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Fig. 1: We introduce a pipeline for training vision-based policies in simulation using 3D Gaussian Splatting. We successfully deploy these
policies to the real world using a single monocular RGB camera, demonstrating robust in-hand reorientation of complex object geometries
even under adversarial lighting conditions.

Abstract—In-hand object reorientation requires precise estima-
tion of the object pose to handle complex task dynamics. While
RGB sensing offers rich semantic cues for pose tracking, existing
solutions rely on multi-camera setups or costly ray tracing. We
present a sim-to-real framework for monocular RGB in-hand
reorientation that integrates 3D Gaussian Splatting (3DGS) to
bridge the visual sim-to-real gap. Our key insight is performing
domain randomization in the Gaussian representation space:
by applying physically consistent, pre-rendering augmentations
to 3D Gaussians, we generate photorealistic, randomized vi-
sual data for object pose estimation. The manipulation policy
is trained using curriculum-based reinforcement learning with
teacher–student distillation, enabling efficient learning of com-
plex behaviors. Importantly, both perception and control models
can be trained independently on consumer-grade hardware,
eliminating the need for large compute clusters. Experiments
show that the pose estimator trained with 3DGS data out-
performs those trained using conventional rendering data in
challenging visual environments. We validate the system on a
physical multi-fingered hand equipped with an RGB camera,
demonstrating robust reorientation of five diverse objects even
under challenging lighting conditions. Our results highlight
Gaussian splatting as a practical path for RGB-only dexterous
manipulation. For videos of the hardware deployments and
additional supplementary materials, please refer to the project
website: https://rffr.leggedrobotics.com/works/viserdex/.

I. INTRODUCTION

Robotic dexterity requires not only grasping objects but also

reorienting them within the hand into precise, functional poses.

Deep Reinforcement Learning (DRL) has shown promise

in acquiring such skills [2, 6]. However, existing methods

often succeed only with visually simple objects, such as

colored cubes, and struggle with realistic textures, complex

shapes, and varied appearances. A major challenge is the

perception–control gap: rapid in-hand motions create severe

self-occlusions, making accurate object pose estimation from

real sensors extremely difficult. Alternative sensing modalities,

such as tactile arrays [17, 33], depth cameras [4], or multi-

view rigs [6], offer partial solutions but introduce instrumen-

tation overhead, calibration complexity, or limited scalability.

Consequently, sim-to-real dexterous control has often avoided

relying primarily on monocular RGB camera observations,

resulting in a perception–robustness bottleneck that constrains

current approaches.

A fundamental challenge in RGB-based manipulation lies in

the simulation pipeline. Achieving the photorealism required

for robust sim-to-real transfer via standard mesh-based ren-
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dering is computationally intractable for high-throughput RL

training. Existing methods [25, 26] attempt to address this

gap using high-fidelity visual simulation; however, generat-

ing sufficient visual diversity over days of training demands

massive compute clusters, even for simple objects [6]. Ex-

plicit scene representations, particularly 3D Gaussian Splatting

(3DGS) [9], enable real-time, photorealistic rendering that

outperforms traditional mesh rasterization. Its compact and

flexible scene representation allows efficient manipulation of

scenes, making it ideal for RL tasks that require large-scale

visual diversity. Despite these advantages, standard 3DGS is

limited to static scenes and entangles illumination with geom-

etry [9]. This prevents independent manipulation of lighting

and material properties, which is a prerequisite for Domain

Randomization (DR) that facilitates robust sim-to-real transfer.

In this work, we investigate strategies to overcome these

limitations to generate diverse, dynamic visual data for robust

object pose estimation during dexterous manipulation.

This paper proposes a monocular RGB-based training and

deployment pipeline for robust in-hand reorientation of com-

plex objects. The system is decomposed into two components:

object pose estimation from RGB images as geometric key-

points, and an RL control policy that reorients the object to a

desired goal pose. We integrate 3DGS directly into the simula-

tion loop, overcoming the limitations of standard mesh-based

rendering for high-throughput simulation-based training. Our

key contribution is a suite of pre-rasterization augmentations

for Gaussian scenes. These augmentations generate consistent,

diverse visual data and relax the static scene assumption

of vanilla 3DGS. Furthermore, we simplify the RL process

by replacing the extensive DR schemes used in previous

works [1, 6] with a performance-based curriculum and a

student-teacher distillation framework, substantially improving

training efficiency. Notably, our pipeline enables learning

complex manipulation behaviors using only a single consumer-

grade GPU. We validate this approach through zero-shot sim-

to-real transfer on a 16-DoF Allegro Hand with a monocular

RGB camera. Our approach demonstrates robust performance

across five objects under both nominal and adversarial lighting

conditions (shown in Fig. 1), achieving over 25 consecutive

successful reorientations on average.

II. RELATED WORKS

A. Sim-to-Real RL for In-Hand Manipulation

In-hand manipulation tasks in sim-to-real RL can be cate-

gorized into two primitives: continuous in-hand rotation and

goal-conditioned reorientation. Continuous rotation, where the

objective is to spin an object around a canonical axis, has been

demonstrated using proprioceptive and tactile feedback [19,

32, 33], as well as through repetitive open-loop finger gaits [3].

Goal-conditioned reorientation, in contrast, requires precise

object state tracking and geometric reasoning to repose the

object to the target configuration. Pitz et al. [17] propose

a tactile-based object state estimator. While tactile sensing

captures local geometry, it lacks a global reference frame,

making their method susceptible to drift over long horizons

and unable to resolve fine-grained features. Depth-based ap-

proaches [4] provide geometric structure but miss the semantic

texture information needed to disambiguate the orientation of

symmetric or visually complex objects.

RGB vision provides dense semantic feedback useful for

robust in-hand reorientation. Prior works [2, 6] have applied

this modality to simple objects, such as colored cubes, but

typically rely on multi-camera setups to handle occlusions.

These methods also use computationally expensive Automatic

Domain Randomization (ADR) [1] to bridge the sim-to-

real gap, requiring large-scale compute clusters. While recent

efforts improve training efficiency through student-teacher

distillation [25], generating photorealistic visual data remains

a bottleneck. Developing a monocular RGB-based framework

that is both computationally efficient and generalizes to com-

plex, real-world objects remains an open challenge.

B. 3D Gaussian Splatting for Robotic Manipulation

3D Gaussian Splatting (3DGS) [9] was developed for fast

novel-view synthesis, generating photorealistic images from

unseen viewpoints. Its rapid, high-fidelity reconstruction has

been adopted in robotics for SLAM [12, 8], teleoperation [30,

10], and planning [5, 13]. The ability to easily capture and

reconstruct arbitrary objects makes 3DGS a promising tool

for reducing sim-to-real gaps in deploying visual policies.

Methods such as SplatSim [20] leverage 3DGS to pro-

duce higher-fidelity observations than mesh-based renders,

improving realism and reducing sim-to-real discrepancies in

manipulation tasks. However, traditional 3DGS scenes are op-

timized for single objects or static scenes, which limits domain

randomization on them. GSRL [28] addresses this by training

a network to accelerate Gaussian generation across multiple

scenes, and RL-GSBridge [31] and RoboGSim [11] combine

physics-compatible meshes with high-quality Gaussian render-

ing for visual RL. RoboGSim further expands the training

domain with a Scene Composer that randomizes objects,

backgrounds, and viewpoints. Our work extends 3DGS by

integrating it directly into a high-throughput simulation loop,

combined with pre-rasterization augmentations. This approach

addresses both visual realism and domain diversity challenges,

paving the way for efficient sim-to-real transfer of dexterous

manipulation policies.

III. METHOD

We consider the problem of continuous, goal-conditioned

in-hand object reorientation using a multi-fingered robotic

hand observed only through a monocular RGB camera. From a

control perspective, this task constitutes a Partially Observable

Markov Decision Process (POMDP) with severe perceptual

challenges. During manipulation, the object undergoes rapid

motion, frequent self-occlusions by the fingers, and significant

motion blur, making direct state estimation from RGB images

highly unreliable. At the same time, learning the underly-

ing dexterous manipulation skills requires accurate reasoning

about object geometry and contact dynamics, which is difficult

to acquire from raw visual input alone.
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Fig. 2: Overview of our sim-to-real in-hand reorientation pipeline. We first train a teacher policy in simulation with full state access, then
distill it into a recurrent student policy that operates from noisy observations. A monocular RGB pose estimator trained with 3D Gaussian
Splatting data provides object poses to the student policy, enabling goal-conditioned dexterous manipulation on a real multi-fingered hand.

A naive end-to-end approach that learns control directly

from images must simultaneously solve three difficult prob-

lems: learn dexterous motor skills, infer hidden object state

from partial observations, and overcome the visual sim-to-real

gap. Jointly optimizing these objectives with reinforcement

learning is challenging and sample inefficient. Instead, we fol-

low a principled decomposition that addresses each challenge

in a separate phase:

1) Teacher Training using RL: We first train a teacher

policy in simulation with full state access using rein-

forcement learning. This stage focuses solely on acquir-

ing the geometric and contact-rich manipulation skills

required for reorientation.

2) Student Distillation: We distill the teacher into a re-

current student policy that learns to infer the underlying

system state from noisy, real-world observations.

3) Visual Pose Estimator Training: We train a monocular

RGB pose estimator using synthetic images rendered

from a 3D Gaussian Splatting representation of the

object. By performing domain randomization directly

in the Gaussian space prior to rendering, we generate

photorealistic and diverse training data that significantly

reduces the visual sim-to-real gap.

At deployment, we predict object pose estimates from RGB

images, which are fed to the recurrent student policy to pro-

duce goal-conditioned actions on the real robot. This modular

design enables efficient training on consumer-grade hardware.

An overview of the pipeline is shown in Fig. 2.

A. Teacher Training using Reinforcement Learning

1) MDP Formulation: We formulate the reorientation task

as a goal-conditioned MDP, and train a policy πθ(at|ot, gt)

to rotate the object to a target orientation gt ∈ SO(3) using

PPO [24]. The policy commands the robot’s joint position

targets at ∈ R
16. The agent receives a dense reward for

aligning the object with the goal, a sparse success bonus, and

penalties that encourage smooth actions. Upon reaching a goal,

a new target is sampled. Episodes terminate if the object is

dropped or if no goals are achieved within a specified time

window. Additional details are provided in the Appendix.
2) Observations: We divide the observation space O into

three groups: proprioceptive, exteroceptive, and privileged.

Proprioceptive observations Oprop consist of robot’s joint po-

sitions, action history from the last four steps, the current

object goal, and the remaining episode time. Exteroceptive-

derived observations Oexte provide the object’s current pose

in the hand frame and its orientation relative to the goal.

Privileged observations Opriv is available only to the teacher

policy and contain ground-truth state information, including

the object’s velocity, robot’s fingertip contact forces, and

randomized physical properties (e.g., object mass and scale).
3) Performance-based Curriculum: Prior work on in-hand

reorientation [1, 6] uses ADR over many environment pa-

rameters, which is computationally expensive. Instead, we

propose a lightweight, performance-driven curriculum [15]

that increases the task complexity according to the agent’s

average consecutive success count. The curriculum has three

complementary components. First, we gradually increase the

regularization penalties, allowing the policy to prioritize task

completion before refining smoothness and efficiency. Sec-

ond, we incrementally increase the random action latency to

prepare the agent for asynchronous delays on real hardware.

Finally, we also progressively narrow the allowed time window

between consecutive successes, encouraging more efficient



object reorientation. Each curriculum component scales with

the moving average of consecutive successes over all the

environments. Together, these mechanisms improve sample

efficiency and stabilize training, shown later in Section IV-C.

B. Student Training using Distillation

The RL policy from the previous phase has access to

privileged signals, which are unavailable during deployment.

We therefore distill it into a student policy which receives

noisy proprioception o
noisy
prop and noisy exteroceptive o

noisy
exte

observations. To handle partial observability, we parameterize

the student as a recurrent network with a belief encoder [14],

allowing it to implicitly infer the system state.

1) Perception Noise Generator: Inspired by [6], we corrupt

simulated object pose observations with four perturbations. We

apply temporal downsampling to simulate low frame rates,

stochastic jitter to model variable latency, systematic bias

for calibration errors, and inject random poses for occasional

tracking failures. This realistic noise improves student policy

robustness and facilitates effective sim-to-real transfer.

2) Student Policy Architecture: The student policy uses

a belief encoder-decoder network architecture, previously

applied in perceptive locomotion [14]. At each timestep,

the recurrent encoder updates a latent belief state z =
fϕ(o

noisy
prop , o

noisy
exte ). During training, the belief decoder net-

work reconstructs the teacher’s observations (õexte, õpriv) =

hψ(z, o
noisy
exte ). The encoder-decoder is trained with a reconstruc-

tion loss Lrecon(φ, ψ), which penalizes errors in reconstructing

the privileged and exteroceptive information. This encourages

the latent z to capture the structure necessary to combine noisy

inputs and compensate for partial observability.

The control head outputs the actions ã = gρ(z, o
noisy
prop , o

noisy
exte ),

supervised with a behavior cloning loss LBC(φ, ρ), that mini-

mizes the L2 distance between the student and teacher actions.

We train the student policy end-to-end using a composite loss

function L = LBC + λLrecon and employ an online variant of

DAgger [22] detailed in the Appendix.

C. Visual Object Representation and Augmentations

The student policy’s exteroceptive input requires object pose

estimates from RGB images. A key challenge in training a

robust perception model for this task is generating diverse

visual data that handles lighting variations and heavy occlu-

sions. To avoid the computational overhead of ray-tracing in

simulators, we integrate Gaussian Splatting rasterization into

the simulation loop.

1) 3D Gaussian Object Representation: We represent ob-

ject geometry and appearance using 3DGS [9]. The object is

represented by a set of 3D Gaussians, each characterized by

a position, covariance, opacity, and spherical harmonic (SH)

coefficients [23]. To capture view-dependent effects, the color

c(d) along the viewing direction d is computed by spherical

harmonics up to degree L = 3:

c(d) = Sigmoid

(

L
∑

ℓ=0

ℓ
∑

m=−ℓ

kmℓ Y
m
ℓ (d)

)

(1)

Base Random Spatial Color Global

Fig. 3: Pre-rasterization augmentation examples. Visualizations of
the proposed SH-based perturbations applied to clustered Gaussians,
producing structured variations in color, reflectance, and spatial
appearance without ray-tracing.

where kmℓ are the learned coefficients. The 0th-order co-

efficients (SH0) capture view-independent Lambertian base

colors, while the higher-order coefficients (SHN) encode high-

frequency specular effects.

2) Simulation-Integrated GS Rendering: During in-hand

manipulation, the camera is fixed while the object moves due

to robot interactions. To render the moving object with 3DGS,

we apply the inverse of the object’s transform to the camera

and produce RGB and depth Dsplat. This transformation keeps

the scene as static, satisfying the assumptions of vanilla 3DGS,

while producing images that reflect changing object poses.

However, the object-centric rendering ignores occlusions from

the robot’s fingers. To restore physical consistency, we gener-

ate a depth map of the hand Dphys from the same viewpoint

using a low-fidelity depth raycaster within the physics simu-

lator. We mask out pixels in the RGB image where the hand

is in the front (Dphys < Dsplat). This aligns visual observations

with the simulation state without full-scene ray-tracing.

3) Pre-Rasterization Augmentations: Strategies for gener-

ating diverse visual data typically fall into two categories.

First, post-process image augmentations (e.g., color jitter,

brightness), which are computationally cheap but apply global

2D transformations that disregard 3D geometry. Second, scene

parameter randomizations (domain randomization) [26] alter

lighting and materials during rendering but require computa-

tionally expensive ray-tracing.

We propose a hybrid approach termed pre-rasterization

augmentation, which leverages the explicit nature of the 3D

Gaussian representation. We operate directly on the Gaussian

attributes, specifically the Spherical Harmonic (SH) coeffi-

cients, before rasterization. This provides fine-grained control

over scene appearance without the cost of full scene ray-

tracing. Naı̈vely randomizing individual Gaussians, however,

breaks photometric consistency, producing high-frequency

noise rather than realistic lighting variations. To generate

diverse yet plausible data, we exploit the fact that lighting and

material changes are inherently structured, typically affecting

spatially proximal regions or specific materials uniformly. We

therefore cluster Gaussians based on geometric or photomet-

ric correlations and perturb each cluster as a group. These

perturbations include additive and scaling noise on the base

color (SH0) and specular components in higher-order SH



TABLE I: Pre-Rasterization Augmentation Parameters

Augmentation Targets Probability Fraction Range

RANDOM NOISE

Additive SH0, SHN 0.2 1.0 [−0.1, 0.1]
Scaling SH0, SHN 0.2 1.0 [0.8, 1.2]

SPATIAL CLUSTER

Additive SH0, SHN 0.8 0.10 [−0.1, 0.1]
Scaling SH0, SHN 0.8 0.20 [0.9, 1.1]

COLOR CLUSTER

Additive SH0 0.8 0.10 [−0.2, 0.2]
Additive SHN 0.8 0.10 [−0.1, 0.1]
Scaling SH0, SHN 0.8 0.10 [0.6, 1.4]

GLOBAL SHIFT

Additive SHN 0.2 1.0 [−0.1, 0.1]
Scaling SH0, SHN 0.2 1.0 [0.6, 1.4]
Uniform Additive SH0, SHN 0.8 1.0 [−0.2, 0.2]
Uniform Scaling SH0 0.8 1.0 [0.9, 1.4]

coefficients (SHN). They are summarized as follows:

• Random Noise Group: We apply random perturbations

to each Gaussian independently. This unstructured ran-

domization effectively simulates high-frequency sensor

noise, pixel-level artifacts, and minor mesh imperfections.

• Spatial Cluster Group: Real-world variations such as

shadows, damage, and marks are often localized in a

small region on the object. To mimic this effect, we

cluster Gaussians by spatial location into 64 clusters using

k-means. Perturbing these spatially contiguous clusters

simulates local inconsistencies and patch-level noise.

• Color Cluster Group: Objects are often composed

of distinct materials that interact differently with light.

Assuming that these material properties correlate with

diffuse color, we cluster Gaussians based on their 0th

order spherical harmonic (SH0) into 32 clusters. Perturb-

ing these clusters simulates material-specific shifts, such

as albedo modifications or reflectance changes, across

photometrically similar regions.

• Global Shift Group: To simulate macro-level environ-

mental changes, we treat the entire scene of Gaussians

as a single cluster. We apply global shifts and scaling to

the color attributes, where noise is sampled either inde-

pendently per dimension or as a single value (Uniform)

for the entire vector. These perturbations effectively repli-

cate environmental variations such as ambient brightness,

color temperature, camera exposure, and saturation.

Each Gaussian scene is preprocessed to identify the cluster

indices for these strategies. During visual data generation, we

sequentially apply stochastic variations to the SH coefficients,

allowing different visual perturbations to compound. This

produces a diverse set of scene appearances from a single

static representation, as shown in Fig. 3. Table I summarizes

the augmentation types and parameters. Each augmentation

is applied with a specified probability, and only a fraction

of the clusters are perturbed at a time. Despite their distinct

semantic targets (e.g., spatial vs. color), the procedural logic

for applying any augmentation layer is consistent.

Globe

Rubber Duck

3D Printed Toy

Cube

Tablet Bottle

Light

Camera

Hand

Fig. 4: Left: The experimental setup with an RGB camera, an Allegro
Hand, and a multi-colored light source for adversarial lighting. Right:
The object set displayed under normal lighting (first column) and
adversarial lighting (second column).

D. Visual Object Pose Estimator Training

We train a keypoint-based pose estimator to recover the

object pose from RGB images, thereby providing the extero-

ceptive input required by the student policy during real-world

deployment. The training dataset is generated by rolling out the

expert teacher policy within the simulation and rendering the

RGB images through our 3DGS pipeline with pre-rasterization

augmentation strategies. This process results in a large-scale,

annotated dataset with ground-truth object poses. To improve

robustness to real-world sensor imperfections, we apply ran-

dom ISO noise and motion blur to the images during training.

The pose estimator uses a ResNet-34 [7] backbone, ini-

tialized with ImageNet-pretrained weights. The network is

trained to regress a set of nine keypoints, corresponding to

the eight object-specific points plus the geometric centroid.

For each keypoint, the network predicts the normalized 2.5D

coordinates (u, v, d), where (u, v) represent the normalized

pixel coordinates in the image plane and d represents the

metric depth. The predicted 2.5D keypoints can be resolved

to a 6D object pose via the Rigid Procrustes algorithm [27].

E. Experimental Setup

We consider a 16-DOF Allegro Hand with a wrist-mounted

Intel RealSense D435i camera for visual feedback, as shown

in Fig. 4. We deploy all models on a single workstation with

an Intel Core i9 CPU and NVIDIA RTX 6000 Ada GPU. The

policy infers at 30 Hz and outputs the joint position targets

that are tracked by a low-level joint PD controller at 300 Hz.

Since the learned pose estimator relies on segmented object

inputs, we fine-tune SAM2 [21] per object to generate prompt-

free segmentation masks in real-time. From the masked RGB

observations, the pose network predicts 2.5D keypoints, which

are subsequently resolved into a 6D object pose via the Rigid

Procrustes algorithm [27]. This estimated pose then serves

as the real-time state feedback for the control policy. The

policy operates asynchronously with respect to the estimator,

querying the most recent pose via a zero-order hold.

We evaluate our system on five objects (see Fig. 4) ex-

hibiting diverse geometric and physical properties, spanning

primitives shapes (Cube, Globe) to complex, non-convex items

(Tablet Bottle, 3D Printed Toy, Rubber Duck). For these



objects, high-fidelity meshes are obtained using Polycam [18].

These are then rendered in NVIDIA Isaac Lab [16] to generate

pose-annotated images for Gaussian Splatting. For each object,

we train a pose estimator and control policy in NVIDIA Isaac

Lab. Additional training details are provided in the Appendix.

We consider two lighting regimes: nominal (white distant

light) and adversarial (low-illumination point sources with

dynamic hue shifts). As shown in Fig. 4, adversarial conditions

present significant visual challenges, including low contrast,

specular highlights, and strong color casts, providing a rigor-

ous test of system robustness.

IV. RESULTS

A. Pose Estimation using Different Rendering Pipelines

To evaluate our pose estimation pipeline, we create a real-

world test set for each object using FoundationPose [29] as

a ground-truth pose labeler. To ensure high-quality labels, we

provide FoundationPose with privileged inputs, including ob-

ject masks, CAD meshes, and high-resolution RGB-D images,

and perform multiple refinement iterations. We discard frames

where the rendered pose does not visually align with the input

image. Additional details on test dataset is in the Appendix.

We evaluate our proposed pose estimator training pipeline

against three baselines, keeping network architecture, training

hyperparameters, and dataset sizes constant. The baselines

differ solely in their image generation approach:

1) Standard Tiled Rendering: Isaac Lab’s default RTX

renderer combined with standard post-process image

augmentations.

2) Domain Randomized (DR) Tiled Rendering: Extends the

above with randomized scene attributes (background

HDRI lighting, material properties such as albedo tint,

roughness, and metallic). We use the randomization

parameters for material and background from [25].

3) Naı̈ve Gaussian Splatting: Our GS-based pipeline with-

out pre-rasterization augmentations, and using only stan-

dard post-process image augmentations.

All methods use the same source meshes for geometry-

based rendering and Gaussian Splat scene optimization to

ensure a fair comparison. We report the Average Distance of

Model Points (ADD) and a prediction accuracy metric (error

< 10mm and < 10◦), averaged over five training seeds.

a) Nominal Conditions: Table II details the pose estima-

tion results under nominal lighting. Our method achieves the

highest overall performance with a mean accuracy of 65.4%
and a mean ADD of 10.2 mm, surpassing standard tiled

rendering (53.3%) and the randomized tiled baseline (55.6%).

While geometrically simple objects (e.g., Cube) show similar

performance across methods, our approach yields the largest

gains on geometrically and texturally complex objects, such

as the 3D Printed Toy (+24% improvement over randomized

tiled rendering) and the Rubber Duck.

b) Adversarial Conditions: Under adversarial lighting,

the performance differences between methods become even

more pronounced (see Table II). Our method demonstrates

superior robustness, with a mean accuracy of 56.3%, sig-

nificantly outperforming the strongest baseline, Randomized

Tiled Rendering (47.2%). A critical observation is that the

weak performance of the Naı̈ve GS baseline achieves only

36.5% accuracy. Since this baseline uses the same underlying

rendering engine but lacks our specific randomization strat-

egy, this failure highlights that high-fidelity rendering alone

is insufficient for generalizing to out-of-distribution visual

domains. In contrast, our approach leverages explicit control

over scene attributes to generate diverse, challenging training

samples. By tailoring these pre-rasterization augmentations to

simulate physical lighting variations, which standard 2D image

augmentations fail to capture, we maintain performance even

in difficult visual scenarios.

c) Computational Efficiency: Beyond data quality, our

integrated 3DGS pipeline provides significant computational

advantages over standard rendering solutions. Compared to

Isaac Lab’s tiled renderer, it achieves a 1.6× faster rendering

throughput on an RTX 6000 Ada. Furthermore, it is sub-

stantially more memory-efficient: rendering a batch of 1,024

environments consumes only 12 GB of VRAM, compared to

the prohibitive 34 GB required by the tiled renderer. Critically,

our proposed pre-rasterization augmentations introduce negli-

gible overhead, executing in less than 2 ms per batch, and

representing only ≈ 4% of the total frame rendering time.

B. Effect of Pre-Rasterization Augmentations

To isolate the contributions of the pre-rasterization augmen-

tations introduced in Section III-C3, we perform a “leave-one-

out” ablation study. For each experiment, a pose estimator

is trained with data generated with one augmentation group

(defined in Table I) removed and evaluated against the full

pipeline. Results on the nominal and adversarial test set are

reported in Table III.

a) Nominal Conditions: We observe that the complete

augmentation pipeline yields the highest overall robustness.

The removal of localized augmentations, specifically Random

Noise and Structured Clustering (Means/SH0), results in mod-

erate performance dips (the accuracy dropping to 57-59%).

This suggests that while fine-grained perturbations refine the

decision boundary, they are not the sole drivers of performance

under nominal conditions, where lighting is relatively standard.

However, a critical insight emerges from the exclusion of

Global Shift augmentations. Removing these environmental

perturbations causes a significant performance collapse, with

mean accuracy dropping to 51.2% and ADD error nearly

doubling to 16.9 mm. This degradation is particularly acute for

the Tablet Bottle, which has reflective surfaces. This indicates

that even under ”nominal” real-world conditions, simulating

global variations in exposure, color temperature, and ambient

intensity is essential for bridging the sim-to-real gap.

b) Adversarial Conditions: First, removing Random

Noise results in a comparatively moderate performance drop

(Mean Accuracy: 48.6%), suggesting that while unstructured

noise aids general robustness, it is not the primary driver

of feature learning. In contrast, omitting the structured aug-



TABLE II: Evaluation of learned pose estimator on real-world data under nominal and adversarial lighting. Our method is compared against
three baselines: Standard Tiled, Randomized Tiled, and Naive GS rendering. We report Average Distance of Model Points (ADD) in mm and
a strict accuracy metric (< 10mm and < 10

◦), averaged over 5 random seeds.

Objects Cube 3D Printed Toy Rubber Duck Tablet Bottle Globe Mean

Method ADD Accuracy ADD Accuracy ADD Accuracy ADD Accuracy ADD Accuracy ADD Accuracy

NOMINAL CONDITIONS

Standard Tiled 11.9±0.86 57.2±8.13 14.1±0.92 37.7±2.84 9.5±0.23 67.0±1.47 10.0±0.65 45.7±4.78 15.0±2.41 59.1±3.68 12.1±1.01 53.3±4.18

DR Tiled 10.5±0.75 69.7±9.05 15.9±0.64 32.5±2.78 9.1±0.23 73.7±2.22 9.0±0.52 50.7±3.56 16.7±1.20 51.3±4.21 12.2±0.67 55.6±4.36

Naı̈ve GS 10.4±1.35 59.0±4.66 18.7±0.95 23.3±3.18 11.4±0.26 44.3±4.88 11.2±0.63 48.3±4.59 20.2±1.45 17.2±4.61 14.4±0.93 38.4±4.38

Ours 9.1±0.51 73.1±4.73 11.3±0.82 56.5±5.77 7.9±0.24 78.0±3.97 10.2±0.84 51.7±5.06 12.3±0.89 67.7±3.06 10.2±0.66 65.4±4.52

ADVERSARIAL CONDITIONS

Standard Tiled 12.6±0.74 56.8±4.83 20.3±2.10 29.1±7.05 15.6±0.86 51.3±4.52 24.1±1.58 25.0±3.95 18.7±2.04 41.9±2.68 18.3±1.46 40.8±4.61

DR Tiled 11.5±0.89 57.6±4.69 13.8±0.54 39.0±2.54 11.5±0.61 57.7±3.89 14.4±1.68 39.1±5.14 18.6±1.07 42.7±4.44 14.0±0.96 47.2±4.14

Naı̈ve GS 14.3±0.85 44.3±2.30 21.9±0.85 27.9±4.85 13.9±1.25 57.3±4.29 22.1±1.39 25.0±3.35 21.0±1.52 28.1±5.95 18.6±1.17 36.5±4.15

Ours 10.6±0.38 60.6±5.47 14.4±0.77 45.9±4.58 12.2±0.53 62.7±3.09 13.5±0.99 46.5±3.43 13.8±0.78 65.6±2.52 12.9±0.69 56.3±3.82

TABLE III: Ablation study of pre-rasterization augmentations under nominal and adversarial conditions for pose estimation. We compare
our method with models trained with specific augmentation groups removed. We report Average Distance of Model Points (ADD) in mm
and a strict accuracy metric (< 10mm and < 10

◦), averaged over 5 random seeds.

Objects Cube 3D Printed Toy Rubber Duck Tablet Bottle Globe Mean

Method ADD Accuracy ADD Accuracy ADD Accuracy ADD Accuracy ADD Accuracy ADD Accuracy

NOMINAL CONDITIONS

w/o Random Noise 11.9±3.24 61.5±11.21 13.5±1.14 37.2±9.13 8.2±0.39 80.9±2.88 10.7±0.84 46.7±3.33 14.5±1.17 66.5±5.32 11.8±1.36 58.6±6.37

w/o Spatial Clustering 9.2±0.91 74.9±8.49 12.9±0.86 44.7±7.06 8.0±0.22 73.5±3.27 16.3±1.38 39.3±5.64 13.8±2.15 51.3±5.73 12.0±1.10 56.7±6.04

w/o Color Clustering 9.2±0.41 71.0±5.94 13.6±1.60 49.4±2.42 8.2±0.59 77.4±5.64 20.4±0.56 34.3±4.03 14.5±1.69 64.8±3.09 13.2±0.97 59.4±4.22

w/o Global Shift 11.2±1.26 67.2±3.85 10.9±1.13 55.7±6.58 9.1±0.41 70.9±3.85 39.5±2.84 10.3±2.45 13.9±0.25 52.1±5.17 16.9±1.18 51.2±4.38

Ours 9.1±0.51 73.1±4.73 11.3±0.82 56.5±5.77 7.9±0.24 78.0±3.97 10.2±0.84 51.7±5.06 12.3±0.89 67.7±3.06 10.2±0.66 65.4±4.52

ADVERSARIAL CONDITIONS

w/o Random Noise 13.2±0.77 49.7±5.46 15.8±1.34 40.7±4.62 12.9±0.39 52.7±4.29 13.9±0.78 41.5±1.10 16.3±0.86 58.4±3.83 14.4±0.83 48.6±3.86

w/o Spatial Clustering 13.5±1.40 46.2±7.00 16.4±1.20 39.3±7.13 14.0±0.69 51.7±4.22 17.6±0.84 35.6±3.00 16.2±1.59 39.6±5.92 15.5±1.14 42.5±5.45

w/o Color Clustering 14.4±0.68 47.3±6.63 16.7±1.60 41.2±4.03 14.8±0.80 46.7±3.16 19.9±1.15 29.4±4.46 16.2±1.46 58.9±3.93 16.4±1.14 44.7±4.44

w/o Global Shift 24.9±1.29 17.8±3.16 22.0±1.54 25.4±2.54 20.0±1.89 27.7±1.70 30.2±1.63 12.6±2.39 17.5±0.52 34.4±2.42 22.9±1.37 23.6±2.44

Ours 10.6±0.38 60.6±5.47 14.4±0.77 45.9±4.58 12.2±0.53 62.7±3.09 13.5±0.99 46.5±3.43 13.8±0.78 65.6±2.52 12.9±0.69 56.3±3.82
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Fig. 5: Impact of performance-based curricula on training efficiency. Curves show learning progress for full curriculum compared with
ablations with individual components removed. Note that No Curriculum and w/o Penalty Curriculum coincide at zero.

mentations leads to significant degradation. The removal of

Spatial Clustering (3D means) and Color Clustering (SH0)

drops accuracy to 42.5% and 44.7%, respectively, validating

that correlated perturbations are essential for modeling lo-

calized effects. Most critically, the exclusion of Global Shift

augmentations causes a catastrophic collapse in performance,

with mean accuracy plummeting to just 23.6%. This under-

scores that simulating macro-level environmental changes is

the single most important factor for generalizing to diverse

real-world lighting conditions.

C. In-hand Reorientation Policy Learning

1) Resource-Efficient Policy Training: The teacher RL

training phase learns in-hand manipulation skills efficiently,

scaling across diverse object geometries while using minimal

GPU resources. Policies are trained using 24,576 parallel

environments. For primitive geometries (e.g., the Cube), the

training converges in 26 hours on a single consumer-grade

NVIDIA RTX 4090 (24GB VRAM). More complex objects

are trained on a dual-GPU setup, requiring 30 GB VRAM

and converging in roughly 90 hours due to the increased sim-

ulation fidelity of complex contact geometry. The subsequent

student-teacher distillation phase completes in 16 hours for

4, 096 environments on a single NVIDIA RTX 4090 GPU.

Compared to prior work [6], which requires eight A40 GPUs

over 60 hours, our pipeline achieves an order-of-magnitude

improvement in VRAM efficiency and substantially reduced

training time, making high-fidelity RL more accessible for

real-world robotics.

2) Impact of Performance-based Curriculum: We evaluate

the sample efficiency of our performance-based curriculum

by selectively enabling different curriculum components (Sec-

tion III-A3). Fig. 5 reports the consecutive successes averaged

across all environments during training. Applying all the

curriculum components leads to the fastest convergence and

highest CS. Removing either the Action Latency or Time

Window components significantly slows learning, particularly

for complex geometries such as the 3D Printed Toy and Rubber



TimeTarget

Fig. 6: Rollout sequence of the hand reorienting an object to the
target pose. The images are from the robot camera feed.

Duck. Removing the Regularization Penalty curriculum causes

complete failure, since the policy becomes more conservative

and deprioritizes task completion. Similarly, having no cur-

riculum also yields near-zero success. Beyond accelerating

convergence, the curriculum also acts as a self-regulating

mechanism for reward balancing, eliminating the need for per-

object tuning. All teacher RL training and student distillation

experiments use the same reward weights and hyperparameters

across objects, demonstrating the approach’s generality.

D. Hardware Deployment

Similar to the pose estimation experiments, we validate the

sim-to-real deployment of the in-hand reorientation system

under nominal and adversarial lighting, as shown in Fig. 6.

Consistent with prior work [2, 6], we define successful in-

hand reorientation when the object orientation error is within

0.4 radians. We measure consecutive successes (CS), i.e., the

number of goals reached before a failure occurs (object falls

out of the hand). Table IV reports the consecutive successes

(CS) averaged over five runs per object and lighting condition.

a) Comparison to Baselines: Under nominal lighting,

our system achieves a mean of 37.6 consecutive reorientations

across objects. It substantially outperforms the only prior

vision-based baseline reported on hardware, DeXtreme [6], on

the shared Cube object (35.4 vs. 27.8).

To further validate the necessity of our tailored perception

pipeline, we replaced our estimator with FoundationPose [29]

during deployment. This configuration resulted in near-total

failure, achieving only 0.4 consecutive successes (CS) on

average. We attribute this collapse to two factors: (i) Foun-

dationPose operates at approximately 4 Hz, which is too

slow for the rapid control loop compared to the ∼18 Hz

throughput of our estimator, and (ii) frequent tracking loss

caused by rapid object motion and severe finger occlusions

inherent to in-hand manipulation. This experiment underscores

that robust manipulation performance depends not only on

policy quality but critically on high-frequency, occlusion-

tolerant pose estimation.

TABLE IV: Real-world deployment on different objects.

Consecutive Successes (Over Five Runs)

Objects DeXtreme [6]
Ours

(Nominal)
Ours

(Adversarial)

Cube 27.8±19.0 35.4±13.8 25.6±8.9

3D Printed Toy - 28.2±12.6 12.0±6.9

Rubber Duck - 24.2±15.3 9.0±5.0

Tablet Bottle - 12.6±8.8 4.2±0.7

Globe - 87.6±41.4 76.2±66.2

Mean - 37.6±21.8 25.4±30.1

b) Object-Specific Performance: The learned policy

demonstrates exceptional robustness on primitive geometries,

with the Globe exceeding 200 CS in one of the trials. The

performance extends to highly non-convex objects, such as the

3D Printed Toy and Rubber Duck, obtaining more than 20 CS

on average. We qualitatively observe smoother manipulation

behaviors with compliant objects (e.g., Globe, Duck), suggest-

ing that inherent material damping aids stability despite not

being explicitly modeled in simulation. However, we observe

a notable sim-to-real gap for the Tablet Bottle. We attribute

this degradation to unmodeled friction effects, particularly the

extremely low surface friction introduced by its label.

c) Robustness to Adversarial Lighting: Under severe

adversarial lighting conditions, the policy maintained an av-

erage of consecutive successes of ∼25. To our knowledge,

this is the first demonstration of sustained dexterous in-

hand manipulation under such extreme visual perturbations.

Although performance decreases relative to nominal lighting,

the decline highlights the tight coupling between perception

and control. The reduction in overall task success dispropor-

tionately exceeds the degradation in pose estimation accuracy

(Section IV-A). This indicates that even small perceptual errors

can compound into significant control failures.

V. CONCLUSION

In this work, we presented a framework for robust in-

hand reorientation using monocular RGB vision. By inte-

grating 3D Gaussian Splatting directly into the simulation

loop, we substantially reduced the computational cost of high-

fidelity rendering. Our novel pre-rasterization augmentations

introduce structured diversity into static Gaussian scenes,

effectively bridging the visual sim-to-real gap. This approach

enabled the training of a perception module for object pose

estimation that is robust to both nominal and severe adversarial

lighting conditions. Deploying the resulting system on a multi-

fingered hand, we achieved an average of over 25 consecutive

successful reorientations across diverse object geometries,

even under adversarial lighting.

Our findings underscore a critical insight for the field:

the primary bottleneck in real-world dexterity often lies less

in control complexity and more in perceptual fidelity. We

show that when vision is modeled with sufficient physical

grounding, it can support complex and precise manipulation

tasks, previously dominated by proprioceptive or tactile-based

approaches. Nevertheless, vision is fundamentally constrained

by finger occlusions and its inability to directly sense contact



forces. A promising direction for future work is the integration

of dense visual feedback with high-frequency tactile sensing

to better handle unmodeled surface properties. Moreover,

while our method excels at instance-specific manipulation,

extending this framework toward broader object generalization

will require reducing reliance on predefined object frames and

incorporating richer, expressive geometric representations.
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