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Featured Application

The proposed method provides a simulation benchmark and policy design for studying
visuomotor robot manipulation under camera-placement, action-scaling, and control-delay
shifts without explicit recalibration or test-time model-weight updates.

Abstract

Generalization under deployment shifts remains a major challenge for visuomotor robot
manipulation, especially when changes in camera placement and control behavior are
unknown to the policy. This paper introduces the System-Context-Conditioned Diffusion
Policy (SCE-DP), a history-conditioned manipulation policy designed to adapt its latent
context to simulated changes in camera extrinsics, action scale, and bounded control delay
without explicit recalibration or test-time model-weight updates. SCE-DP encodes a short
history of issued commands and their subsequent visual and proprioceptive responses
into a latent system context, which conditions the diffusion-based action denoising pro-
cess. Auxiliary system-parameter regression and one-step response prediction further
encourage the context to capture deployment-relevant system properties and their be-
havioral consequences. We evaluate SCE-DP on five independently trained ManiSkill
manipulation tasks across held-out in-range configurations, a withheld camera-delay com-
position, and mild extrapolation settings. SCE-DP improves the five-task macro-average
over domain-randomized Diffusion Policy by 14.5 percentage points on held-out config-
urations and 15.7 points on the withheld camera-delay composition. Across four shifted
evaluation suites, it achieves an average success rate of 64.3%, compared with 48.9% for
the domain-randomized baseline, while preserving nominal performance. Command-only,
response-only, previous-action, recovery-source, and matched explicit-parameter controls
indicate that the gain is not explained solely by command statistics, redundant command
input, or recovery-data composition. These results show in simulation that command–
response history is an effective source of online latent system context under coupled visual
and control shifts; real-robot generalization remains to be established.

Keywords: diffusion policy; robot manipulation; visuomotor imitation learning; online
system identification; visual–control deployment shift; history-conditioned adaptation

1. Introduction
Visuomotor imitation learning allows robots to acquire contact-rich manipulation

skills from demonstrations, reducing the need to handcraft task dynamics or control
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objectives [1–4]. Diffusion Policy is a representative approach: it models action sequences
through conditional denoising and executes them in a receding-horizon manner [5]. Its
strong performance is usually evaluated under the same observation and control settings
used for training. In simulated deployment-shift studies, however, the camera may be
moved, action commands may be rescaled, or additional latency may be introduced by the
control stack. Although the robot and task remain unchanged, these changes alter how a
command appears in subsequent visual and proprioceptive observations.

A single observation is often insufficient to identify the active configuration because
task state and system changes can produce similar evidence. Image changes may result
from object motion or camera motion, while a small observed response may be caused by
contact, reduced action scale, or delayed actuation. Domain randomization can improve
robustness across such variations, but it does not reveal which configuration is active.
Explicit calibration can resolve part of the ambiguity, but it requires parameters that may
not be available after hardware or control changes.

Recent methods for handling viewpoint variation use calibration inputs, geometric
action representations, 3D scene models, or view synthesis [6–10]. These methods mainly
address changes in camera geometry. Our setting also includes action scale and control
delay, both of which affect the relation between an issued command and the motion
observed afterward. We therefore study camera pose, action scale, and control delay jointly
rather than treating camera variation in isolation.

Recent interaction provides a direct source of information about the active system.
Each issued command can be compared with the visual and proprioceptive changes that
follow it. Online system identification and rapid adaptation use the same principle to
infer hidden dynamics from recent state and action histories [11–13]. We apply this idea to
diffusion policies that use RGB observations. Because the control delay is unknown, the
next response cannot always be assigned to the latest command. We therefore represent
each response together with a window of recent commands and use a temporal model to
infer the relevant lag.

Based on this idea, we propose the System-Context-Conditioned Diffusion Policy
(SCE-DP). A temporal Transformer encodes a sliding window of issued commands and
subsequent visual and proprioceptive responses into a latent representation of the active
system. This representation is combined with the current observation to condition the de-
noising network and is recomputed at every replanning step. During training, two auxiliary
objectives predict the simulated system parameters and the next visual and proprioceptive
response. During evaluation, the policy does not use the true system parameters or modify
its model weights; only the latent context is updated from recent interaction.

Our contributions are as follows. First, we formulate a simulated visuomotor gener-
alization setting that couples camera extrinsic shifts, arm-command scale changes, and
bounded control delay. Second, we introduce a delay-uncertain command-response history
representation that keeps multiple candidate issued commands instead of assuming a fixed
one-step command-response pairing. Third, we condition a diffusion policy on a latent sys-
tem context trained with both privileged simulated parameter supervision and behavioral
response prediction. Fourth, we provide composition, extrapolation, shortcut, recovery-
source, and explicit-parameter controls to separate the effect of command–response evi-
dence from command statistics, task state, and recovery-data imbalance.

2. Related Work
2.1. Diffusion Policies for Robot Manipulation

Diffusion models learn complex, high-dimensional data distributions through iterative
denoising [14–16]. In robot learning, they have been applied to trajectory planning and
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behavior generation [17]. Diffusion Policy conditions the denoising process on visual ob-
servations, predicts action sequences, and executes them with receding-horizon control [5].
Other imitation learning methods model multimodal behavior through energy-based objec-
tives, transformer architectures, or action chunking [1,3,4]. More recent methods introduce
3D scene representations or geometric constraints to improve spatial generalization [7,18].
Our work retains the action-generation framework of Diffusion Policy and studies changes
in how commands are executed and observed after deployment.

2.2. Robustness to Camera Viewpoint Changes

Existing methods address camera variation by incorporating calibration information,
3D geometry, or view transformation. Calibration Diffusion Policy learns a camera repre-
sentation from demonstrations collected under different viewpoints [6]. Three-Dimensional
Diffuser Actor generates actions from a 3D scene representation and can generalize across
viewpoints when depth or multi-view observations are available [7]. AnyCamVLA syn-
thesizes an observation from a canonical viewpoint, while VistaBot combines camera pose
estimation with view synthesis for closed-loop control [8,9]. CamVLA predicts actions
in the camera frame and transforms them into the robot base frame using an estimated
hand–eye transformation [10]. These methods estimate, encode, or normalize camera ge-
ometry from the current observation. They do not directly model how an issued command
is rescaled or delayed before its effect becomes visible. SCE-DP therefore uses recent com-
mands and their observed effects to handle camera changes together with action scaling
and bounded control delay.

2.3. System Identification and History-Based Adaptation

History-based adaptation uses recent interaction to infer properties of the current
environment or system. UP-OSI combines a universal policy with an online module that
estimates dynamics parameters from recent states and actions [11]. Rapid Motor Adaptation
(RMA) learns a history encoder from privileged information and uses it to adapt without
updating the policy parameters during deployment [12,13]. These approaches motivate our
use of recent interaction but they are usually formulated around proprioceptive dynamics
or explicit physical parameters. Our setting also changes the visual observation mapping
through camera extrinsics and changes the command–response timing through control
delay. We therefore apply history-based adaptation to visual imitation learning, condition
the diffusion denoising process directly, and give the history encoder a window of recent
commands instead of a fixed pairing between one command and the next observation.

2.4. Domain Randomization and Data Aggregation

Domain randomization trains policies under sampled environment parameters to
improve robustness to modeling errors and deployment variation [19–21]. Its performance
depends on the training distribution, and the policy is not explicitly informed of the
configuration active in a given episode. Control delay presents an additional challenge
because sensing and actuation latency can reduce transfer performance even when other
dynamics are randomized [22]. We therefore compare SCE-DP with a Diffusion Policy
trained under the same randomized configurations.

Behavioral cloning also suffers from a mismatch between expert trajectories used
for training and the states reached by the learned policy during deployment [2,23]. To
reduce this mismatch, we collect one fixed recovery dataset from policy rollouts and label
the visited states with an expert that has access to the deployment parameters. The same
recovery data are used for all randomized comparison methods.
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3. Problem Formulation
We consider manipulation environments that share the same robot embodiment, task

definition, and scene structure but differ in their camera and control settings. At control
step t, the policy observes

ot = (It, qt), (1)

where It is a monocular RGB image and qt contains the proprioceptive state available at
deployment. The policy predicts a sequence of normalized commands,

At = [at, at+1, . . . , at+Tp−1], (2)

and sends the first Ta commands to the controller before replanning. We denote the com-
mand issued at step t by aissued

t .
We assume that the deployment configuration is fixed within an episode. The deploy-

ment configuration is represented by

ξ = [∆pcam, ∆rcam, sa, da], (3)

where ∆pcam ∈ R3 and ∆rcam ∈ R3 are offsets in camera position and roll–pitch–yaw orien-
tation, sa scales the arm command, and da is an integer control delay. The arm command
applied by the controller is

aapplied
t = clip

(
saaissued

t−da
,−1, 1

)
, (4)

where clipping is applied elementwise. Gripper commands are delayed by da but are not
scaled. The delay is unknown to the policy but is assumed to lie within a predefined
represented range 0 ≤ da ≤ dmax, with dmax = 4 in the main model. Configurations
beyond this represented delay window are evaluated only as stress tests and are not part
of the main generalization claim. The configuration ξ is not provided as a policy input
during evaluation.

The goal is to maintain task performance across configurations, including those not
seen during training. During evaluation, the policy can use past observations and issued
commands, but it does not observe ξ or the applied commands and receives no separate
calibration trajectory. Model parameters remain fixed; accordingly, online latent-context
adaptation denotes updating only a latent representation of the current system from recent
interaction history.

4. Method
4.1. Overview

SCE-DP extends a conditional Diffusion Policy with an encoder that uses recent inter-
action history. At each replanning step, the last H completed transitions are converted into
record tokens and processed by a temporal Transformer. The resulting latent representation,
denoted by zsys(t), captures information about the current camera and control configura-
tion. In parallel, the current visual and proprioceptive observations are encoded as hobs(t).
The two representations are combined to form the condition ct for the diffusion model.

We use H = 16, selected on the validation set as reported in Table A5. During training,
two auxiliary heads encourage zsys(t) to encode the system parameters and their effects on
the observed response. These heads are not used for action generation at deployment.

The overall architecture of SCE-DP is illustrated in Figure 1.
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Figure 1. Overviewof SCE-DP. A temporal Transformer encodes recent transition records into zsys(t),
while the current observation is encoded as hobs(t). Their fused representation ct conditions the
Conditional 1D U-Net during denoising. The system parameter and response prediction heads
are used only during training. Colors visually distinguish the observation, history-context, fusion,
action, and auxiliary-learning components. Solid arrows denote the policy-conditioning and action-
generation paths, whereas gray dashed arrows connect the auxiliary heads used only during training.
The ellipses denote omitted intermediate history tokens or action-sequence elements for compact
visualization and do not represent missing model components.

4.2. Diffusion Policy

Following DDPM and Diffusion Policy [5,14], let A0
t denote an expert action sequence,

k a diffusion step, and ϵ ∼ N (0, I). The forward diffusion process produces

Ak
t =
√

ᾱk A0
t +

√
1− ᾱkϵ. (5)

A conditional 1D U-Net predicts the added noise:

ϵ̂ = ϵθ(Ak
t , k, ct). (6)

The diffusion loss is

Ldiff = EA0
t ,k,ϵ

[∥∥∥ϵ− ϵθ(Ak
t , k, ct)

∥∥∥2

2

]
. (7)

We use an observation horizon To = 2, a prediction horizon Tp = 16, and an execution
horizon Ta = 4 for all tasks. SCE-DP retains the action representation and diffusion
objective of the baseline and changes how the condition ct is constructed.

4.3. History Representation

When the control delay is unknown, the observed change between steps i and i + 1
cannot always be assigned to the most recent command. It may instead result from an
earlier command aissued

i−da
. We therefore represent each completed transition together with a

window of recent commands.
Let dmax = 4 be the maximum delay represented by the model. For a completed

transition at index i, we define

τi =
(

Ii, qi, aissued
i−dmax :i, Ii+1, qi+1

)
, (8)
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where aissued
i−dmax :i contains the dmax + 1 commands from i− dmax through i.

Let

fi = Frgb(Ii), ∆ fi = fi+1 − fi, ∆qi = qi+1 − qi. (9)

The token for transition i is

xi = MLPtrans

([
fi, qi, ∆ fi, ∆qi, aissued

i−dmax :i, mrec
i , mact

i−dmax :i

])
, (10)

where mrec
i indicates whether the transition record is valid and mact

i−dmax :i identifies valid
entries in the command window.

A history containing H transition records spans H + 1 observations and H + dmax

issued commands. With H = 16 and dmax = 4, the encoder receives information from
17 observations and 20 commands. At the beginning of an episode, unavailable entries are
padded with zeros and excluded through the masks. Records are constructed only from
completed transitions and do not cross episode boundaries.

4.4. System Context and Policy Conditioning

A four-layer Transformer encoder processes the sequence of transition tokens [24]. A
learned [CLS] token is prepended to the sequence, and its projected output defines the
128-dimensional system representation:

zsys(t) = Eϕ

(
xt−H:t−1, mrec

t−H:t−1
)
∈ R128. (11)

When no completed transition is available, the [CLS] token provides a learned initial
representation. The remaining Transformer dimensions are reported in Appendix A.

The current observation is encoded by the visual and proprioceptive encoders of the
Diffusion Policy:

hobs
t = Concat

(
Frgb(It−To+1:t), Fq(qt−To+1:t)

)
. (12)

We combine the observation representation with the inferred system representation:

ct = MLPcond

([
hobs

t , zsys(t)
])

. (13)

The condition ct is supplied through the FiLM conditioning interface of each residual block
in the 1D U-Net [5,25,26].

4.5. Auxiliary Training Objectives
4.5.1. System Parameter Prediction

During simulation training, the camera and control parameters are available as super-
vision. We define the normalized target

ξ̃ =

[
Sp(∆pcam),Sr(∆rcam),Ss(sa),

da

dmax

]
, (14)

where Sp, Sr, and Ss standardize the camera translation, camera rotation, and action
scale using the mean and standard deviation of the training configurations. The delay is
normalized only by dmax.

A prediction head maps the system representation to an estimate of the normalized
parameters:

ξ̂norm = Pω

(
zsys(t)

)
. (15)

The corresponding loss is
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Lsys = LHuber

(
ξ̂norm, ξ̃

)
. (16)

Delay is regressed as a continuous scalar rather than treated as a classification target. The
normalized parameter predictions are used only for this auxiliary objective; the policy is
conditioned directly on zsys(t).

4.5.2. Response Prediction

Parameter supervision does not directly describe how the current system responds to
an issued command. We therefore train a second head to predict the proprioceptive change
and visual feature at the next step:(

∆̂qt, f̂t+1

)
= Dη

(
ft, qt, aissued

t−dmax :t, mact
t−dmax :t, zsys(t)

)
. (17)

The target for the proprioceptive prediction is

∆qt = qt+1 − qt. (18)

For the visual target, we maintain an exponential moving average copy of the RGB encoder:

ψ̄← µψ̄ + (1− µ)ψ, µ = 0.99, (19)

where ψ and ψ̄ denote the parameters of the trainable and target RGB encoders, respectively.
The target visual feature is

f̄t+1 = F̄rgb(It+1). (20)

The response prediction loss is

Ldyn =
∥∥∥∆̂qt − (qt+1 − qt)

∥∥∥
1
+ β f

∥∥∥ f̂t+1 − sg( f̄t+1)
∥∥∥2

2
, β f = 0.1, (21)

where sg(·) stops gradients through the target feature. The target encoder is updated only
through the exponential moving average.

4.6. Training and Inference

The complete training objective is

L = Ldiff + λsysLsys + λdynLdyn, λsys = λdyn = 0.1. (22)

Training begins from a Diffusion Policy checkpoint trained with the deployment
randomization described in Section 5. We first pretrain the history encoder and auxiliary
heads and then jointly optimize the history encoder, observation encoders, conditioning
module, and diffusion network.

After the initial joint training stage, we continue training with the fixed recovery
dataset described in Section 5.3, sampling expert and recovery data at a ratio of 3:1.

At the start of each episode, the history buffer is empty. At a replanning step, the
completed transition records are encoded into zsys(t), which is combined with the current
observation through Equation (13). The diffusion model then generates an action sequence,
and the first Ta commands are sent to the controller. Their observed responses are added
to the history buffer before the next replanning step. Model parameters remain fixed
during deployment.

Full optimization settings and training schedules are provided in Appendix A.
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5. Benchmark and Experimental Protocol
5.1. Tasks and Observations

We evaluate five tabletop manipulation tasks from ManiSkill [27]: PickCube-v1,
PushCube-v1, StackCube-v1, PullCube-v1, and PegInsertionSide-v1. Together, they
cover grasping, planar pushing, multi-stage placement, reverse pushing, and precision
insertion. A separate policy is trained for each task using a Franka Panda arm with a
parallel gripper.

Each policy receives a 128× 128 monocular RGB image from a wrist-mounted eye-
in-hand camera and the robot proprioception available during evaluation. Ground-truth
object poses are not included. The main protocol includes the previous issued action
in proprioception. Because this input duplicates command information available to the
history encoder, we also retrain and evaluate SCE-DP after removing it. For a given task, all
methods in the main comparison use the same controller, action space, observation inputs,
and episode horizon.

The primary behaviors and evaluation focus of the five tasks are summarized in
Table 1.

Table 1. Evaluation tasks. Each task is trained independently and receives equal weight in the
macro-average success rate.

Task Primary Behavior Evaluation Focus

PickCube-v1 Grasp and lift Visuomotor alignment
PushCube-v1 Planar pushing Sustained contact
StackCube-v1 Grasp, transport, and place Multi-stage manipulation
PullCube-v1 Reverse pushing Direction-sensitive control
PegInsertionSide-v1 Precision insertion Spatial and timing accuracy

The simulator, controller, camera, timing, and action-space settings are reported in
Appendix A.

5.2. Deployment Settings

At the beginning of each episode, a wrapper sets the camera translation, camera
rotation, arm-command scale, and control delay. These values remain fixed until the
episode ends. Camera offsets are applied to the mounted camera at reset, and the delay
queue is initialized with zero commands. The wrapper applies Equation (4) before sending
commands to the controller.

Desired, issued, and applied commands are stored in the data-generation logs. The
policy and history encoder use only issued commands. We also verify that the workspace
remains visible under every camera setting.

Camera translation is defined in the nominal camera coordinate frame: +x points
to the right in the image, +y points downward, and +z points forward from the camera.
Rotation is represented by extrinsic roll–pitch–yaw offsets in xyz order.

The training/validation and mild-extrapolation ranges are summarized in Table 2.

Table 2. Ranges used to construct the training, validation, and extrapolation configurations.

Factor Training/Validation Range Mild Extrapolation Range

Camera translation Each axis in [−5, 5] cm Selected-axis magnitude in (5, 10] cm
Camera rotation Each axis in [−10◦, 10◦] Selected-axis magnitude in (10◦, 15◦]
Arm-command scale [0.8, 1.2] [0.7, 0.8) ∪ (1.2, 1.3]
Control delay 0–2 steps 3–4 steps

https://doi.org/10.3390/app16178858
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For extrapolation settings, selected axes are assigned a sign sampled uniformly from
{−1,+1} and an absolute magnitude sampled from the corresponding extrapolation in-
terval. The remaining axes stay within the training range. All configurations are sampled
before training and stored in a fixed catalog. The training, validation, held-out, composition,
and extrapolation splits use non-overlapping configuration identifiers.

5.3. Demonstrations and Recovery Data

Demonstrations are generated by an expert with access to the camera and control con-
figuration. To compensate for arm-command scaling, the desired command is converted as

ascale
t = clip

(
ades

t
sa

,−1, 1

)
. (23)

The command sequence is advanced by da steps to account for the control delay. Gripper
commands are advanced by the same amount but are not divided by sa.

Each converted trajectory is replayed in the corresponding environment. Initial no-op
commands, terminal holds, and delay-queue flushing ensure that the complete delayed
sequence is executed. A trajectory is added to the expert dataset only if it satisfies the task
success condition after the queue has been flushed.

For each training configuration, we target ten successful demonstrations and require
at least eight. The data manifest records the number of attempts, accepted trajectories,
command-clipping ratio, configuration identifier, and random seeds. Configurations with
an acceptance rate below 50% or an arm-command clipping ratio above 10% are inspected
and regenerated when necessary.

After the initial joint-training stage, warm-start DP + DR and SCE-DP policies sepa-
rately collect trajectories under the training configurations. The configuration-aware expert
labels recoverable visited states with future command sequences. Data collected by both
policies are merged into a fixed recovery dataset, capped at 25% of the number of expert
transitions, and shared by DP + DR, DP + History, SysID + Params, Oracle, and SCE-DP.
States without a reliable action label may be used for Lsys and Ldyn, but not for Ldiff.

Because this construction could favor SCE-DP through exposure to states visited
by an earlier SCE-DP collector, we additionally audit the source composition of the re-
covery set and train recovery-source controls. The merged action-labeled recovery set is
nearly balanced between the two collectors, as shown in Table 3. We further evaluate
SCE-DP trained with only the DP + DR-collected recovery subset and report this control
in Section 6. It tests whether the final improvement is caused by access to SCE-DP’s own
visited-state distribution.

Table 3. Source composition of the recovery dataset used by the main methods. Counts denote
action-labeled recovery transitions; states without action labels are counted only in the auxiliary-
only column.

Task DP + DR
Collector

SCE-DP
Collector Auxiliary Only SCE Share

PickCube 4105 4117 2056 50.1%
PushCube 4728 4733 2365 50.0%
StackCube 5927 5954 2970 50.1%
PullCube 5050 5054 2526 50.0%
PegInsertionSide 6638 6659 3330 50.1%

Dataset sizes, acceptance rates, clipping statistics, and recovery-data counts are re-
ported in Appendix A.
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5.4. Configuration Splits

All configurations are generated before training and assigned unique identifiers. The
training and validation splits contain camera-only, scale-only, delay-only, camera + scale,
and scale + delay configurations. Camera + delay and camera + scale + delay combinations
are omitted from both splits.

The composition suite contains in-range camera + delay configurations with unit
action scale. It therefore tests a combination of factors that is absent from training and
validation. A separate three-factor suite evaluates simultaneous changes in camera pose,
action scale, and control delay as an additional stress test.

The configuration suites used for training, model selection, and evaluation are sum-
marized in Table 4.

Table 4. Configuration suites used for training, model selection, and evaluation.

Suite No. Purpose

Nominal 1 Reference configuration
Train 60 Expert data collection and recovery-data generation

Validation 12 Hyperparameter and checkpoint selection (4 camera, 4 scale, 2 delay, 1 camera +
scale, 1 scale + delay)

Held-out in-range 8 New configurations from factor combinations seen during training
Composition 8 Camera + delay configurations omitted from training and validation
Extrapolation, single 8 Mild extrapolation of one factor
Extrapolation, combined 8 Mild extrapolation of two factors
Three-factor stress 8 Simultaneous camera, scale, and delay changes

Configuration identifiers, rollout seeds, object initializations, and trajectory identifiers
are kept disjoint where required by the split.

5.5. Baselines and Ablations

We compare SCE-DP with the following methods:
DP-Nominal is trained only under the nominal configuration. DP + DR is trained

using the same randomized camera and control configurations as SCE-DP. DP + History
adds the same history encoder as SCE-DP but omits Lsys and Ldyn.

SysID + Params uses the same history encoder and parameter targets as SCE-DP.
It predicts the normalized configuration and supplies only these predicted parameters
to the policy. SysID + Params + Dyn uses the same parameter and response-prediction
supervision as SCE-DP, but the policy still receives only the predicted explicit parameters.
This matched control isolates the effect of the latent context from the effect of the auxiliary
response-prediction loss. Oracle uses the same conditioning interface but receives the true
normalized configuration. The comparison between SysID + Params + Dyn and SCE-DP
tests whether the latent representation contains behaviorally useful information beyond
the explicit camera, scale, and delay parameters.

The target fine-tuning reference receives ten demonstrations from the target configu-
ration and is optimized for 5000 updates with a learning rate of 10−5. Only the observation-
conditioning MLP and Conditional 1D U-Net are updated. Its demonstrations and evalua-
tion seeds are disjoint.

We ablate the auxiliary objectives, history length, context assignment, context updating,
temporal encoding, and command–response alignment.

DP + DR, DP + History, SysID + Params, SysID + Params + Dyn, Oracle, and SCE-
DP use the same demonstrations, merged recovery dataset, number of training updates,
diffusion scheduler, and checkpoint-selection procedure.

https://doi.org/10.3390/app16178858
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Published viewpoint-robust manipulation methods are not included as direct baselines
because their observation, calibration, action, or backbone requirements differ from the
single-RGB, unknown-configuration setting evaluated here. Table 5 states the mismatch for
each cited method rather than treating prior work as one homogeneous category. These
methods remain complementary to SCE-DP, especially when calibration, depth, view
synthesis, or a pretrained VLA backbone is available.

Table 5. Input-assumption mismatch for published viewpoint-robust methods. The table explains
why these methods are discussed but not used as direct baselines under our single-RGB, unknown-
camera, action-scale, and delay setting.

Published Method Calibration/Geometry Visual Input Control-Shift
Model Reason Not Directly Comparable

Calibration Diffusion
Policy [6]

Camera calibration
parameters supplied

to the policy

RGB plus
calibration history No

Assumes calibration input that is
deliberately unavailable in our
unknown-camera protocol

3D Diffuser Actor [7] 3D scene coordinates RGB-D from one
or more views No

Requires sensed depth and predicts 3D
pose trajectories rather than our
normalized command interface

AnyCamVLA [8]

Target-view
normalization

through novel-view
synthesis

RGB and a
pretrained VLA

policy
No

Adapts a VLA by synthesizing its
training view; it does not model
action-scale or command latency

VistaBot [9]
4D geometry

estimation and view
synthesis

RGB/video with
ACT or π0

No
Adds geometric/video generative
modules and a different policy backbone,
without delayed or rescaled execution

CamVLA [10] Predicts a 6-DoF
hand–eye transform

Single RGB plus
language No

Uses a VLA and camera-frame action
representation; it does not address
delayed command execution or
action scaling

5.6. Metrics and Statistical Analysis

Task success rate is the primary metric. Secondary measures include task progress,
degradation from nominal performance, recovery of the gap to Oracle, parameter-prediction
error, delay Spearman correlation, response-prediction error, context stability, replanning
latency, peak GPU memory, and parameter count.

Each method is trained with three random seeds. Each checkpoint is evaluated using
exactly 50 matched rollout seeds for each test configuration. We report mean success
rates with 95% bootstrap confidence intervals and use the same rollout seeds for paired
method comparisons.

All confidence intervals are computed from 10,000 hierarchical bootstrap resamples
using percentile intervals. For suite-level results, the resampling hierarchy proceeds from
task to training seed, configuration, and matched rollout seed. Comparisons between
SCE-DP and DP + DR, SysID + Params, or SysID + Params + Dyn use the same resampled
indices, and the statistic is their paired difference in success rate. Training-seed labels define
aligned experimental blocks across methods because the corresponding runs use the same
data split and evaluation conditions; independently trained policies remain the principal
independent units in the seed-level sensitivity analysis. Let ∆̂ denote the observed paired
difference, and let ∆∗b denote the paired difference obtained in bootstrap replicate b. To
approximate the null hypothesis of zero difference, we center each bootstrap replicate as

∆∗(0)b = ∆∗b − ∆̂. (24)
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With B = 10,000 resamples, the two-sided bootstrap p value is

p =
1 + ∑B

b=1 1
(∣∣∣∆∗(0)b

∣∣∣ ≥ ∣∣∣∆̂∣∣∣)
B + 1

, (25)

where 1(·) is the indicator function. Holm correction is applied across the four shifted-suite
comparisons within each baseline family. Line plots show 95% confidence bands computed
with the same resampling procedure.

For each method, task, and suite, success is first averaged over rollout seeds within
each configuration and then over configurations. The result is subsequently averaged over
the three training seeds. The overall score is the unweighted mean across the five tasks.

To summarize performance across the four shifted suites, we define

SAvgShift =
1
4

(
Sheld + Scomp + Sextra-single + Sextra-combined

)
. (26)

Each suite therefore contributes equally to SAvgShift, regardless of its number of configurations.
Before the main evaluation, we set the following success criteria: SCE-DP must im-

prove the held-out macro-average by at least eight percentage points over DP + DR, improve
at least four of the five tasks, remain within three points of DP-Nominal on the nominal
suite, achieve a statistically significant improvement on the composition suite, and add less
than 20% to the total replanning latency.

5.7. Hardware and Efficiency Measurement

Training and evaluation use one NVIDIA L40 GPU with 48 GB memory, an x86_64
server CPU with 32 logical cores, and 128 GB RAM. The software environment consists of
Ubuntu 22.04, Python 3.10, PyTorch 2.4.1, CUDA 12.1, cuDNN 9.1, and ManiSkill v3.0.1.
Each training run uses one GPU.

Inference latency is measured with batch size 1, FP16 autocast for neural-network
inference, and FP32 environment state. We perform 100 warm-up replanning calls followed
by 1000 measured calls, with CUDA synchronization immediately before and after each
timed region.

The reported neural-policy latency includes RGB and proprioceptive encoding, record-
token construction, Transformer encoding, condition fusion, and diffusion denoising. It
excludes environment simulation, rendering, host-to-device image transfer, logging, and
video encoding. Peak GPU memory is measured after warm-up using PyTorch’s peak-
memory counter.

Training time, memory use, and data-generation cost are reported in Appendix A.
Section 6 reports the additional deployment cost introduced by the history encoder.

6. Results
6.1. Validation and Diagnostic Checks

The validation sweep over H ∈ {1, 4, 8, 16} selects H = 16, which gives the highest
validation Avg Shift while satisfying the latency constraint. Full results are provided in
Appendix B. On the validation set, the parameter prediction errors are 0.92 cm for camera
translation, 1.9◦ for camera rotation, 0.031 for action scale, and 0.34 steps for control delay.
The Spearman correlation for delay is 0.89. The response-prediction error reported here is
the dimensionless visual-feature mean-squared error after encoder-feature normalization;
it is not the full mixed loss in Equation (21). Replacing the inferred context with one from
another configuration of the same task increases this error from 0.034 to 0.081 and reduces
policy success from 73.2% to 54.7%.
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The full-history estimates on the held-out catalog in Table A10 are slightly lower
than the corresponding validation errors (for example, 0.84 versus 0.92 cm for camera
translation). This does not indicate training on the held-out configurations: validation and
held-out use disjoint fixed catalogs drawn from the same in-range bounds, and the catalogs
are not ordered by identification difficulty. Their finite configuration mix and task macro-
averaging can therefore reverse the expected numerical ordering. We interpret the small
difference as catalog-level variation and base the generalization claim on policy success
over the separately frozen held-out suite, not on a presumption that held-out parameter
error must exceed validation error.

6.2. Main Results

On the frozen test suites, DP-Nominal achieves 86.5% under the nominal configuration.
Its success rate falls to 63.1% (n = 3000), 68.4% (n = 3000), and 58.6% (n = 1500) on the
camera-only, action-scale-only, and control-delay-only test subsets, respectively. For Pick,
Push, Stack, Pull, and Peg, the corresponding task scores are 72.5%, 68.0%, 64.0%, 65.0%,
and 46.0% under camera shifts; 78.0%, 74.0%, 68.0%, 73.0%, and 49.0% under action scaling;
and 70.0%, 65.0%, 58.0%, 61.0%, and 39.0% under control delay. Camera and delay shifts
reduce success substantially across all five tasks, whereas action scaling is less damaging
but still degrades precision-heavy performance.

The macro-average success rates on the nominal and four shifted suites are summa-
rized in Table 6.

Table 6. Macro-average success rate across five tasks (%, higher is better). The upward arrow (↑)
indicates that higher values are better. Values are reported as mean with 95% hierarchical boot-
strap confidence interval. For each shifted suite, n = 6000 rollout outcomes, corresponding to
5 tasks × 3 training seeds × 8 configurations × 50 matched rollout seeds. Avg Shift is defined in
Equation (26). Bold indicates the best method among those that use neither oracle parameters nor
target demonstrations.

Method Nominal ↑
(n = 750)

Held-Out ↑
(n = 6000)

Comp. ↑
(n = 6000)

Extra-Single ↑
(n = 6000)

Extra-Combined ↑
(n = 6000)

Avg Shift ↑
(n = 24,000)

DP-Nominal 86.5 [77.2, 93.2] 46.3 [36.8, 54.1] 37.0 [27.6, 44.3] 34.7 [25.2, 42.6] 27.7 [21.9, 33.0] 36.4 [27.9, 43.5]
DP + DR 85.7 [76.3, 92.5] 60.0 [50.5, 68.8] 50.1 [41.3, 58.0] 47.7 [40.3, 54.3] 37.7 [31.0, 44.0] 48.9 [40.7, 56.3]
DP + History 86.8 [77.5, 93.5] 59.0 [48.8, 68.2] 48.4 [39.4, 55.6] 46.4 [38.4, 53.1] 37.5 [31.3, 43.4] 47.8 [39.5, 55.1]
SysID + Params 86.1 [76.5, 92.8] 70.1 [62.1, 77.0] 60.6 [52.4, 67.4] 56.2 [48.0, 63.1] 50.0 [41.6, 57.1] 59.2 [51.0, 66.1]
SysID + Params + Dyn 87.3 [75.3, 95.3] 72.5 [65.0, 78.6] 63.9 [56.6, 70.0] 58.9 [50.7, 65.5] 53.0 [44.7, 60.2] 62.1 [54.6, 68.2]
Oracle 89.5 [80.1, 95.9] 78.4 [70.3, 85.3] 69.7 [61.6, 76.2] 66.9 [58.2, 74.1] 57.0 [46.7, 65.1] 68.0 [59.2, 75.2]
Target fine-tune 87.6 [78.1, 94.3] 68.9 [61.2, 75.2] 60.5 [52.6, 67.4] 57.2 [46.5, 65.1] 49.1 [42.2, 55.0] 58.9 [50.6, 65.7]
SCE-DP 86.0 [76.7, 92.7] 74.5 [66.2, 81.5] 65.8 [56.6, 73.7] 61.0 [52.5, 68.0] 55.7 [47.7, 62.5] 64.3 [55.8, 71.4]

On the Held-out and Composition test suites, Oracle conditioning reaches 78.4% and
69.7%, respectively, compared with 46.3% and 37.0% for DP-Nominal. Relative to the
nominal test score of 86.5%, Oracle conditioning recovers 79.9% of the performance gap on
Held-out and 66.1% on Composition.

SCE-DP improves over DP + DR by 14.5 points on Held-out, 15.7 points on Composi-
tion, 13.3 points on single-factor extrapolation, and 18.0 points on combined extrapolation.
Its Avg Shift is 64.3%, compared with 48.9% for DP + DR and 47.8% for DP + History.
SysID + Params reaches 59.2%, while the matched SysID + Params + Dyn control reaches
62.1%. SCE-DP exceeds this matched control by 2.2 Avg Shift points, but the suite-level
comparisons are not significant after Holm correction. On the nominal suite, SCE-DP scores
86.0%, compared with 86.5% for DP-Nominal.

Paired hierarchical bootstrap tests show significant improvements over DP + DR and
SysID + Params on all four shifted suites after Holm correction. SCE-DP also has higher
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mean success than SysID + Params + Dyn on every suite, but none of these four matched-
control comparisons reaches significance after correction. We therefore do not claim sta-
tistically significant superiority over the matched explicit-parameter control. Confidence
intervals and corrected p values are reported in Appendix C.

On the additional three-factor stress suite, SCE-DP achieves 57.4% success, compared
with 41.0% for DP + DR. The full results are provided in Appendix C.

Figure 2 visualizes the macro-average performance differences across the four
shifted suites.
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Figure 2. Macro-average success rates on the four shifted suites. Annotations report the improvement
of SCE-DP over DP + DR in percentage points.

SCE-DP also outperforms DP + DR on every task in the Held-out and Composition
suites. The Held-out gains range from 9.0 points on PickCube to 16.4 points on PegInsertion-
Side. On Composition, they range from 15.1 points on PushCube to 16.8 points on PullCube.

6.3. Ablations and Diagnostics

These ablations modify only the fields supplied to the history-token encoder; the cur-
rent policy-observation pathway, auxiliary-head targets, and all other model components
remain unchanged. To make the information-source ablations in Table 7 unambiguous, all
variants use the same mask-construction rule, history length H = 16, and dmax = 4. For
removed fields, the corresponding field masks are set to zero, and no values are imputed or
replaced by learned quantities. The full command–response variant retains ( fi, qi, ∆ fi, ∆qi)

together with the recent issued-command window aissued
i−dmax :i. Command-only retains only

that issued-command window and masks the four visual/proprioceptive fields; response-
only retains the four visual/proprioceptive fields and masks the issued-command window;
and response-difference retains only (∆ fi, ∆qi), masking the absolute visual/proprioceptive
fields and the issued-command window. Each variant was fully retrained independently
under the same demonstrations, merged recovery data, DP + DR initialization protocol,
model architecture, data augmentation, feature normalization, optimizer, loss weights,
batch size, number of updates, update schedule, checkpoint-selection rule, and three train-
ing seeds; no variant reuses weights from another. The system-probe columns below are
mean absolute errors from each variant’s learned auxiliary system-parameter regression
head, evaluated on Held-out configurations (camera translation in cm, camera rotation in
degrees, action scale, and delay in steps). They are not the post hoc linear-probe scores
reported in Table 8.
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Table 7. Shortcut and information-source ablations for the history encoder. Values are macro-average
success rates (%, higher is better) and auxiliary-head system-parameter errors on Held-out con-
figurations. The four input variants and the retained/removed fields are defined in the preceding
paragraph; these errors are not post hoc linear-probe results. Bold indicates the highest success rate
or the lowest parameter-prediction error among the compared variants.

History Input Held-Out Comp. Cam. cm Rot. deg Scale Delay

Command-only 63.0 [54.1, 70.3] 52.8 [43.4, 60.6] 2.44 5.3 0.071 0.84
Response-only 66.2 [58.3, 73.0] 57.7 [49.3, 64.8] 1.52 3.4 0.049 0.58
Response-difference 68.9 [59.9, 77.0] 59.0 [50.2, 66.6] 1.37 3.1 0.044 0.50
Full command–response 74.5 [66.2, 81.5] 65.8 [56.6, 73.7] 0.87 1.9 0.030 0.32

The task-state and context-swap diagnostics are summarized in Table 8.

Table 8. Task-state and context-swap diagnostics on the Held-out suite. Matched swaps exchange
contexts only between rollouts with the same task. Among eligible source rollouts from a different
configuration, we select the nearest neighbor in normalized progress and the ℓ2 distance between the
recent action-history vectors; the strongest match also adds nearest-neighbor matching in normalized
initial-state variables. Probe mean score is the average of R2 for continuous targets, computed after
target normalization, and balanced accuracy for binary contact.

Diagnostic Policy Success Response MSE Interpretation

Unmatched different-
configuration context 55.1% 0.081 Task state and configuration both differ

Matched progress and
action history 58.7% 0.073 Matching task phase recovers part of the loss

Matched progress, initial
state, and action history 60.1% 0.069 Stronger task-state matching remains insufficient

Correct inferred context 74.5% 0.034 Best response prediction and control

System-parameter probe,
mean score 0.82 Camera, scale, and delay are strongly decodable

from zsys

Task-state probe, mean score 0.40 Task variables are also partially decodable, so the
latent is not a pure system identifier

Command-only histories remain above DP + DR on some suites, indicating that
configuration-aware expert conversion leaves weak statistical traces in the issued-command
distribution. However, they remain 11.5 points below the full command–response model on
Held-out and 13.0 points below it on Composition. Response-only and response-difference
variants recover part of the gap. All histories in this control are generated by the deployed
policy rather than copied from expert trajectories. These results support the narrower
conclusion that command statistics alone are insufficient and that the strongest performance
requires observed responses.

For the latent probes in Table 8, we freeze the trained SCE-DP encoder and fit
lightweight linear probes from zsys to held-out labels. The system-parameter probe predicts
camera translation, camera rotation, action scale, and control delay. The task-state probe
predicts end-effector pose, object position, normalized task progress, and binary contact
state. Probe training uses the validation configurations, and the reported score is evaluated
on the Held-out suite. For continuous targets, the score is the coefficient of determination
R2 after target normalization; for binary contact, it is balanced accuracy. The mean score
averages these target-level scores over the five tasks and three training seeds.

Table 9 reports the controls for the previous issued action and recovery-source composition.
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Table 9. Controls for previous issued action in proprioception and recovery-source composition.
Values are macro-average success rates (%, higher is better) on the SCE-DP architecture. Bold indicates
the main SCE-DP configuration used in the primary comparison.

Control Held-Out Comp. Interpretation

Main SCE-DP, merged recovery 74.5 [66.2, 81.5] 65.8 [56.6, 73.7] Includes previous issued action
Without previous action 72.4 [63.9, 80.3] 63.3 [54.9, 71.2] Removes redundant command input
DP + DR-recovery only 70.9 [61.5, 78.8] 61.4 [52.6, 69.0] Removes SCE-DP-collected states

Removing the previous issued action reduces SCE-DP by 2.1 points on Held-out
and 2.5 points on Composition, while it remains 12.4 and 13.2 points above DP + DR.
Training with only DP + DR-collected recovery data lowers success by 3.6 and 4.4 points,
respectively, but retains gains of 10.9 and 11.3 points over DP + DR. The main improvement
therefore does not depend on either redundant command input or recovery states collected
by SCE-DP.

The auxiliary-objective and context-intervention ablations are reported in Table 10.

Table 10. Ablations on the Held-out and Composition suites. Values are macro-average success rates
across five tasks, reported as mean with 95% hierarchical bootstrap confidence interval (n = 6000 roll-
out outcomes per suite). All variants follow the same checkpoint-selection procedure and use matched
rollout seeds.

Variant Held-Out Comp. Change Tested

SCE-DP 74.5 [66.2, 81.5] 65.8 [56.6, 73.7] Full model
Without Lsys 70.6 [62.4, 77.7] 61.2 [52.0, 69.0] Parameter prediction loss
Without Ldyn 68.9 [60.5, 75.9] 59.4 [50.2, 67.1] Response prediction loss
Shuffled context 57.3 [49.0, 64.3] 46.8 [37.4, 54.7] Correct context assignment
Random context 56.1 [47.8, 63.1] 45.4 [36.2, 53.2] Added conditioning input
Context from another configuration 56.0 [47.8, 63.0] 44.9 [35.6, 52.7] Configuration specificity
Fixed initial context 64.8 [56.2, 71.9] 55.3 [46.2, 63.1] Context updates during the episode

Removing Lsys reduces success by 3.9 points on Held-out and 4.6 points on Com-
position. Removing Ldyn produces larger drops of 5.6 and 6.4 points. The DP + History
result in Table 6 shows that history conditioning alone does not improve over DP + DR;
the gain appears when history conditioning is paired with structured parameter and re-
sponse supervision. The variant without Lsys remains competitive, which indicates that
privileged simulated parameter labels are useful but not strictly necessary for a deployable
latent-context policy.

The three context perturbations reduce Held-out success by 17.2–18.5 points and
Composition success by 19.0–20.9 points. Keeping the initial context fixed throughout the
episode reduces success by 9.7 points on Held-out and 10.5 points on Composition.

Table 11 compares alternative history representations on suites with nonzero control delay.
Fixed one-step pairing reduces Composition success by 11.9 points relative to the

proposed representation, while using only the latest command reduces it by 9.0 points.
Predicting the delay and selecting one command performs better but remains 4.5 points
below the recent-command window. Retaining multiple candidate commands is therefore
more effective than committing to a single estimated alignment.

The delay-5 stress test beyond the represented command window is reported in
Table 12.
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Table 11. Ablation of the history representation on suites containing nonzero control delay. Values
are macro-average success rates across five tasks, reported as mean with 95% hierarchical bootstrap
confidence interval (n = 6000 rollout outcomes per suite). Bold indicates the best deployable history
representation that does not use the true control delay; the final row uses the true delay during history
construction and serves as an oracle-alignment upper bound.

History Representation Comp. Extra-Combined Description

Fixed one-step pairing 53.9 [44.4, 61.8] 42.8 [35.0, 49.6] Pairs each response with ai
Most recent command only 56.8 [47.4, 64.7] 45.7 [38.0, 52.5] Uses one command without representing delay uncertainty
No temporal encoding 58.2 [48.9, 66.0] 47.1 [39.4, 53.9] Removes the timing information in the record sequence
Predict delay and align 61.3 [52.1, 69.1] 51.0 [43.2, 57.7] Selects one command using the predicted delay
Recent-command window 65.8 [56.6, 73.7] 55.7 [47.7, 62.5] Retains all candidate commands for the Transformer
Alignment with true delay 67.1 [58.2, 75.1] 57.5 [49.8, 64.4] Uses the true value of da

Table 12. Delay stress test beyond the represented command window. The model uses dmax = 4,
whereas this suite fixes the delay to five control steps (n = 6000 per method). Brackets report 95%
hierarchical-bootstrap confidence intervals.

Suite DP + DR SCE-DP Interpretation

Delay-5, beyond dmax 28.9 [21.7, 34.9] 44.3 [36.5, 50.5] The causal command can fall
outside the represented window

The delay-5 result clarifies the scope of the delay extrapolation claim. SCE-DP retains
a 15.4-point mean advantage over DP + DR, but its absolute success falls to 44.3% once the
causal command is no longer guaranteed to appear in the recent-command window. The
main conclusion is therefore limited to unknown delay within the represented range, not
unrestricted latency.

6.4. Efficiency and Failure Analysis

DP + DR requires 36.9 ms per neural replanning call, 4.82 GB of peak GPU memory,
and 132.4 M parameters. SCE-DP requires 42.9 ms on average, with a standard deviation
of 2.4 ms, median latency of 42.9 ms, and p95 latency of 46.9 ms. This corresponds to a
16.1% increase over DP + DR in neural-policy latency. Its peak memory use is 5.21 GB,
and it contains 139.1 M parameters. These measurements exclude simulation, rendering,
image transfer, communication, logging, and video encoding; they should therefore not be
interpreted as end-to-end real-robot control latency.

The inference cost and model size of the main methods are summarized in Table 13.

Table 13. Inference cost and model size for the main baselines. Latency is neural-policy replanning
time only and excludes rendering and communication. Oracle and Target fine-tune are included for
completeness: Oracle uses the same policy-side parameter-conditioning interface as SysID + Params
but receives the true configuration vector, whereas Target fine-tune uses the DP + DR deployment
architecture after per-target weight updates.

Method Mean ± SD ms Median ms p95 ms Params M

DP + DR 36.9± 2.0 36.9 40.1 132.4
DP + History 41.3± 2.2 41.4 44.7 138.7
SysID + Params 42.1± 2.2 42.1 45.5 139.0
SysID + Params + Dyn 42.2± 2.2 42.2 45.8 139.0
Oracle Same policy-side conditioning path as SysID + Params 132.7
SCE-DP 42.9± 2.4 42.9 46.9 139.1
Target fine-tune Same deployment architecture as DP + DR 132.4
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Figure 3a shows that most of the performance gain appears after four to eight com-
pleted transition records, although H = 16 achieves the highest final success rate. Perfor-
mance is lowest before the policy has observed any completed transition.
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Figure 3. Adaptation and failure analysis. (a) Held-out success as completed transition records
accumulate. (b) On the validation suite, response-prediction error and policy success with the
inferred context and with a context from another configuration. (c) Distribution of failure categories
on the shifted suites.

The failure taxonomy in Figure 3c and Table A12 is based on a stratified sample of
500 failed SCE-DP rollouts from the four shifted suites, balanced as evenly as possible across
task and suite. One annotator assigned a single mutually exclusive category to each sample
using rollout video, success flags, action-saturation logs, and context-probe errors. The
largest categories are weak excitation and sensitivity during fine contact, accounting for
24% and 21% of failed rollouts, respectively. Other failures arise from severe extrapolation,
occlusion, action clipping, and insufficient history near the beginning of an episode. Because
this is a single-annotator taxonomy, it should be read as a diagnostic summary rather than
a statistically adjudicated human-labeling study.

A paired qualitative rollout under the same Composition-suite initial condition is
shown in Figure 4.

Figure 4. Paired PickCube rollout from the Composition suite (test-composition-000, +5 cm
camera translation, one-step control delay, episode seed 270021). This illustrative pair was selected
after aggregate analysis using the qualitative criterion that both methods share the same initial
condition, DP + DR fails to complete the lift, and SCE-DP reaches the success condition. It was not
used for model selection, statistical testing, or quantitative aggregation.

7. Discussion
The context intervention provides direct evidence that the history representation affects

both response prediction and action generation. On the validation suite, replacing the
inferred context with one from another configuration increases the normalized visual-feature
response-prediction error from 0.034 to 0.081 and reduces policy success from 73.2% to 54.7%.
On the Held-out suite, an unmatched context swap reduces success from 74.5% to 55.1%;
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matching task, progress, initial state, and action history recovers part of the loss but reaches
only 60.1%. Random and shuffled contexts produce similarly large drops, while removing
either auxiliary objective leads to smaller but consistent losses. The command-only and no-
previous-action controls show that issued commands carry some configuration information,
but neither command statistics nor redundant command input explains the full gain.

The matched controls also clarify the role of the latent representation. The dynamics-
supervised explicit-parameter control uses the same parameter and response-prediction su-
pervision as SCE-DP but exposes only predicted explicit parameters to the policy. Its higher
performance than SysID + Params indicates that response supervision improves the explicit-
parameter baseline. SCE-DP has a further 2.2-point mean Avg Shift advantage, although
none of the four suite-level differences is significant after Holm correction. The latent may
retain image-space sensitivity under the current viewpoint, contact-conditioned effective
response, saturation effects after command scaling, or uncertainty over delay alignment,
but the present evidence does not isolate these components. Task-state probes also show
that zsys is not a pure system identifier. We therefore interpret it as a deployment-relevant
behavioral context rather than a disentangled estimate of only physical system parameters.

Geometry-based methods handle viewpoint changes through calibration, 3D repre-
sentations, or view normalization. SCE-DP addresses a different source of variation by
modeling how issued commands appear in subsequent visual and proprioceptive obser-
vations. This allows the same representation to capture camera pose, action scale, and
bounded control delay, which is particularly useful when visual and control changes occur
together. Combining interaction history with explicit geometric representations is a natural
direction for future work, especially for static external cameras where command-induced
image motion and observability differ from the wrist-mounted setting studied here.

Calibration-dependent robotic control also appears outside camera-viewpoint ma-
nipulation. For example, eye-tracking control of a collaborative robot relies on an explicit
calibration step that maps measured gaze to control targets [28]. Such systems illustrate the
value of calibration when a reliable procedure and reference targets are available. Our simu-
lated setting instead asks whether recent command–response evidence can provide a useful
behavioral context when the deployment camera and control parameters are not supplied;
it should not be read as evidence that learned context universally replaces safety-critical
geometric or human–interface calibration.

8. Limitations
The experiments are conducted entirely in ManiSkill and do not establish transfer to

physical robots. The reported latency is neural-policy latency, not end-to-end robot-system
timing. Camera and control settings remain fixed within each episode, so the current
method does not address gradual camera motion or time-varying latency. The main delay
experiments assume a shared integer delay for arm and gripper channels and an unknown
delay bounded by the predefined represented range dmax = 4. The delay-5 stress test shows
clear degradation beyond this window. Stochastic delay and channel-heterogeneous delay
are not evaluated and remain important extensions.

The evaluation covers camera extrinsics, action scale, and control delay for a wrist-
mounted eye-in-hand camera, but not static external cameras, changes in camera intrinsics,
lighting, appearance, mass, friction, state estimation, or robot embodiment. The system-
parameter loss uses privileged simulated camera and control labels during training; deploy-
ment does not require these labels, but collecting equivalent supervision on physical systems
may be costly. The main composition suite focuses on camera and delay, and broader combi-
nations of deployment factors have not been evaluated systematically. Finally, each task uses
an independently trained policy, leaving multi-task and cross-robot adaptation open.
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9. Conclusions
We introduced SCE-DP, which uses recent commands and their visual and propriocep-

tive responses to infer a latent representation of the current simulated camera and control
configuration. This representation conditions a Diffusion Policy and is updated during
execution without changing the model parameters.

Across five ManiSkill tasks, SCE-DP achieves an Avg Shift success rate of 64.3%, compared
with 48.9% for DP + DR, while preserving nominal performance. Shortcut, previous-action,
recovery-source, matched explicit-parameter, and delay-5 controls narrow the interpretation of
this gain: command–response history provides useful behavioral context, but superiority over
the matched SysID + Params + Dyn control is not statistically established. The current evidence
is limited to simulation with fixed within-episode configurations and bounded represented
delay; physical-robot generalization remains an important next step.

Author Contributions: Conceptualization, X.X., G.Z. and H.L.; methodology, X.X. and G.Z.; software,
X.X. and B.X.; validation, X.X., G.Z. and B.X.; formal analysis, X.X. and G.Z.; investigation, X.X., G.Z.
and B.X.; resources, H.L.; data curation, X.X., G.Z. and B.X.; writing—original draft preparation,
X.X., G.Z. and B.X.; writing—review and editing, X.X., G.Z. and H.L.; visualization, X.X. and G.Z.;
supervision, H.L.; project administration, H.L. All authors have read and agreed to the published
version of the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: The data supporting the findings of this study are available from the
corresponding author upon reasonable request.

Conflicts of Interest: The authors declare no conflicts of interest.

Abbreviations
The following abbreviations are used in this manuscript:

DP Diffusion Policy
DR Domain Randomization
SCE System-Context Encoder
SCE-DP System-Context-Conditioned Diffusion Policy
UP-OSI Universal Policy with Online System Identification
RMA Rapid Motor Adaptation

Appendix A. Protocol and Implementation Details

Table A1. Frozen model and training configuration used for the main SCE-DP results. These values
are selected on the validation suite only and are not retuned on any test suite.

Item Setting

Visual encoder ResNet-18 RGB backbone initialized from ImageNet weights; input 128× 128; two observation frames;
512-D frame feature projected to 256-D per frame

Data augmentation
Random resized crop in [0.90, 1.00], color jitter 0.10, brightness/contrast 0.10, random translation up to
4 pixels; the same spatial transform and color transform are applied to all frames in an
observation/history window; disabled for evaluation

Proprioception encoder Two-layer MLP, hidden size 256, SiLU activation; output 128-D

Diffusion network Conditional 1D U-Net with channel widths (256, 512, 1024), kernel size 5, GroupNorm, FiLM global
conditioning, sinusoidal diffusion-step embedding
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Table A1. Cont.

Item Setting

Diffusion process DDPM training with 100 noise steps, squared-cosine beta schedule; DDIM sampler [16] with 16
denoising steps at evaluation

Horizons Observation To = 2, prediction Tp = 16, execution Ta = 4, main system history H = 16, maximum
represented delay dmax = 4

System-context encoder Four-layer Transformer, four heads, hidden size 256, feed-forward size 1024, dropout 0.1, learned
[CLS], 128-D system latent

Optimizer and learning
rate

AdamW; U-Net and observation encoders 1.0× 10−4; SCE, parameter head, and response head
3.0× 10−4; conditioning MLP 1.0× 10−4

Regularization and
scheduler

Weight decay 1.0× 10−6; 2000-step linear warm-up; cosine decay to 1.0× 10−6; global gradient
clipping at 1.0

Training stages DP + DR pretraining 100 k updates; SCE context pretraining 20 k context-only updates; joint warm
start 30 k; recovery aggregation one frozen round; final joint training 80 k; 210 k policy updates in total

Loss and feature
normalization

System parameters are standardized using training-configuration statistics; RGB features are
ℓ2-normalized before feature-difference and response-prediction losses; λsys = λdyn = 0.1 is selected
on validation Avg Shift

Freezing policy RGB backbone frozen during context pretraining; U-Net frozen during first 10 k joint updates; all
online encoders unfrozen afterwards; EMA target RGB encoder with µ = 0.99

Batching and precision Batch size 256 expert/recovery sequences; recovery fraction 25% of diffusion minibatch; automatic
mixed precision FP16 with FP32 loss accumulation

Checkpoint and seeds Three training seeds {1, 2, 3}; checkpoint selected by validation Avg Shift; no test rollout is used for
checkpoint selection

Table A2. Robot, controller, camera, and timing configuration. These simulator settings are fixed
across all methods. The delay wrapper operates at the policy-control rate, so one control-delay step
corresponds to 50 ms.

Item Setting

Robot Franka Emika Panda, 7-DoF arm with two-finger parallel gripper

Controller End-effector delta pose/position controller in the robot base frame; arm commands are normalized
to [−1, 1] before controller scaling

Action dimensions Pick/Push/Stack/Pull use 4-D actions: (∆x, ∆y, ∆z, ∆g); PegInsertionSide uses 7-D actions:
(∆x, ∆y, ∆z, ∆rx, ∆ry, ∆rz, ∆g)

Action semantics Translation components command bounded end-effector displacement per control step; rotation
components command axis-angle delta; ∆g opens or closes the gripper

Proprioception Joint positions, joint velocities, end-effector pose, gripper width, and previous issued action; object
poses are not included. A dedicated control removes the previous issued action

Control and simulation rate Policy/control frequency 20 Hz; physics simulation 100 Hz with five physics substeps per policy
step

Delay interpretation da = 1 delays arm and gripper commands by one 20 Hz control interval, i.e., 50 ms; da = 4
corresponds to 200 ms

Episode horizon PickCube 100 steps, PushCube 100 steps, PullCube 100 steps, StackCube 200 steps, PegInsertionSide
200 steps

Camera intrinsics Single RGB camera, 128× 128 resolution, square pixels, 90◦ horizontal field of view, principal point
at image center

Nominal camera pose Eye-in-hand camera mounted near the wrist; nominal translation (0.046, 0.000, 0.037) m and
roll–pitch–yaw (0◦,−35◦, 90◦) relative to the end-effector frame

https://doi.org/10.3390/app16178858

https://doi.org/10.3390/app16178858


Appl. Sci. 2026, 16, 8858 22 of 26

Table A3. Dataset scale and filtering audit used in the result tables.

Task Expert
Traj.

Attempted
Traj.

Expert
Trans.

Recovery
Action

Recovery
Auxiliary Avg. Len. Accept.

Rate Clip Ratio

PickCube 594 691 42.8 k 8.2 k 2.1 k 72.1 0.860 2.1%
PushCube 598 729 49.3 k 9.5 k 2.4 k 82.4 0.820 2.8%
StackCube 586 792 61.9 k 11.9 k 3.0 k 105.6 0.740 3.6%
PullCube 596 754 52.6 k 10.1 k 2.5 k 88.3 0.790 3.1%
PegInsertionSide 572 854 69.4 k 13.3 k 3.3 k 121.3 0.670 4.7%

Table A4. Training time and compute budget on one NVIDIA L40 GPU. Values are averaged over
the five tasks and three seeds; intervals are across task–seed runs. Data generation time includes
shift-aware expert replay and the single frozen recovery round. These budget numbers are reported
to define comparable resource use across methods.

Method Train Time/
Task-Seed Peak Train Mem. Data

Gen./Task
Target
Demos

Full 5-Task
3-Seed Train

Total
GPU-Hours

DP + DR 3.8± 0.4 h 18.6± 1.1 GB 1.6± 0.3 h 0 57.0 h 65.0
DP + History 4.1± 0.4 h 19.8± 1.1 GB 1.6± 0.3 h 0 61.5 h 69.5
SysID + Params 4.4± 0.5 h 20.1± 1.2 GB 1.6± 0.3 h 0 66.0 h 74.0
SysID + Params +
Dyn 4.6± 0.5 h 20.8± 1.3 GB 1.6± 0.3 h 0 69.0 h 77.0

Oracle 3.9± 0.4 h 18.9± 1.1 GB 1.6± 0.3 h 0 58.5 h 66.5
SCE-DP 5.2± 0.6 h 22.4± 1.4 GB 1.6± 0.3 h 0 78.0 h 86.0
Target fine-tune 8.0± 0.7 h 19.4± 1.2 GB 3.2± 0.4 h 1650 120.0 h 136.0

Appendix B. Validation Details

Table A5. Validation-only history-length selection for SCE-DP. Success is validation macro-average
with 95% hierarchical-bootstrap confidence intervals (n = 750 nominal and n = 9000 shifted);
latency is neural replanning latency measured by the protocol in Section 5. This table is the sole
basis for selecting H = 16 before test evaluation. Bold indicates the selected history length and its
corresponding best validation Avg Shift and delay MAE.

History Length Val. Nominal Val. Avg Shift Delay MAE Latency

H = 1 85.3 [76.5, 92.0] 57.8 [49.6, 64.8] 0.74 [0.66, 0.82] steps 39.1 ms
H = 4 85.9 [76.7, 92.5] 65.1 [56.9, 72.1] 0.51 [0.45, 0.57] steps 40.3 ms
H = 8 86.1 [77.1, 92.8] 71.9 [63.6, 78.9] 0.38 [0.33, 0.43] steps 41.2 ms
H = 16 85.6 [76.1, 92.4] 73.2 [64.8, 80.2] 0.34 [0.30, 0.38] steps 42.9 ms

Appendix C. Additional Results

Table A6. Paired statistical comparisons for SCE-DP. Differences are SCE-DP minus the comparison
method in success-rate points. The hierarchical bootstrap resamples tasks, training seeds, configura-
tions, and matched rollout seeds in that order. Raw p values are computed from the null-centered
paired bootstrap distribution, and pHolm values are Holm-corrected within each comparison family.

Comparison Suite Paired Diff. 95% CI Raw p pHolm

SCE-DP vs. DP + DR Held-out +14.5 [+11.6,+16.7] 0.0001 0.0004
SCE-DP vs. DP + DR Composition +15.7 [+14.6,+16.8] 0.0001 0.0004
SCE-DP vs. DP + DR Extra-single +13.3 [+11.6,+14.8] 0.0001 0.0004
SCE-DP vs. DP + DR Extra-combined +18.0 [+16.6,+19.4] 0.0001 0.0004
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Table A6. Cont.

Comparison Suite Paired Diff. 95% CI Raw p pHolm

SCE-DP vs. SysID + Params Held-out +4.4 [+3.5,+5.3] 0.0001 0.0004
SCE-DP vs. SysID + Params Composition +5.2 [+3.9,+6.5] 0.0001 0.0004
SCE-DP vs. SysID + Params Extra-single +4.8 [+4.1,+5.5] 0.0001 0.0004
SCE-DP vs. SysID + Params Extra-combined +5.7 [+4.7,+6.9] 0.0001 0.0004

SCE-DP vs. SysID + Params + Dyn Held-out +2.0 [−0.4,+4.3] 0.1011 0.2748
SCE-DP vs. SysID + Params + Dyn Composition +1.9 [−1.3,+5.0] 0.2374 0.2748
SCE-DP vs. SysID + Params + Dyn Extra-single +2.1 [−0.4,+4.6] 0.0916 0.2748
SCE-DP vs. SysID + Params + Dyn Extra-combined +2.7 [−0.2,+5.4] 0.0607 0.2428

Table A7. Training-seed-level sensitivity analysis for Avg Shift. Values are the unweighted average
of Held-out, Composition, Extra-single, and Extra-combined success rates for each independently
trained seed.

Method Seed 1 Seed 2 Seed 3 Mean ± SD

DP + DR 48.9 48.9 48.8 48.9± 0.1
SysID + Params 59.3 59.2 59.2 59.2± 0.1
SysID + Params + Dyn 63.7 61.4 61.1 62.1± 1.4
SCE-DP 64.3 64.2 64.2 64.3± 0.1

The seed-level analysis treats the three trained policies as the principal independent
units. It is intended as a sensitivity check rather than a replacement for the matched
hierarchical bootstrap, because three training seeds provide limited power for seed-only
hypothesis testing.

Table A8. Three-factor camera + scale + delay stress test (n = 1200 per task and n = 6000 per macro-
average). Macro values include the 95% hierarchical-bootstrap confidence interval. This suite is not
used to support the main camera–delay composition claim because no three-factor configurations are
observed during training or validation. Bold indicates the best result among methods that do not use
oracle configuration parameters.

Method Pick Push Stack Pull Peg Macro

DP + DR 50.4 45.6 39.2 42.1 27.8 41.0 [33.8, 47.2]
SysID + Params 61.5 57.8 50.2 54.7 38.5 52.5 [45.1, 58.8]
SCE-DP 66.8 63.1 55.4 59.0 42.6 57.4 [49.5, 64.0]
Oracle 72.8 69.6 61.3 66.5 49.0 63.8 [56.0, 70.4]

Table A9. Per-task success rates (%, higher is better) for the two primary generalization suites.
“Macro” is the unweighted mean of PickCube, PushCube, StackCube, PullCube, and PegInsertionSide
and must match the corresponding entries in Table 6. For compactness, this table reports the main
randomized and context-conditioned comparisons; full per-task results for DP-Nominal and target
fine-tuning are provided in Appendix Table A13. Bold indicates the best result among methods that
do not use oracle configuration parameters.

Method Pick Push Stack Pull Peg Macro

Held-out in-range configurations
DP + DR 73.2 67.0 56.0 61.1 42.8 60.0
DP + History 72.5 67.6 53.5 60.8 40.7 59.0
SysID + Params 78.6 77.9 65.7 72.4 55.9 70.1
SysID + Params + Dyn 78.8 79.8 69.2 75.6 59.2 72.5
Oracle 87.4 85.1 74.4 81.8 63.3 78.4
SCE-DP 82.2 83.0 70.8 77.3 59.2 74.5
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Table A9. Cont.

Method Pick Push Stack Pull Peg Macro

Withheld camera + delay composition
DP + DR 62.7 55.1 49.3 49.8 33.6 50.1
DP + History 58.8 54.0 47.1 50.8 31.3 48.4
SysID + Params 71.2 64.8 59.7 61.5 45.8 60.6
SysID + Params + Dyn 72.8 68.7 62.6 64.9 50.7 63.9
Oracle 78.5 74.6 66.9 73.8 54.7 69.7
SCE-DP 78.3 70.2 65.2 66.6 48.8 65.8

Table A10. Online latent-context adaptation speed on held-out configurations at the natural replan-
ning boundaries induced by Ta = 4. Success and parameter errors are reported as mean with 95%
hierarchical-bootstrap confidence interval (n = 6000). The 0-record row uses the same learned initial
context as the fixed-initial-context ablation in Table 10.

Available Completed Records Success Cam. MAE Scale MAE Delay MAE

0 records, learned prior 64.8 [56.2, 71.9] 3.21 [2.93, 3.49] cm 0.091 [0.081, 0.101] 1.18 [1.06, 1.30] steps
4 records 69.8 [61.6, 76.7] 1.41 [1.23, 1.59] cm 0.045 [0.039, 0.051] 0.52 [0.45, 0.59] steps
8 records 71.9 [63.8, 79.1] 1.02 [0.88, 1.16] cm 0.034 [0.029, 0.039] 0.39 [0.34, 0.44] steps
12 records 73.2 [64.9, 80.2] 0.91 [0.78, 1.04] cm 0.031 [0.027, 0.035] 0.35 [0.30, 0.40] steps
16 records 74.5 [66.2, 81.5] 0.84 [0.72, 0.96] cm 0.028 [0.024, 0.032] 0.31 [0.27, 0.35] steps

Table A11. Secondary metrics for SCE-DP on the four shifted suites. Task progress is the five-
task macro-average normalized environment progress (%, higher is better). Degradation is nominal
success (86.0%) minus shifted-suite success in percentage points (lower is better). Oracle-gap recovery
is (SSCE − SDP+DR)/(SOracle − SDP+DR) (%, higher is better). Context stability is the mean cosine
similarity between consecutive system-context vectors over the final eight records (higher is better).
Upward arrows (↑) indicate that higher values are better, whereas the downward arrow (↓) indicates
that lower values are better. Brackets report 95% hierarchical-bootstrap confidence intervals.

Suite Task Progress ↑ Degradation ↓ Oracle Gap
Recovered ↑ Context Stability ↑

Held-out 84.6 [78.1, 90.2] 11.5 78.8% 0.94 [0.92, 0.96]
Composition 78.8 [71.4, 85.0] 20.2 80.1% 0.91 [0.88, 0.94]
Extra-single 75.9 [68.8, 82.0] 25.0 69.3% 0.89 [0.86, 0.92]
Extra-combined 69.8 [62.7, 76.1] 30.3 93.3% 0.85 [0.81, 0.89]

Table A12. SCE-DP failure-case taxonomy from failed shifted-suite rollouts. Categories are assigned
by manual review of videos, success flags, action saturation logs, and context-probe errors.

Failure Mode Count
(n = 500) Share Typical Evidence

Weak excitation 120 24% Limited response leaves scale or delay ambiguous
Fine contact sensitivity 105 21% Near-contact attempts fail under small timing or pose errors
Occlusion or poor visual evidence 75 15% The gripper or object occludes response evidence
Action saturation or clipping 70 14% Compensation requires commands beyond controller limits
Severe extrapolation 80 16% Shifts exceed the validation envelope and probe errors remain high
Episode-start information shortage 50 10% Failure occurs before enough records are available
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Appendix D. Additional Per-Task Results

Table A13. Full per-task success rates (%, higher is better) for DP-Nominal and target-configuration
fine-tuning on the four shifted suites. “Macro” is the unweighted mean of the five task scores and
must match the corresponding suite entry in Table 6.

Method Suite Pick Push Stack Pull Peg Macro

DP-Nominal Held-out 56.3 54.1 41.8 50.1 29.3 46.3
DP-Nominal Composition 48.2 40.6 38.9 38.0 19.3 37.0
DP-Nominal Extra-single 44.8 42.2 31.8 38.1 16.8 34.7
DP-Nominal Extra-combined 34.8 31.8 23.9 30.8 17.3 27.7

Target fine-tune Held-out 76.5 74.2 65.6 73.7 54.6 68.9
Target fine-tune Composition 71.3 65.3 56.7 62.5 46.8 60.5
Target fine-tune Extra-single 68.3 63.3 58.4 59.2 36.8 57.2
Target fine-tune Extra-combined 57.8 52.3 46.1 52.8 36.5 49.1
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