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Abstract

Vision-based imitation learning has shown promising capabilities of endowing robots with
various motion skills given visual observation. However, current visuomotor policies fail
to adapt to drastic changes in their visual observations. We present Perception Stitching
that enables strong zero-shot adaptation to large visual changes by directly stitching novel
combinations of visual encoders. Our key idea is to enforce modularity of visual encoders
by aligning the latent visual features among different visuomotor policies. Our method
disentangles the perceptual knowledge with the downstream motion skills and allows the
reuse of the visual encoders by directly stitching them to a policy network trained with
partially different visual conditions. We evaluate our method in various simulated and real-
world manipulation tasks. While baseline methods failed at all attempts, our method could
achieve zero-shot success in real-world visuomotor tasks. Our quantitative and qualitative
analysis of the learned features of the policy network provides more insights into the high
performance of our proposed method.
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Figure 1: Perception Stitching: “Policy A” was trained with an in-hand camera and a front-view camera. “Policy B” was
trained with a close-up camera and a side-view camera. Perception Stitching enables zero-shot stitching of the original Policy
A and B by reusing their relevant components for each sensing configuration to form a “Policy C”. “Policy C” can maintain
strong zero-shot transfer performance with an in-hand camera and a side-view camera.

1 Introduction

Despite recent advances in vision-based imitation learning for acquiring diverse motor skills (Chi et al.| [2023;
Fu et al., 2024), a significant challenge in deploying visuomotor policies in real-world settings is ensuring
the perceptual configurations are identical during training and policy execution. With the growth of hybrid
robot datasets where robots are trained to perform similar tasks across the world, it remains difficult to share
their learned experiences, even under the same task but with different visual observations. Such a challenge
often stems from the unique configurations and perspectives each camera setup brings, which, while enriching
the dataset, complicates the sharing of learned experiences across different systems. Different institutions
worldwide usually place different sensors at different perspectives when collecting their datasets. In these
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cases, previously collected datasets or trained policies are not interchangeable, and new training data must
be collected in each environment.

Instead, what if we could directly stitch the perception encoder trained in one visuomotor policy to the
rest of the components of another visuomotor policy? This approach would enable zero-shot transfer of the
trained visuomotor policies to a novel combination of perceptual con gurations. To address the challenges
associated with zero-shot transfer across di erent settings, previous e orts have aimed to learn an invariant
feature space or universal representation for quick adaptation to new environments, with approaches ranging
from extensive pre-training with video data (Nair et al.| 2022), employing contrastive learning between two
policies to nd a common feature space |(Gupta et al.,| 2017), and concentrating on low-dimensional data
over vision-based observations| (Jian et al., 2023). In particular, recent studies have proposed to achieve fast
policy transfer (Jian et al.| 2023) by aligning the latent representations of di erent perception encoders with
relative representation (Moschella et al., 2022). However, it remains unclear how to scale similar approaches
from few-shot transfer to zero-shot transfer and high-dimensional observations.

We present Perception Stitching (PeS) (Fig. @ to enable zero-shot perception encoder transfer for
visuomotor robot policies. PeS advances the previous studies through a novel training scheme under various
camera con gurations and e ectively processing high-dimensional image data. Our approach can train
modular perception encoders for speci ¢ visual con gurations (e.g. camera parameters and positions) and
reuse the trained perception encoders in a novel environment in a plug-and-go manner. In the simulation,
we evaluate PeS in ve di erent robotic manipulation tasks, each with seven unique visual con gurations. It
constantly shows signi cant performance improvement compared to four baseline methods and two ablation
studies. We also evaluate PeS in four real-world manipulation tasks. While the baseline struggles to get
any successful attempts, PeS achieves pronounced success rates, indicating that directly stitching modular
perception encoders in the real world has been turned from impossible to possible by this work. Additionally,
we contribute quantitative and qualitative analysis to provide more insights on the high performance of our
proposed method.

2 Related Work

Learning Visuomotor Policy for Robotic Manipulation A wide range of previous work has focused on
learning visuomotor policy for robotic manipulation (Levine et al.| 2016;|Finn et al., 2016} 2017b; Kalashnikov
et al.l [2018; Srinivas et al., 2018; Ebert et al.] 2018; Zhu et al/, 2018; Rafailov et al., 2021; Jain et lal., 2019;
Hamalainen et all,[2019; Florence et al.l 202Z; Brohan et al|, 2022; 2023; Padalkar et|dl., 2023; Sermanet
et al| [2018). Certain works have investigated the impact of camera placements (Zaky et al|, 2020; Hsu
et al., |2022), design of the hardware and software (Zhao et al., 2023; Fu et al., 2024; Kim et al., 2023), novel
network architectures and optimization techniques (Dasari & Gupta,|2021; Kim et al),|2021] Zhu et al.| 2023;
Abolghasemi et al|,[2019] Ramachandruni et al., 2020; Brohan et al|, 2023; 2022; Padalkar etlal., 2023; Chi
et al., [2023;|Li et al/,|2023). In this work, we show that perception encoders trained with Behavior Cloning
(BC) (Pomerleau, 1988) often lack the exibility for module reuse. Our Perception Stitching (PeS) method
enables perceptual knowledge reuse and facilitates zero-shot transfer between diverse visual con gurations,
advancing existing research on fast adaptable visuomotor policy design.

Robot Transfer Learning Transfer learning has long been considered a primary challenge in robotics
(Tan et al.| 2018; |Taylor & Stone, [2009). In the context of reinforcement learning, many previous work
transfer di erent components such as policies |(Devin et al.| 2017; Konidaris & Barto, 200[7; Fernandez &
Veloso,| 2006), parameters|(Finn et al.| 2017¢; Killian et al.| 2017; Doshi-Velez & Konidarjs, 2016), features
(Barreto et al.| 2017; Gupta et al,|2017), experience samples (Lazaric et al., 2008), value functions (Liu et al.,
2021; Zhang & Zavlanos| 2020; Tirinzoni et al., 2018), and reward functions (Konidaris & Barto, 2006). In
imitation learning, additional studies have made progress via domain adaptation|(Kim et all,| 2020} Yu et al.,
2018), querying unlabeled datasets|(Du et al., 2023), abstracting and transferring concepts (Lazaro-Gredi|la
et al., 2019; Shao et al., 2021), or conditioning on other information such as language instructions (Stepputtis
et al., 2020; Lynch & Sermanet, 2020; Jang et al., 2022) and goal images (Pathak et fal., 2018). Our work
focuses on neural network policy sub-module reuse through direct stitching to achieve zero-shot transfer.

Sim-to-real transfer is another important topic within transfer learning (Sadeghi et al.| 2018;|James et a|.,
2019;/Zhang et al.| 2019; Tobin et al.| 2018§; Mehta et dl|, 2020; James et|&l., 2017; Nguyen el al., 2018; Rusu
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Figure 2: Method Overview. Two visual encoders process the RGB images from two cameras separately, and the latent
representations are concatenated with the proprioception of the robot end e ector state. The original latent representations of
the images are observed to have an approximate isometric transformation relationship. Relative representations with disentan-
glement regularization can maintain an approximate invariance and, therefore, help achieve high zero-shot transfer performance.

et al., 2017). To merge the sim2real gap, previous methods include domain adaptation (Zhang et al., 2019;
Tobin et al., 2018; Mehta et al., 2020; James et al., 2017), adopting a progressive network (Rusu et al., 2017;
2016), ne-tuning the visual layers (Sadeghi et al., 2018), training a generator that translates real-world
images to canonical simulation images (James et al., 2019), or training a CycleGAN (Zhu et al., 2017) to
synthesize real images from simulation images(Nguyen et al., 2018). Most recent research has proposed to
learn invariant or universal feature representations for transfer learning (Gupta et al., 2017; Jian et al., 2023;
Nair et al., 2022). Our work ts in this category. Unlike previous studies, our method does not require a
large amount of online data for pre-training (Nair et al., 2022) or training two policies simultaneously(Gupta

et al., 2017). Compared with a similar previous work by Jain et al. (2019), our method is not limited to low
dimensional observations, does not require few-shot ne-tuning, and can solve much more di cult tasks.

Compositional Robot Learning Compositional robot learning reuses the learned knowledge saved in
some portion of the policy network in new tasks instead of training from scratch (Pfei er et al., 2023; Devin,
2020; Alet et al., 2018; Chen et al., 2020). It has achieved promising results in multi-task learning (Yang
et al., 2020; Hussing et al., 2023; Chen et al., 2022; Kwiatkowski et al., 2022; Hu et al., 2022), transfer
learning (Devin et al., 2017; Jian et al., 2023; Gupta et al., 2017), and lifelong learning (Mendez et al., 2022;
Mendez & Eaton, 2022; Méndez, 2022). Some previous works train a graph of network modules and generate
di erent paths to connect speci ¢ modules for di erent tasks (Yang et al., 2020; Mendez et al., 2022), but
the network modules cannot be reused out of the graph it embeds in. Devin et al. (2017) reuses the network
module without aligning latent space representations and thus fails to achieve satisfying performance in more
complex tasks. Jian et al. (2023) aligns the latent spaces by selecting anchor states and calculating relative
representations (Moschella et al., 2022) at the module interface, which no longer requires simultaneously
training multiple policies. However, the results are limited to low-dimensional observations and few-shot
ne-tuning in simple tasks such as pushing. In this work, we extend its success to high-dimensional image
observations and more di cult tasks such as cube stacking and door opening with zero-shot transfer.

3 Perception Stitching: Learning Reusable Perception Network Module

Perception Stitching (PeS) (Fig. 2) is a compositional vision-based robot learning framework that allows
zero-shot transfer of perceptual knowledge between di erent camera con gurations. It is designed to be
compatible with conventional behavior cloning algorithms (Bain & Sammut, 1995; Ross et al., 2011; Torabi
et al., 2018; Chi et al., 2023), various visual encoder structures such as CNN (LeCun et al., 1989) and ResNet
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(He et al., 2016), and action decoder structures such as MLP (Hinton et al., 2012; Mandlekar et al., 2021) and
LSTM (Hochreiter & Schmidhuber, 1997). In this section, we will demonstrate the two main components of
PeS: the modular visuomotor policy design and the latent space alignment for transferable representation.

3.1 Modular Visuomotor Policy Design

Consider an environmentE with observation of . We denote the observations from two camera views aef
and o5, and the robot proprioception of the end e ector position, orientation, and gripper open width as 05.
For an MLP-based policy, we denote it as g (aF j of) parameterized by a function g (of). For an RNN-
based policy, we denote it as g (aF;hf,; ;ck,; j of;hE;cE) parameterized by a function g (of;hf;cF),
where hE is the hidden state of the RNN network at time step t and c¢f is the cell state. The visuomotor
policy can be decomposed into the visual encodegf for camera 1, the visual encodegf for camera 2, and
the action decoderf . We can represent the MLP-based policy as Eq. 1 and the RNN-based policy as Eq. 2.

E(0°)= E(0f;05;05) = fE(gF(0f); g5 (05);05); ()
e(0%heict) = e(01;05:05;heier)= fE(0r(0):g5 (05): 05 heicr); )

Without loss of generality, we demonstrate the perception stitching process with the MLP-based policy. With
two visuomotor policies f 1 (gf* (07*); g5 *(051); 05*) and f B2(gg?(05?); g5 % (057); 052) in two environments
E, and E, with di erent cameras, we de ne perception stitching as constructing another visuomotor policy
network f E1(gr*(07°); g52(05°); 05°) by initializing the visual encoder 1 with parameters from gr*, visual
encoder 2 with parameters fromngZ, and action decoder with parameters fromf E1. Then this stitched
policy is zero-shot transferred to the new environmentEs with the same perception con guration 1 as that
of E; and perception con guration 2 as that of E,. For example, as shown in Fig. 2 (left half), we train
policy g, in E1 with an in-hand camera and a side-view camera, and policy g, in E, with a side-view
camera and a front view camera. Now, if we need a policy foE3; with an in-hand camera and a front-view
camera, we stitch the visual encodelgz[52 to the gfl and f E: to form a stitched policy that directly works in
Es. Note that though we formalize PeS set up with dual-camera settings, PeS is not constrained with only
two cameras, as demonstrated in our experiments in the Section 4.2. In addition, although we choose the
action decoderl for the experiments in section 4, the choice of which action decoder to be used doesn't a ect
the performance of PeS, and the experiment results of comparing the in uence of the two action decoders
are presented in Appendix D.

3.2 Latent Space Alignment for Transferable Representation

Relative Representation Simply stitching one portion of a neural network to another neural network
usually cannot yield optimal performance in the target environment due to the misalignment of latent space
(Jian et al., 2023; Devin et al., 2017). Previous works have observed an approximate isometric transformation
relationship between the latent representations trained with di erent random seeds (Moschella et al., 2022)
and di erent robot kinematics (Jian et al., 2023). These isometric transformations include rotation, re ecting,
rescaling, and translation. In this work, we observe a similar phenomenon in the latent spaces of the visual
encoders. Hence, we calculate a relative representation at the latent space (Jian et al., 2023; Moschella et al.,
2022) to align the latent features from di erent policy modules.

As shown in Fig. 2, we rst collect a setA of anchor imagesall) from the dataset D for the behavior cloning:
A = fallg D. By applying the visual encoderg to both the input image s (s() 2 S) and the anchor
image all), we obtain their embedded formsegi, = g(s!")) and e, () = g(al)).

We want to project the embedded input images to a coordinate system consisting of the embedded anchor
images, and if this coordinate system is invariant to isometric transformations, we can alleviate the latent
space misalignment issue. Therefore, we calculate a similarity scorre= sim (eg.); e,)) between an embed-
ded task state and an embedded anchor state whersim : R? RY ! R. Then the relative representation
(Jian et al., 2023; Moschella et al., 2022) of the input images) with respect to the anchor setA is given
by:

rs = (sim(esi);eam );Sim(egir; €, ); i Sim(esiy; €aaah)) 3)
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We choose the cosine similarity due to its invariance to re ection, rotation, and re-scaling. Additionally,
we add a normalization layer before calculating cosine similarity to mitigate the translation transformation.
Therefore, this relative representation is invariant to the isometric transformation, leading to better latent
space alignment.

Compared with previous works (Jian et al., 2023; Moschella et al., 2022), we develop two novel techniques
for the latent space alignment of visuomotor robot policies: (1) a novel anchors selection method designed
for imitation learning and (2) the use of a disentanglement regularization for better latent space alignment.

Anchors Selection. When PeS is applied to visuomotor policies with two visual encoders, these two visual
encoders encode images observed in two di erent cameras, and our proposed anchor selection method utilizes
this correspondence between these two visual con gurations. As shown in Fig. 3, after collecting a dataset
D; in an environment E 1, we perform k-means (Hartigan & Wong, 1979) onD; and select the images closest
to the cluster centers as the anchors in the anchor sef;. We then replay the trajectories of the datasetD;

in another environment E,, which requires the robot to accomplish the same task as ik 1, but the cameras
are di erent. There is no additional policy training required due to the replay. The dataset D, collected by
replaying these trajectories inE, has states corresponding to the states irD;. We then use the indices of
anchors in A; to select the anchor setA,.

Disentanglement Regularization. In addition
to the negative log-likelihood loss (g ) used for the
standard behavior cloning algorithm, we also apply
a disentanglement regularization (Wang et al., 2022)
Lgisent to further re ne the latent space alignment.
We rst calculate the covariance of the k™ and I™"
dimension of the batch of embedded representations
with

1
N 1 i=1 @z (@ 2); Figure 3. Anchors Selection. Select the anchor images in one
(4) dataset with the k-means algorithm (Hartigan & Wong, 1979).

where 2 is a balch of latent representations embecl- £°7% Ve UEclos o e (2 el 0 colect e
ded by the ResNet before going through the relative corresponding indices of the anchors in the rst dataset as the
representation calculation process. zix and z; are anchors in the second dataset.

the values of the k™ and I dimension of the i

embeddedFdata point. z. is the mean of thek™ dimension across allN data points in the batch, calculated
aszg = Ni iNzl Zi . ) is the mean of thel™ dimension, similarly calculated. Then the disentanglement loss

is calculated by:

cov(z«;z)) =

1 Xz Xz ) .

Ldisent = m k=1 1=1 16 k jeov(z;2))j; (5)
whereZ is the dimensionality of the latent space. Overall, this disentanglement loss calculates the covariance
of a latent representation feature z, with all other features z (I 6 k), sums up these absolute values,
normalizes it with Z 1, and calculates the mean over all the featuregy (k =1;2;:::;Z). By encouraging
di erent features at the latent space to be independent with each other, we encourage them to capture
di erent underlying factors hidden in the observation (e.g. object color, position etc.). The disentangled
representation has been used in many applications in supervised learning (Tran et al., 2017; Kim & Mnih,
2018; Chen et al., 2018; Higgins et al., 2017; Quessard et al., 2020; Higgins et al., 2018; Zbontar et al., 2021;
Ermolov et al., 2021; Bardes et al., 2021), and we empirically nd it signi cantly improves the performance
of PeS in di cult tasks.

The nal PeS loss function is

Lpes = Lec + L disent ; (6)

where we choose the weight = 0:002 For an ablation study, we also experiment without the disentanglement
loss

I—PeS(W=0 disent: loss ) = Lec: (7)
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