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Abstract

Bridging the sim-to-real gap is important for apply-
ing low-cost simulation data to real-world robotic sys-
tems. However, previous methods are severely limited by
treating each transfer as an isolated endeavor, demand-
ing repeated, costly tuning and wasting prior transfer ex-
perience. To move beyond isolated sim-to-real, we build
a continual cross-task sim-to-real transfer paradigm cen-
tered on knowledge accumulation across iterative trans-
fers, thereby enabling effective and efficient adaptation
to novel tasks. Thus, we propose GeCo-SRT, a geometry-
aware continual adaptation method. It utilizes domain-
invariant and task-invariant knowledge from local geomet-
ric features as a transferable foundation to accelerate adap-
tation during subsequent sim-to-real transfers. This method
starts with a geometry-aware mixture-of-experts module,
which dynamically activates experts to specialize in distinct
geometric knowledge to bridge observation sim-to-real gap.
Further, the geometry-expert-guided prioritized experience
replay module preferentially samples from underutilized ex-
perts, refreshing specialized knowledge to combat forget-
ting and maintain robust cross-task performance. Lever-
aging knowledge accumulated during iterative transfer, the
GeCo-SRT method not only achieves 52% average per-
formance improvement over the baseline, but also demon-
strates significant data efficiency for new task adaptation
with only 1/6 data. We hope this work inspires approaches
for efficient, low-cost cross-task sim-to-real transfer. Our
code is released at this https URL

1. Introduction

Leveraging scalable and low-cost simulation data to train
real-world robotic systems offers an ideal pathway to sig-
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Figure 1. Our GeCo-SRT method accumulates transferable geo-
metric knowledge from sequential sim-to-real tasks (Task 1...N),
which facilitates effective and efficient transfer to novel tasks.

nificantly accelerate robot learning and deployment [6, 9,
13, 28, 43]. However, the inevitable discrepancies be-
tween the simulated model and physical reality, such as
unrealistic visual rendering and simplified physical dynam-
ics [7, 14, 22, 35], cause policies learned in simulation to
suffer significant performance degradation upon real-world
deployment [2, 44]. This phenomenon, known as the “sim-
to-real gap”, presents a critical and long-standing challenge
that impedes the acceleration of real-world robot learning
through simulation [43, 44].

Several strategies have been proposed to address the sim-
to-real gap [10, 23, 44], but they often face limitations in
efficiency and generalization. For instance, System Iden-
tification seeks to model real-world physics but is labor-
intensive and struggles with complex dynamics [25, 34].
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While Domain Randomization offers an alternative by train-
ing policies across diverse simulations [24, 36], its ef-
fectiveness hinges on manually-configured randomization
ranges that may not fully capture real-world properties. Al-
though recent data-driven transfer methods [12, 27] miti-
gate the reliance on manual design, they remain limited to
single-task adaptation. This highlights a common draw-
back across existing approaches: they treat each sim-to-real
transfer as an isolated process, which inevitably demands
repeated and costly efforts for new task adaptation. This
limitation points to a critical but under-explored challenge:
how to leverage past experiences to facilitate effective and
efficient sim-to-real transfer on new tasks, rather than re-
quiring isolated, task-specific tuning from scratch for each.

To move beyond the current paradigm of isolated sim-to-
real transfer, we propose a new continual cross-task sim-to-
real transfer paradigm. As shown in Figure 1, this paradigm
is designed to achieve continual knowledge accumulation
across iterative transfers from previous experiences (e.g.,
“pick cube”), thereby enabling effective and efficient adap-
tation to novel tasks (e.g., “stack cube”). This process
hinges on a robust medium for transferable knowledge that
bridges both tasks and domains. To this end, we leverage lo-
cal geometric features as the primary source of transferable
knowledge due to their crucial dual invariance. On the one
hand, local geometric features are domain-invariant, offer-
ing a robust solution to the sim-to-real gap. Different from
visual perception, which is highly sensitive to domain shifts
in texture and material properties, local geometric features
(e.g., surface normals) derived from 3D data are structurally
consistent across simulation and reality. On the other hand,
there are also task-invariant, as these primitives are shared
across diverse manipulation tasks. For example, the same
flat surface of the cube that informs a grasping pose for the
“pick cube” task is also the critical target feature for the
“stack cube” task. This dual invariance makes local geomet-
ric features a robust knowledge medium, enabling effective
generalization and continual knowledge accumulation.

Building on this premise, we introduce the GeCo-
SRT method, which is a geometry-aware continual adapta-
tion method to achieve continual knowledge accumulation
across iterative sim-to-real transfers. Concretely, our GeCo-
SRT method employs the human-in-the-loop method [16]
to reframe sim-to-real transfer as learning from human cor-
rection trajectories. This process quantifies the sim-to-real
gap into a continuously growing replay buffer, enabling
knowledge accumulation across tasks. Further, we propose
the Geometry-aware Mixture-of-Experts (Geo-MoE) mod-
ule, which serves as a reusable perception residual network
for point cloud inputs to bridge the observation gap. This
module first extracts local geometric features from the in-
put point cloud and utilizes these local geometric features
as cues to dynamically activate experts, thereby achiev-

ing distinct knowledge reuse across different tasks. Fur-
thermore, to protect this specialized geometric knowledge
within the experts during continual learning, we introduce
a Geometry-expert-guided Prioritized Experience Replay
(Geo-PER) module. This strategy combats catastrophic for-
getting by dynamically prioritizing historical samples based
on expert utility, ensuring the model retains its ability to
process key geometric structures from previous tasks while
adapting to new ones. Through our GeCo-SRT method, we
achieve effective and efficient sim-to-real transfer across
various tasks by continually leveraging geometric knowl-
edge extracted from prior sim-to-real deployments.

In this work, we establish a sequence of 4 sim-to-real
robotic manipulation tasks to evaluate continual sim-to-real
transfer. The results of single-task and continual cross-
task sim-to-real transfer experiments prove the effective-
ness and efficiency of our geometry-aware continual adap-
tation method. Specifically, our method ultimately outper-
forms the baseline by an average of 52% while demonstrat-
ing remarkable data efficiency, matching the baseline’s suc-
cess rate with only 16.7% of the data. This validates that
our geometry-aware method can effectively extract reusable
knowledge for continual sim-to-real transfer. We hope this
work will inspire future research on effective and efficient
cross-task sim-to-real transfer method exploration.

2. Related Work

2.1. Robot Learning via Sim-to-Real Transfer

Bridging the gap between simulation and reality remains
a fundamental and extensively studied challenge in robot
learning [3, 4, 26, 31]. While System Identification (SysID)
seeks to model the physical parameters of the real system,
it relies on pre-defined model structures and extensive real-
world data collection for parameter tuning [25]. However,
this process is highly labor-intensive and proves inadequate
for modeling complex, non-linear dynamics. Alternatively,
Domain Randomization trains policies across a wide distri-
bution of simulated variations, aiming to treat the real world
as another variant [5, 24]. This approach requires expert-
driven tuning of the randomization ranges, which may fail
to effectively cover the real-world system dynamics. Alter-
natively, Transic [16] employs online correction trajectories
to achieve domain-agnostic sim-to-real transfer without ex-
plicit modeling. However, these approaches are limited to
single-task sim-to-real transfer, which makes the adaptation
of each new task from simulation to the real world a costly
endeavor. In this work, we propose a geometry-aware con-
tinual adaptation method to accumulate geometric knowl-
edge from previous sim-to-real transfer for efficient novel
task adaptation.
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Figure 2. Overview of our geometry-aware continual adaptation method. (a) demonstrates the sim-to-real transfer with human correction
pipeline, which translates sim-to-real heuristics into learnable human correction trajectories. (b) represents the Geometry-aware Mixture-
of-Experts module, which extracts local geometric features to dynamically activate experts, enabling them to specialize in distinct geometric
knowledge for effective sim-to-real transfer. (c) illustrates the Geometry-expert-guided Prioritized Experience Replay, which leverages
expert utilization to prioritize historical data, thereby mitigating catastrophic forgetting and promoting knowledge reuse.

2.2. Continual Learning in Robotic Manipulation

Continual learning enables robots to acquire sequential
skills without catastrophic forgetting, which is crucial for
adaptation in dynamic environments. To mitigate forget-
ting, replay-based methods [32, 33, 44] interleave stored
past data during new task training, while generative ap-
proaches [11, 18, 39-41] utilize pseudo-samples to re-
duce memory overhead. Alternatively, regularization-based
methods [17, 19] protect prior knowledge by constraining
updates to parameters critical for previous tasks. However,
the high-dimensional spaces and long-horizon dependen-
cies of robotic manipulation complicate the direct appli-
cation of these methods. While recent efforts have intro-
duced dedicated benchmarks like LIBERO [21] and spe-
cialized algorithmic paradigms [15, 29, 37, 42], they focus
primarily on imitation learning. In contrast, this work intro-
duces CL into cross-task sim-to-real transfer. We propose a
geometry-expert-guided prioritized experience replay mod-
ule that leverages geometric knowledge to reweight sam-
ples, facilitating efficient novel task adaptation while simul-
taneously alleviating catastrophic forgetting.

3. Geometry-aware Continual Adaptation

The persistent sim-to-real gap presents a significant chal-
lenge for robotic policy sim-to-real transfer. While prior
work often addresses sim-to-real transfer as an individual,

isolated process, we propose GeCo-SRT, a geometry-aware
continual adaptation method, which is designed to con-
tinually accumulate knowledge across iterative sim-to-real
transfers for effective and efficient adaptation to novel tasks.
To achieve this, our method is designed to address two fun-
damental questions:

* How to convert human-designed sim-to-real heuristics
into a learnable format for neural networks?

* What specific knowledge is transferable across the itera-
tive sim-to-real transfer process?

To address the first problem, our GeCo-SRT method
proposes a human-in-the-loop method to convert sim-to-
real transfer as learning from human correction trajectories,
making the process suitable for iterative continual learning
as shown in Section 3.1.

In response to the second question, we posit that local
geometric features serve as the core transferable knowl-
edge. We therefore propose the Geometry-aware Mixture-
of-Experts (Geo-MoE) module to extract and reuse these
features for efficient cross-task adaptation as shown in Sec-
tion 3.2. Finally, we introduce the Geometry-expert-guided
Prioritized Experience Replay (Geo-PER) in Section 3.3 to
protect this specialized knowledge by dynamically priori-
tizing historical samples, ensuring its retention during con-
tinual adaptation. The method is shown in Figure 2.
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3.1. Sim-to-real Transfer with Human Correction

For each task 4, we train a base policy 7% in simulation us-
ing expert trajectories with point cloud observations. This
policy consists of a point cloud encoder Egi and a diffu-

sion policy head 772 We then deploy the base policy to the
real-world environment and collect the human corrections
dataset Dféal via a shared-autonomy framework. Finally, to
bridge the sim-to-real gap, we introduce a shared percep-
tion residual module E;. During the sim-to-real transfer,
this shared module is continually updated using a hybrid re-
play buffer that draws from both the simulation dataset and

the newly collected real-world correction dataset ng’al.

3.1.1. Base Policy Training in Simulation

To bypass the drawbacks of RGB (e.g., vulnerability to
camera poses as well as discrepancies between synthetic
and real images), we use 3D point clouds as the primary
visual modality to better facilitate sim-to-real transfer.

For task 4, we generate an expert dataset D5. = using a
motion planner in simulation. For observations, we cap-
ture depth images from two cameras, which are then trans-
formed and aggregated into a complete scene point cloud
P in the robot’s base frame. This process mirrors our real-
robot setup to minimize the sim-to-real gap. The resulting
P is then downsampled via Farthest Point Sampling to serve
as the policy network input.

We train our base diffusion policy 7%, using behavior
cloning on the expert dataset D¢} . This policy is param-
eterized as the noise prediction network egy. It is optimized
using the simplified L2 diffusion loss:

k 2
Lo = B, oy, conon |6 = eolaf b 0)||] (0
where o, includes the proprioceptive state s; and point cloud
P, a, is the corresponding expert action.

3.1.2. Continual Learning with Human Correction

For each task i, we deploy the base policy 7% in the
real world under human supervision via a shared-autonomy
framework. At each timestep t, if the operator anticipates a
failure, they intervene with a teleoperated action a; < af,
setting an indicator I} to true. Otherwise, the base pol-
icy acts, a; + 7% (0;), and I} is set to false. We col-
lect these tuples (oy, a;, I}') to form the real-world human
correction dataset D" . Further, we merge the correction
dataset D:,Le" o, With the simulation trajectories D! = to form
the replay buffer D;';f This buffer is used to train the per-
ception residual module E?, which aligns the point cloud
observation feature to bridge the sim-to-real gap.

As shown in Figure 2(a), while the parameters of the
base simulation policy 7% are frozen, the perception resid-
ual module £ is maintained as a shared module across all

tasks. This allows it to progressively learn and consolidate

reusable knowledge from the buffer D;’fo of each task, en-
abling effective iterative sim-to-real transfer.

3.2. Geometry-Aware Mixture-of-Experts

We posit that local geometric information is the ideal pri-
mary source of transferable knowledge for continual sim-
to-real transfer due to the crucial dual invariance:

* Domain Invariance: Unlike textures or dynamics, local
geometry (e.g., planarity and linearity) remains consistent
between simulation and reality, providing a stable bridge
for the sim-to-real gap.

* Task Invariance: Geometric primitives (e.g., edges, cor-
ners) are shared across distinct manipulation tasks (e.g.,
“pick cube” vs. “stack cube”), enabling the continual ac-
cumulation of knowledge.

Based on this premise, we propose the Geometry-aware
Mixture-of-Experts (Geo-MoE) as our perception residual
module E. It processes local geometric discrepancies to
dynamically activate specialized experts, thereby adapting
the feature representation and enabling the reuse of geomet-
ric knowledge across tasks.

Concretely, our Geo-MoE module first samples local
point groups g; from the input point cloud P using the
k-Nearest Neighbors (k-NN) method [8]. For each group
gi, we estimate its local geometric features—planarity,
linearity, and saliency—using the local PCA calculation
method [1]. The group g; is then processed by a lightweight
gating network G to produce routing weights w; =
Softmax(G(g;)) for M parallel expert networks. The final
processed feature for each group is the weighted sum:

M
gi =" w;;-Expert;(g;). )

=1

These per-group features {g,} are ultimately aggregated to
form the single corrective residual vector g..... This obser-
vation residual, ¢/, is then concatenated with the output
of the frozen base encoder E;j to form a corrected feature

vector: f = Concat(E} (0), g.,)- Finally, this corrected

feature f is passed to the diffusion policy head ﬂgi to pro-
duce the final action & = 7% ( ).

During training, we keep the base policy 7’ frozen
and exclusively update the Geo-MoE module £ using the

mixed replay buffer Dy’
Ltotal = MSE(&, a) + aLbalan057 (3)

where Lpgiance 15 a standard auxiliary loss [30, 38] to ensure
balanced expert utilization and prevent gating collapse.

3.3. Geometry-Expert-Guided Prioritized Experi-
ence Replay

In our continual sim-to-real setting, the model adapts se-
quentially across N tasks. After N — 1 tasks, the data is
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stored in a unified replay buffer R, the union of all preced-
ing per-task mixed buffers: R = J}}" Dy,

When adapting to the new N-th task, the key challenge
is preventing expert-level catastrophic forgetting. Standard
Prioritized Experience Replay (PER) methods, which pri-
oritize samples based on task loss, are ill-suited for this.
By ignoring expert-specific utility, they neglect idle ex-
perts, whose specialized knowledge is subsequently forgot-
ten. To address this deficiency, we introduce Geometry-
expert-guided Prioritized Experience Replay (Geo-PER).
Our strategy fundamentally shifts the prioritization metric:
from task loss to expert utilization. This ensures all experts
are periodically refreshed with relevant data from R, even
when inactive in the current task N.

Our Geo-PER mechanism operates as follows: First, we
store the expert activation vector W; = {w; 1,...,w; m}
associated with each historical sample 7 € R. When pro-
cessing new data from the current task N, we compute the
average expert utilization U™ = {u}*V,... 7"}, We
then dynamically update the sampling priority P; for all his-
torical data i € R:

- 1
Pioc wij e “4)
=1

b)
u;ew +e€

where w; ; is the stored activation of expert j for sample 7,
u™ is the current task’s average utilization of expert j, and
€ is a stability constant. This prioritization scheme functions
as an active counter-balance to expert imbalance. If an ex-
pert j is under-utilized by the new task (uj™ is low), its
reciprocal term (u?ew + €)~! becomes large. Consequently,
Geo-PER assigns a high sampling probability to historical
samples (from tasks 1..N — 1) that strongly activated that
expert (w; ; is high). This ensures that the parameters of
idle experts are continuously included in gradient updates,
thereby mitigating catastrophic forgetting.

4. Experiments

To comprehensively evaluate our method, we propose ex-

periments to answer the following questions:

* Q1: Could our geometry-aware method promote effi-
cient continual sim-to-real transfer across different tasks?
(Section 4.2)

* Q2: What are the specific contributions of our Geo-MoE
and Geo-PER method on continual cross-task sim-to-real
transfer? (Section 4.3)

* Q3: Would the task similarity influence the efficiency of
knowledge transfer when adapting between different sim-
to-real tasks? (Section 4.4)

4.1. Implementation Details

For empirical validation, we utilize four robotic manipula-
tion tasks, spanning both the ManiSkill simulation environ-

ment and the real world (Fig. 3 (a)): Pick Cube, Stack Cube,
Pick Banana, and Plug Insert.

Our sim-to-real pipeline starts by training an initial pol-
icy in simulation using imitation learning on 2,000 expert
trajectories. We then deploy this policy in the real world
and gather 60 human correction trajectories. Finally, to en-
sure effective transfer and mitigate catastrophic forgetting,
we train the final policy on a mixed dataset combining these
new corrections with a replay buffer from prior tasks.

4.1.1. Real-world Setup

Our hardware (Fig. 3 (b)) comprises an Xarm5 arm and
a Rotiq2F140 gripper. We utilize a RealSense D435 and
a RealSense D435i to obtain the point cloud observation;
their point clouds are transformed to the robot’s base frame,
fused, and cropped within a bounding box to remove back-
ground. Human correction trajectories are collected by op-
erators providing real-time interventions via a 3Dconnexion
SpaceMouse during execution.

4.1.2. Training Details

Our training involves two stages: simulation policy training
and continual sim-to-real transfer.

In the simulation phase, we first train the diffusion policy
with 3D point cloud encoder as the base simulation policy.
The main hyperparameters for this stage were set as fol-
lows: learning rate of 3 x 10~%, denoise steps are 10, and
action chunking size is 8.

During the continual sim-to-real transfer, we employ a
continual learning approach to acquire generalizable geo-
metric knowledge to continually bridge the sim-to-real gap.
To retain knowledge from previous tasks, we set the mixing
in 10% of data from prior tasks (including both simulation
and real-world trajectories). Human-corrected data consti-
tutes 95% of the training data in this stage. In this process,
the residual learning rate is set to 1 x 1073.

For the model architecture and experience replay strat-
egy, each expert within our Geo-MoE module is trained
with learning rate of 1 x 1073, For our Geo-PER strat-
egy, the parameter controlling the degree of prioritization
in sampling is set to 0.6. Additionally, a smoothing term to
ensure non-zero sampling probability is set to 1 x 10~°, and
the EMA coefficient for priority updates is set to 0.4.

4.1.3. Evaluation Metrics

To comprehensively evaluate the performance of our con-
tinual cross-task sim-to-real approach, we employ two key
metrics: Success Rate (SR) and Normalized Negative Back-
ward Transfer (N-NBT). SR measures the cross-task for-
ward transfer ability, while N-NBT quantifies the degree of
catastrophic forgetting. For each task, we evaluate methods
with 30 trials and report the average SR and N-NBT.
Normalized Negative Backward Transfer: Negative
Backward Transfer (NBT) [20] fails to accurately reflect
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(a) Sim-to-Real Tasks
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(b) Real World Setup

Figure 3. We demonstrate the task setup and real-world setup. (a) illustrates 4 robotic manipulation task in simulation and real-world
scenarios. (b) shows that the real-world setup, which consists of a XARM equipped with a robotig-140 gripper.

forgetting when the initial success rate is low, as is common
in sim-to-real. We therefore propose Normalized Negative
Backward Transfer (N-NBT) to evaluate the relative perfor-
mance drop.
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A lower N-NBT value indicates better knowledge retention
from prior tasks and thus less catastrophic forgetting.

4.2. Comparison Results

To evaluate our proposed Geometry-guided Continual Sim-
to-real Transfer method, we conduct comprehensive com-
parisons against several baseline approaches. The evalu-
ation is performed on two primary fronts: (1) single-task
sim-to-real transfer and (2) cross-task continual learning.

4.2.1. Single-Task Sim-to-Real Transfer

We first evaluate single-task adaptation against the follow-
ing three baselines:

* Direct Deploy: The simulation base policy directly de-
ploys in the real-world environment without fine-tuning.

* Action Residual: The action residual module is a resid-
ual diffusion policy head network, which takes the obser-
vation feature from frozen point cloud encoder and return
the residual action. It serves as a baseline to quantify the
sim-to-real gap through only action level.

e Transic [16]: Transic achieves sim-to-real transfer by
leveraging human correction trajectories via a residual
network architecture. It serves as a comparison method
without specific geometry-aware knowledge.

As shown in Table 1, the Direct Deploy baseline’s 3.1%
average success rate confirms a substantial sim-to-real gap.
The action residual method offers only marginal improve-
ment (7.5%), which strongly suggests that applying residu-
als only in the action space, without concurrently address-

Table 1. Single-task sim-to-real transfer performance. Our Geo-
MOoE significantly outperforms all baselines, demonstrating the ad-
vantage of specific activated geometric knowledge in bridging the
sim-to-real gap.

Method Pick Cube Stack Cube Pick Banana Plug Insert Avg. SR
Direct Deploy 5.7% 0.0% 6.7% 0.0% 3.1%
Action Residual 16.7% 3.3% 10.0% 0.0% 7.5%
Transic' 66.7% 30.0% 23.3% 33.3% 38.3%
Geo-MoE 80.0% 43.3% 40.0% 36.7% 50.0%

ing the significant observation sim-to-real gap, is insuffi-
cient to overcome the reality gap.

Nevertheless, our Geo-MoE module consistently outper-
forms all baselines with a 50.0% average success rate. We
attribute this to its dynamic use of geometric knowledge.
Unlike methods that address the gap using the overall point
cloud, our approach prioritizes distinct geometric proper-
ties. This allows the model to learn more fine-grained,
geometrically-aware knowledge for precise adaptation.

4.2.2. Cross-Task Continual Sim-to-Real Transfer

We further evaluate the method’s ability to sequentially
learn the sim-to-real gaps of distinct tasks while mitigating
catastrophic forgetting. In this continual cross-task sim-to-
real transfer setup, the model trains on tasks sequentially,
utilizing a dataset that combines current task trajectories
with replayed experiences from previous tasks
We compare our method against several baselines:
¢ Naive Fine-tuning: This baseline fine-tunes on the new
task’s data without any continual learning mechanism.
* Transic + PER: Transic combined with standard PER.
* Geo-MoE + EWC: Our Geo-MoE module combined
with Elastic Weight Consolidation (EWC).
¢ Geo-MoE + PER: Our Geo-Moe module with standard
Prioritized Experience Replay.

'We reproduced this method, adapting it to align with the distinct point
cloud configuration utilized in our approach.
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Table 2. Continual learning performance across four sequential sim-to-real tasks (learned in the order: Pick Cube — Stack Cube — Pick
Banana — Plug Insert). Our method (GeCo-SRT) achieves the best overall performance, with the highest average success rate and lowest
average forgetting. This performance demonstrates Geo-MoE’s advantage in leveraging specific geometric knowledge to bridge the sim-
to-real gap, combined with Geo-PER’s ability to mitigate catastrophic forgetting by continuously updating idle experts.

Method Pick Cube Stack Cube Pick Banana Plug Insert Avg.
SR 1T N — NBT | SR 1T N — NBT | SR 1T N — NBT | SR 1T N — NBT | SR 1T N — NBT |

Direct Deploy 5.7% / 0.0% / 6.7% / 0.0% / 3.1% /
Naive Fine-tuning | 16.7% 100% 3.3% 100.0% 13.3% 100% 3.3% / 9.2% 75.0%

Transic + PER 76.7% 81.2% 30.0% 72.3% 20.0% 66.5% 33.3% / 40.0% 55.0%
Geo-MoE + PER | 83.3% 34.6% 50.0% 76.8% 46.7% 7.1% 43.3% / 55.8% 29.6%
Geo-MoE + EWC | 80.0% 70.8% 36.7% 77.3% 20.0% 50.0% 16.7% / 38.3% 49.5%
Ours (GeCo-SRT) | 86.7% 28.3% 53.3% 72.0% 60.0% 5.5% 53.3% / 63.3% 26.5%

The results in Table 2 show that the Naive Fine-tuning
baseline suffers from catastrophic forgetting, as new task
data overwrites prior knowledge. While conventional con-
tinual learning methods like Geo-MoE + EWC and Transic
+ PER remain suboptimal, exhibiting significant forgetting
and limited average success rates (e.g., < 40.0%).

A critical insight emerges when comparing Transic +
PER with Geo-MoE + PER. Simply replacing the backbone
with our Geo-MoE module significantly boosts the average
success rate (from 40.0% to 55.7%) and reduces forgetting.
This strongly suggests the Geo-MoE architecture is inher-
ently superior for continual learning. Its design, routing in-
formation via local geometric features, enables specialized
experts to be activated and adapted, facilitating more effec-
tive knowledge reuse across tasks.

However, this specialized knowledge requires active pro-
tection. Our GeCo-SRT method integrates our proposed
Geo-PER strategy, achieving the best-in-class performance
(63.3% average success). This refinement works because
Geo-PER is tailored to the MoE structure. By shifting the
prioritization metric from task-level loss to expert-level uti-
lization, it ensures all experts—even those idle on the cur-
rent task—are periodically refreshed from the buffer. This
actively preserves their specialized knowledge and leads to
robust retention.

In summary, our GeCo-SRT method combines a supe-
rior architecture for knowledge reuse (Geo-MoE) with a tar-
geted strategy for knowledge protection (Geo-PER), achiev-
ing the most robust continual sim-to-real performance.

4.2.3. Cross-Task Transfer Efficiency

We evaluate sample efficiency in Figure 4. We compare
two training scenarios: training from scratch (using only
the new task’s data) and our continual learning approach
(transferring from a pre-trained task). Both scenarios are
evaluated using 20, 40, and 60 correction trajectories.

The results clearly illustrate the significant benefit of our
method. For the Pick Cube task, the model trained via con-
tinual learning achieves 76.6% success with only 20 trajec-
tories. This performance dramatically surpasses the from-
scratch baseline at the same data point and nearly matches
the performance the from-scratch model achieves with 3 x
the data (60 trajectories). This trend is consistent for the

SR.
100.00%

Em From Scratch
7 From Continued

80.00%

13.3%
23.4%

60.00%

16.7%

40.00% 16.7%

13.3%

20.00%

0.00% .
soNum.Traj.

40 40
Pick Cube Plug Insert

Figure 4. Data efficiency comparison of training “From Scratch”
vs. “From Continued”. The performance gain (hatched area) high-
lights our method’s ability to utilize transferable geometric knowl-
edge for cross-task sim-to-real transfer, which enhances data effi-
ciency when adapting to new tasks, especially in low-data regimes.

Plug Insert task, where our method with 20 trajectories
achieves a performance level that the from-scratch model
requires more than 60 trajectories to reach.

This experiment confirms that our continual learning
method significantly improves sample efficiency. The
agent’s ability to adapt so rapidly is not merely due to pa-
rameter initialization; it demonstrates that our method suc-
cessfully learns and reuses transferable geometric knowl-
edge about the sim-to-real gap. By leveraging this shared
cross-task knowledge, the agent can adapt to new tasks with
limited correction demonstrations, which is critical for real-
world applications.

4.3. Ablation Results

Table 3 highlights each component’s contribution. The
baseline model (Observation Residual x, MoE x) performs
poorly, and sees negligible improvement when only the
MoE module is added (x, v'). This suggests that the ex-
pert architecture is ineffective without informative features
to bridge the observation sim-to-real gap.

The most significant gain comes from introducing our
Observation Residual component (v/, x). This change
alone causes the average success rate to leap to 45.8% and
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Table 3. Ablation study on core components of Geo-MoE. For the Observation Residual component, v" indicates using our point cloud
encoder to align the observation sim-to-real gap, whereas x denotes using the action residual module. For the MoE component, v* indicates

using our mixture-of-experts architecture to obtain distinct knowledge, while X represents the baseline without it.

Observation MoE Pick Cube Stack Cube Pick Banana Plug Insert Avg.
Residual SR 1T N - NBT | SR 1T N - NBT | SR 1T N - NBT | SR T N - NBT | SR 1T N - NBT |
X X 16.7% 100% 3.3% 100.0% 10.0% 100.0% 0.0% / 7.5% 75.0%
X v 16.7% 86.7% 3.3% 100.0% 13.3% 75.2% 3.3% / 9.2% 65.5%
v X 83.3% 37.3% 46.7% 96.5% 23.3% 14.2% 30.0% / 45.8% 37.0%
v v 83.3% 34.6% 50.0% 76.8% 46.7% 7.1% 43.3% / 55.8% 29.6%

average N-NBT to plummet to 37.0%. This provides a sta-
ble feature bridge for visual alignment, effectively mitigat-
ing the sim-to-real gap.

Building on this strong Observation Residual compo-
nent, adding the MoE module (v', v') achieves the best per-
formance. This highlights the MoE’s synergistic role: it
takes the stable geometric features and enables specialized
handling. By routing geometric patterns to distinct experts,
the model processes local discrepancies in a more targeted
manner. This specialization improves performance on later
tasks and further mitigates forgetting.

In summary, the ablation confirms our components are
complementary: the Observation Residual component ex-
tracts a stable, transferable feature representation based on
sim-real invariant geometry, while the MoE module builds
on this to specialize adaptation and preserve knowledge.

4.4. Cross-task Transfer Results

Finally, we investigate how task similarity impacts the ef-
fectiveness of knowledge transfer, particularly in a data-
scarce scenario (using only 10 correction trajectories). We
compare training “From scratch” versus transferring from
various pre-trained source tasks, with results in Table 4.
The results indicate that task geometric similarity is a
critical factor for our geometry-aware continual adaptation
method. This is evidenced by significant positive transfer
when learning the Stack Cube task after the similar Pick
Cube task, far outperforming the baseline. Conversely, neg-
ative transfer occurs when transferring from the dissimi-
lar Pluglnsert task. Notably, the transfer from PickBanana
to Pluglnsert is also beneficial, which we attribute to the
shared geometric challenge of grasping non-cuboid objects.

While the primary insight concerns task similarity, this
positive transfer is also highly data-efficient. For instance,
the success rate on Stack Cube with only 10 trajectories
nearly matches the performance of the from-scratch model
trained with 60 trajectories.

This experiment confirms our geometry-aware method
learns transferable geometric knowledge. The model’s abil-
ity to reuse knowledge from geometrically similar tasks,
while failing with dissimilar ones, demonstrates it cap-
tures and leverages foundational geometric understanding
for rapid, low-data adaptation.

Table 4. Impact of task similarity on knowledge transfer. All mod-
els use 10 trajectories unless otherwise specified.

Evaluate Task Pre-trained Task SR
PickCube 40.0%
PickBanana 33.3%
StackCube Pluglnsert 16.7%
From scratch 26.7%
From scratch (60 traj.) | 43.3%
PickCube 33.3%
StackCube 40.0%
PluglInsert PickBanana 30.0%
From scratch 23.3%
From scratch (60 traj.) | 36.7%

5. Conclusion

In this work, we build a continual cross-task sim-to-real
transfer paradigm for knowledge accumulation across iter-
ative transfers, enabling effective and efficient adaptation
to novel tasks. To achieve this, we propose the GeCo-
SRT, a geometry-aware continual adaptation method. It ex-
tracts domain-invariant and task-invariant knowledge from
local geometric features to accelerate subsequent adapta-
tion. This method consists of a geometry-aware mixture-
of-experts module to obtain specialized transferable knowl-
edge, and a geometry-expert-guided prioritized experience
replay strategy to mitigates catastrophic forgetting with the
guidance of expert utilization. Results show a 52% average
performance improvement over the baseline and demon-
strate significant data efficiency, adapting to new tasks with
only 16.7% data. We hope our work provides insight into
continual sim-to-real transfer by effectively leveraging local
geometric knowledge.

Discussion and Future Work. While GeCo-SRT has
demonstrated effectiveness and efficiency in cross-task sim-
to-real transfer with continual knowledge accumulation, our
method primarily focuses on bridging the observation gap
by leveraging local geometric features. This specific focus
may limit its applicability in non-geometric sim-to-real gaps
(e.g., complex dynamics). Furthermore, we believe explor-
ing multiple modalities, such as the semantic relationships
between tasks, could provide a promising avenue for effec-
tive cross-task sim-to-real transfer.
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