ Ei

at goal €

Epl A idxgrasped >
1dxrel. at goal A

1dxgrasped >

ldXrel. out goal A
excessive ¢ Ei
Implies

idxy goal = idXjeft goal N
excessive ¢ Ei
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