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Abstract— Learning-based methods in robotics hold the
promise of generalization, but what can be done if a learned
policy does not generalize to a new situation? In principle,
if an agent can at least evaluate its own success (i.e., with a
reward classifier that generalizes well even when the policy
does not), it could actively practice the task and finetune the
policy in this situation. We study this problem in the setting
of industrial insertion tasks, such as inserting connectors in
sockets and setting screws. Existing algorithms rely on precise
localization of the connector or socket and carefully managed
physical setups, such as assembly lines, to succeed at the task.
But in unstructured environments such as homes or even some
industrial settings, robots cannot rely on precise localization
and may be tasked with previously unseen connectors. Offline
reinforcement learning on a variety of connector insertion tasks
is a potential solution, but what if the robot is tasked with
inserting previously unseen connector? In such a scenario, we
will still need methods that can robustly solve such tasks with
online practice. One of the main observations we make in this
work is that, with a suitable representation learning and domain
generalization approach, it can be significantly easier for the
reward function to generalize to a new but structurally similar
task (e.g., inserting a new type of connector) than for the policy.
This means that a learned reward function can be used to facil-
itate the finetuning of the robot’s policy in situations where the
policy fails to generalize in zero shot, but the reward function
generalizes successfully. We show that such an approach can
be instantiated in the real world, pretrained on 50 different
connectors, and successfully finetuned to new connectors via
the learned reward function. Videos and visualizations can be
viewed at sites.google.com/view/learningonthejob

I. INTRODUCTION

Generalizable policies require broad and diverse datasets,
but for realistic applications, learning policies that can always
generalize in zero shot to new objects and environments is
often infeasible — indeed, even humans do not exhibit such
universal generalization capabilities. Instead, when faced
with a task that we don’t precisely know how to do, we can
quickly learn the task by leveraging our prior knowledge
and a little bit of practice. Reinforcement learning (RL)
provides us with a way to implement this kind of learning
on the job, using online finetuning in the new domain or
task, and potentially even extending it into a lifelong learning
system where the robot improves its generalization capacity
continually with each new task it masters.

However, instantiating this concept in a practical robotics
setting requires overcoming a number of obstacles. The robot
must be able to combine large amounts of diverse offline data
with small amounts of targeted online experience, and do so
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in a way that doesn’t require revisiting previously learned
tasks or domains, which means that we need an offline
RL algorithm that supports online finetuning. Perhaps more
importantly, the entire finetuning process must be supported
by the robot’s own sensors, without privileged information
or environment instrumentation, so as to retain the benefits
of autonomous learning. In particular, this means that when
adapting to a new task, the robot must be able to evaluate
on its own whether it is making progress on the task, using
a learned reward function.

We study this problem in the setting of learning a policy
from vision for performing industrial insertion tasks. This
family of assembly tasks, including plugging in connectors
into sockets, keys into locks, screwdrivers into screw intru-
sions, setting screws, and so on, are found in many stages
of manufacturing. When automated in factories today, these
tasks are done by robots with specialized control algorithms
that rely on precise localization of the socket location.
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Fig. 1: We describe how a robot can learn to insert an unseen connector from
prior experience under realistic conditions by evaluating its own reward. (1)
We first collect a diverse dataset with 50 connectors. There is significant
variation in the shape of the connectors, sockets, and background. (2) We
learn a reward function, policy, and value functions using offline RL. We
propose a domain adversarial information bottleneck (DAIB) in order to
generalize to new domains. A domain invariance loss is applied on part
of the latent representation zy, while a domain specific latent variable zg
is constrained by an information bottleneck. (3) We finetune online with
self-generated rewards to master a new domain. (4) We evaluate 7 in Diegt.
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For robots to perform these insertion tasks in industrial
and warehouse settings with less human supervision, or in
unstructured environments such as homes, they must rely on
highly accurate state information of the external world (e.g.,
socket position and in-hand pose estimation). But such state
estimation, using either machine learning or computer vision
approaches, is brittle on unseen connectors. To solve the
general problem of inserting a novel connector, one promis-
ing solution is to generalize previously collected experience
of connector insertion to learn a policy to insert connectors
from vision. Among these tasks, there is enough variability
to require generalization and adaptation, but also enough
internal structural regularity that we expect transfer between
connectors. Offline RL alone enables robots to generalize to
connectors very similar to those from its training dataset, but
we will also expect robots to be able to perform tasks in new
domains, perhaps after some practice. How can a robot insert
test connectors from vision in this setting, utilizing offline RL
to enable active online finetuning on a new connector?

The key insight is that we need to (1) adapt to new tasks
quickly with online finetuning if the zero-shot solution is not
sufficient and (2) generalize to new domains by finding com-
mon structure between domains while preserving important
domain-specific information. Ideally, a policy trained offline
can generalize from vision to new tasks. But if it does not, we
can still finetune in a new domain with minimal supervision
as long as we have a reward function that generalizes instead.
For training policies and reward functions that generalize to
test domains, we propose a split representation that combines
domain adversarial neural networks [1] for domain invariance
and a variational information bottleneck [2] for controlling
the flow of domain-specific information. This representation,
which we call domain adversarial information bottleneck
(DAIB) is used first for learning a robust reward function to
detect successful insertions for an unseen connector. Next,
we modify implicit Q-learning (IQL), an offline RL algo-
rithm amenable to online finetuning, to use DAIB. During
online finetuning, DAIB can be used in combination with
online RL to enable fast learning of novel connectors.

We present two main contributions. We demonstrate a sys-
tem for finetuning under realistic real-world constraints with
minimal human supervision, and applied it to insert connec-
tors robustly from vision without the need of accurate socket
localization, both for observations and rewards. To accom-
plish this, we propose a novel representation learning method
that allows better generalization of policies and reward
functions to unseen domains. We outperform regression-
based baselines on the same dataset that combine localizing
the socket with hand-designed control policies, as well as
prior RL methods. We show that new tasks can be finetuned
within 200 trials (about 50 minutes of real-world interaction),
given our dataset of 50 connectors across 2 robots. This
system allows us to finetune IQL to a test connector, increas-
ing performance significantly over the offline performance.
Project videos and our dataset of robotic insertion will be
made public at sites.google.com/view/learningonthejob

II. RELATED WORK

Reinforcement learning has been applied to a variety of
robotics tasks [3]—[11]. To utilize offline datasets with diverse
data in robotics, algorithms developed for offline RL [12]—
[15] have been studied in the robotics setting [16]-[20]. A
subset of offline RL algorithms are amenable to finetuning
[14], [21]-[24]. Our work builds on the direction of offline
pretraining followed by online finetuning in robotics. But
beyond this line of work, we focus on finetuning from visual
input in realistic settings with multiple domains and without
ground truth reward functions for the new task.

In this respect, our work is closest to prior work on
self-supervised RL that does not assume an external reward
function and instead learns it from data. One class of self-
supervised RL methods uses goal-conditioned RL with self-
supervised rewards [25]-[35]. While general, this class of
methods is a poor fit for industrial insertion, as high precision
is required in both the policy and in evaluating rewards. In-
stead, we train a domain generalizing reward classifier from
prior data. Prior methods have used learned rewards [36] and
classifier rewards have been proposed as a scalable solution
for robotics tasks previously [37], [38]. However, learned
rewards have not been shown to be useful for finetuning
in novel real-world robotic domains previously. Because we
focus on applying offline RL and finetuning from vision in
the industrial insertion setting, domain generalization of the
reward function is vital for our method to work in practice.

Many aspects of robotic insertion, or peg-in-hole assembly,
has been studied in prior work [39]-[44], often utilizing
geometry and dynamic analysis, force control, tactile sens-
ing, and search, but these methods can be brittle to state
estimation errors. Learning-based methods, including RL,
have also been applied, usually for a single connector from
ground-truth state information [45]-[47]. In these cases, the
RL algorithm must learn to navigate the specific dynamics of
the single connector, but does not generalize across connec-
tors. More recent work has considered using meta-learning
to generalize and improve few-shot between domains [48].
Zhao et al. use offline RL and finetuning combined with
meta-learning to adapt to a new connector [49]. This work
assumes a known position of the socket and consistent
grasping of the connector, and is robust to a small amount
(£1mm) of noise. With known socket position and small
error, the learning algorithm can learn a structured noise
or exploration strategy that can overcome these errors. In
contrast, we initialize connectors within +=20mm of the
socket (20 the variance), which requires the robot to rely on
visual feedback since blind exploration will rarely succeed.

Closest to our work is prior work that also uses pixel input
for robotic insertion. Luo et al. incorporate vision alongside
proprioception, using a VAE to embed pixel input [50].
InsertionNet uses a vision system to localize the object and
socket, operating on a “residual policy” which is learned
from state by supervised learning [51]. InsertionNet 2.0
incorporates contrastive representation learning to improve
performance [52]. These prior works collect data on a single
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connector and then show robust insertion of that connector.
In contrast, our work focuses on what can be done to leverage
prior experience for a novel connector without having access
to localization of the socket for supervision. Our work
also demonstrates robustness to larger variation in initial
connector pose, up to 20mm error, than prior work. For visual
generalization to a test connector from our offline dataset, a
suitable representation learning method is vital.

Many prior methods have explored representation meth-
ods for improving the sample efficiency of RL algorithms,
including reconstructive objectives, bisimulation, contrastive
methods, latent space prediction, forward model prediction,
and other mutual information objectives [53]-[70]. In this
work, the representation learning challenge is to be able
to generalize to new domains from prior domains for RL
finetuning to function. Thus, most closely related to our
work is domain generalization and domain adaptation. Do-
main adaptation methods generalize from source domains
to a target domain, usually by matching the distribution of
features between domains via matching statistics or using
an adversarial loss [1], [71]-[74] and has been applied
successfully in the sim-to-real setting [75], [76]. Success-
fully matching distributions makes features indistinguishable
between domains. However, in many settings including in
our insertion setting, domain-specific information is also
important and full domain invariance is not desired. We
propose a domain generalization method that can trade off
between domain-invariant and domain-specific information.

III. PROBLEM STATEMENT

In RL, we consider a MDP M with states s; €
S, actions a; € A, dynamics p(siy1|st,at), and re-
ward 7;. The RL agent learns a policy m(a¢|s:) to
maximize return R; = Z?:t v*~try, where horizon T
may be infinite, and ~ is the discount factor. Many
algorithms have been developed for this purpose [77]-
[79]. For real-world robot learning, sample efficiency is
vital, and algorithms that estimate the value function
V7(ss) = Ep, (r)[Re|ss] or action-value Q7(sy,a;) =
IEp,r('r) [Rtlstv at] = Ep(5t+1|5t,at) [T(St’ at, TtJrl)"'VTr (StJrl)]
better utilize off-policy data.

In the real world, we often do not want to solve a
single static environment but rather learn a policy that can
generalize to a variety of new scenarios based on prior
experience. To formalize this, we will consider a set of
MDPs M, ~ p(M), indexed by the domain index d, with
shared observation and action spaces but potentially differ-
ent dynamics and reward [80]. We will consider domains
{0,1,...,n4} to be training domains and diy be a test
domain. The problem is to maximize returns in a test domain
Diest using the least amount of test data possible, given
experience from the training domains.

From the training domains, we assume access to a prior
dataset of ng domains drawn from a distribution of do-
mains p(D), with each domain Dy = {7{}/}2, containing
trajectories of transitions 7% = {(s¢, as, ¢, 5¢41)%}. These
trajectories can be of arbitrary quality and used within an

offline RL framework to train offline RL algorithms. The
challenge is then to utilize the offline data effectively in
order to maximize returns through online interaction in a test
domain Dieg. In the real-world, obtaining a reward on a test
domain can be difficult - sometimes as difficult as specifying
the optimal policy - as it requires human intervention or
supervision. For this reason, we do not assume we receive a
reward signal in Dy during online interaction, and reward
information must instead be extracted from the training data,
where the data collection can be carefully controlled.

IV. ROBOT SETUP AND DATASET

We instantiate real-world learning on
the job for a family of industrial in-
sertion tasks, which exhibit real-world
challenges that require learning visual
policies that generalize from multiple
domains. Individual connectors are pic-
tured in Fig 1 and a third-person view
of the robot setup for connector in-
sertion is pictured in Fig 2. We use
two 7 DoF Sawyer robots for col-
lecting data and running experiments.
The connector is grasped by the robot
and the socket is mounted to a clamp.
The robot is commanded with an end-
effector controller in Cartesian coordinates. Desired joint
angles are computed via inverse kinematics, and executed
with a joint-space velocity controller with force limits for
safety and to prevent grasped connectors from dislodging.

We initially collect a dataset of insertions across 50
connectors, consisting of about 70k trajectories total. Each
trajectory is at most 20 steps (terminating early on a success-
ful insertion) and only sparse rewards are provided. During
data collection, the robot is manually placed in a successful
grasp position and a calibration procedure captures the initial
pose, which is used for computing the exact position relative
to the socket and for detecting ground truth success. The
robot follows a predefined policy, moving towards the center-
line of the socket based on the calibrated pose until within
Imm, then moving downwards. Noisy actions are executed
with probability 0.2 to visit a diverse set of states and induce
recovery behavior in the prior data. Sometimes the connector
becomes dislodged from the robot grasp and the expert policy
fails, this data is manually discarded. During this phase, the
policy benefits from the exact position between the connector
and socket; the key challenge is that when finetuning to a
new connector, this information is not available.

We want to utilize this data to allow the robot to insert
a held-out connector not seen during training. In the online
practice phase, a test connector is grasped by the robot and
the socket is mounted on a clamp. However, the connector
position relative to the socket is not made available to the
agent, as calibrating it would require human intervention.
The agent can actively practice on the new task, but it must
be self-supervised: it must estimate its own reward signal
and operate from rich visual input.

Fig. 2: Full view
of the robot setup,
including a Rethink
Sawyer robot, an Intel
Realsense D435 cam-
era, and a mount for
various connectors.
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V. LEARNING ON THE JOB WITH RL FINETUNING

Our method combines offline pretraining and online fine-
tuning to rapidly adapt to new connectors. We will first
provide an overview of the RL system, and then describe
the representation learning method that we use to enable
generalization for both the reward model and policy.

A. System Overview

We aim to “learn on the job” to finetune to Dy utilizing
data from related training domains {D;,Ds,...,D,,}. We
can interact in Dy but without rewards, so we need to
extract artifacts from the training data such that we can
coherently practice and master the task in the test domain.

Our solution is illustrated in Fig. 1 and can be considered
in four phases. (1) We collect an offline dataset on a
diverse set of connectors using the procedure described in
Section IV. (2) In the offline training phase, we run offline
RL to train a policy, value function, and reward model R (s)
on the offline dataset. These models all take images as input,
and the training details are discussed in Section V-B. We
discuss techniques to improve generalization to new domains
in Section V-D. (3) In the online phase, with minimal
human supervision, we start with the pre-trained policy and
value function, and finetune the policy and value function
with online data. Since we don’t have rewards in the test
domain, we use Ry(s) to obtain reward predictions. (4) In
the evaluation phase, we measure the ability of the finetuned
policy to succeed at the task. Success rates are measured
manually, as we do not assume ground truth rewards in the
test environment.

B. Offline Training Phase

In the offline training phase, we wish to recover artifacts
that can be used to maximize performance on the test
domain. One option is offline RL, but offline policies may
not consistently generalize to a test domain. Since we can
interact actively with the test domain, the alternative is to
treat the offline phase as preparation for online finetuning.

A subset of offline RL algorithms are amenable to online
finetuning. In this work, we use IQL [24], which learns value
functions by quantile regression, optimizing:

Lo = E(aw)n [(r(s) +7V(s) = Q(s,a))*] (1)
Ly = Eqa~p [L5(Q(s,a) = V(s))?], )

where L3 (u) = |7 — L(u < 0)[u?, and - indicates a stop
gradient. The policy is extracted from the value function with
advantage-weighted regression [81]:

Lr = Egan~p [logm(als)exp(A(s,a)/B)], (3)

where A(s,a) = Q(s,a) — V(s) and § is a temperature
parameter. Each function, w, @), and V is parametrized as
a CNN that take images as state input, using independent
ResNet-18 backbones [82].

The trained policy could in theory be applied to any test
connector. However, when faced with a new connector, the
offline-trained policy may not generalize well in zero shot.

In that case, we want to be able to actively finetune the
policy to solve the task through additional trials with the
new connector. To do so, we will also require a reward
function computed from raw image observations, as the robot
does not have access to the socket position (and therefore
rewards) in the test domain. In the insertion dataset, the
offline data contains binary rewards, so we train a reward
classifier Ry (s) with binary cross entropy: Lyew(R;s,7) =
—rlog(Ry(s)) — (1 — ) log(1 — Ry(s))

C. Self-Supervised Online Finetuning Phase

Next, in the online finetuning phase, we collect trajectories
using the pretrained policy with additional exploration noise.
In this phase, we do not assume a ground truth reward, as this
requires accurate state estimation and localization. Instead,
we evaluate the reward from the reward model. For a transi-
tion (s, a,s’), we compute the predicted reward 7 = Ry (s’)
and append (s,a,s’,7) to the replay buffer. We then run
the batch gradient descent updates of the policy, Q function,
and value function according to equations 1, 2, and 3. To
balance the online and offline training data, we separate the
data into unique replay buffers and in each mini-batch we
sample 25% online data, with no data augmentations, and
75% offline data with data augmentations.

D. Domain Adversarial Information Bottleneck

This system for offline RL and online finetuning can in
theory finetune to novel domains, but the degree to which it
succeeds depends heavily on the generalization of the offline
policy, value functions, and rewards to the test domain. As
we show in our ablation experiments, this base system often
fails to solve test tasks within a practical time frame on the
robot. Therefore, we need a method that generalizes more
effectively. In this section, we will describe how to use the
domain adversarial information bottleneck to learn an inter-
mediate representation z = gy (s) to improve generalization
of the reward model, then explain how we incorporate this
bottleneck into RL in the following section. We will overload
notation in this section, referring to Ry (ge(s)) as Ry (2).

The representation should allow us to generalize to an
unseen domain by capturing the common structure from
previously seen domains. So what common structure does
our insertion domain have? Coarsely, these tasks are peg
insertion variants. At a finer level, the structural similarity
of the reward function and expert policy to solve these tasks
is clustered into groups of connectors — for instance, NEMA
connectors or Deutsch DT series as shown in Figure 1.
Within each group, the visual features for aligning the
connector with the socket and the insertion depth is shared.

The most commonly proposed approach for generalizing
to new domains is domain invariance [1]. In our setting,
a fully domain invariant representation could not take ad-
vantage of domain-specific information about the similarity
between certain connectors: at which depth the reward is
obtained, connector-specific visual cues that the policy or
reward classifier can take advantage of, and so on. Instead,
consider a split z = (21, zg) consisting of a domain invariant
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representation z; and a domain specific representation zg.
Can we design an objective to factorize the two representa-
tions, such that it improves generalization to new domains?

For enforcing domain invariance of z;, we take inspira-
tion from domain adversarial neural networks (DANN) [1],
which backpropagates the signal from a domain classifier
into the representation. The domain classifier Fy is trained
to minimize negative log likelihood: Lgomain(F;s,d) =
—log Fy(zr)4. For training the reward model, L,q4, =
—Laomain (F; 8, d) is added as an auxiliary objective, adver-
sarially optimizing z; to worsen the domain classifier.

The auxiliary loss imposes a cost for any domain specific
information in zj7, but as discussed earlier, allowing for
some domain-specific information may be important for the
classifier to perform well. However, if we simply concatenate
a representation zg without a domain invariance loss, zg
carries all the information and the features z; degenerate to
be completely uninformative when trained. As we show in
our experiments, this leads to reduced performance, similar
to ERM in theory and in practice since z; is not used. We
need to somehow limit the information carried by zg, such
that the model maximizes the domain-invariant processing
captured by z;. A natural tool to accomplish this is the
variational information bottleneck (VIB) [2]. To learn a split
representation, we constrain the information through zg:

L= Liew(2) + Laaw st I(s;25) < C. 4)

Following Alemi et al. [2], we can turn this into an
unconstrained problem and compute the evidence lower
bound with encoder ¢y (2s]s) = N (g (s),03(s)):

Lr = Ecnp(e) Lrew(2) + Ladv + ALK L(gg(2s]s)llp(2s))] (5)

Lpas(z)

The prior p(zg) is taken to be an isotropic Gaussian.
We use A = 0.01 and optimize this objective to learn a
reward classifier and representation with Adam [83]. The
architecture and losses are pictured in Fig. 1 in the offline
training section. Further details are provided on the website.

E. Reinforcement Learning with DAIB

Besides the reward generalizing to a new domain, we also
need the policy to generalize at least partially to a new
domain to obtain meaningful exploration data to improve
from with finetuning. We incorporate a domain adversarial
information bottleneck into the policy to enable domain
generalization. Let 2™ = gg(s) represent the output of the
CNN backbone of the policy. We optimize the following
policy loss: L. 4+ Lpams(z™). We find that using DAIB for
the policy bottleneck enables consistent performance across
connectors, as explained further in Section VI-A.

In the online finetuning phase, when we sample an action
from the policy during a rollout and recompute the reward
from the reward model, we use a deterministic encoding in
the information bottleneck, where the mean of the output
distribution is taken as the sampled value. We freeze the
convolutional layers during the online finetuning phase. We
refer to the overall system as “learning on the job” (LOTJ).

VI. EXPERIMENTS

In our experiments, we first evaluate the effectiveness
of the proposed system at inserting novel connectors, and
compare it with a variety of baselines. Then, we ablate the
method and DAIB in particular to isolate the contribution
of the representation learning component. Visualizations of
saliency maps [85] of trained networks to better understand
what features the networks are paying attention to are avail-
able on the project website.

A. Finetuning Comparisons

For insertion of a novel connector, we first run offline
training to obtain a policy, Q function, and value function.
Then, we run online finetuning of RL on the novel connector.
We evaluate four connector insertion tasks: Deutsch DT 12-
way, Megablock, NEMA 15-5, and Europlug. In practice,
we would simply train offline once and apply it to any new
connector, but for statistically rigorous results on several test
connectors, we train offline on a set of connectors excluding
that connector or close variants (e.g., same connector on
a different robot), similar to hold-one-out cross-validation.
We evaluate in two settings: an easier scenario where the
initial location of the connector is centered around the socket
with £10mm noise, and a harder scenario where the initial
location of the connector is offset by 10 — 20mm.

In the easier =10mm setting, we compare against four
hand-engineered baselines and two RL baselines. Localize:
represents a method with learned perception and hand-
designed control, where we train a model (on the same offline
data) to predict the socket position. The controller regresses
onto the state positions in the same offline data at each step
and executes a hand-engineered policy to reach that goal
location. Straight down: moves straight down from the start-
ing position. Random search: executes a stochastic search
policy as described in [44], moving straight down from the
initial starting position and then move to 5 randomly sampled
positions while pressing down. Spiral search: moves in a
spiral while pressing downward, as described in [44]. SAC:
uses soft actor critic from vision [79] as the underlying RL
algorithm, similar to [46], and does not use DAIB. State-
IQL: trains IQL from state instead of images during offline
training, then uses the localization model for state estima-
tion during online training. Each method including ours is
executed for 20 time steps per trajectory for evaluation. For
the RL methods, we report offline performance after offline
training and then online performance after finetuning. The
policies were finetuned for 200 trials, or about 50 minutes.

The results are reported in Table I. We see that the per-
formance of most methods is inconsistent, but LOTJ online
successfully solves the task to > 75% success for all four
new connectors. In the harder 10-20mm setting, we compare
against similar baselines. However, we found that the simpler
straight down, random search, and spiral search methods
always fail from the initial position, as it is too far from
the socket. Instead, we first execute the localization model
and move to that goal position, then run the corresponding
strategy. The results for the harder insertion scenario are
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. Straight Random Spiral SAC State-IQL LOTJ, full
Connector Localize
Down Search Search (offline) (online) (offline) (online) (offline) (online)
DTI12-1 3/20 1720 7/20 4/20 0/20 0/20 5/20 5/20 7120 19/20
Mega 1x1 3/20 1720 1720 15/20 0/20 0/20 0/20 2/20 5/20 16/20
NEMA 15 0/20 1720 0/20 3/20 0/20 0/20 4/20 1/20 11/20 15/20
Europlug 6/20 4/20 6/20 4/20 0/20 0/20 6/20 4/20 10/20 15/20

TABLE I: Insertion scenario I: the initial position of the gripper is randomly offset by £10mm from above the socket. The best performing method in
each row is bolded. (Statistical significance is computed according to Barnard’s exact test [84] for independent binomials at 95% confidence level.) Only
our method online after fine-tuning solves all four test tasks the majority of the time.

. Straight Random Spiral SAC State-IQL LOTJ, full
Connector Localize
Down Search Search (offline) (online) (offline) (online) (offline) (online)
DTI12-1 0/20 0/20 0/20 0/20 0/20 0/20 0/20 3/20 5/20 18/20
Mega 1x1 0/20 1720 0/20 17/20 0/20 0/20 0/20 11/20 0/20 20/20
NEMA 15 0/20 0/20 0/20 0/20 0/20 0/20 3/20 1/20 6/20 17/20
Europlug 0/20 0/20 0/20 0/20 0/20 0/20 0/20 5/20 2/20 15/20

TABLE II: Insertion scenario II: the initial position of the gripper is sampled from a box 10-20mm from the socket. This scenario is more difficult as
moving straight down almost never solves the task. The baselines in this series of experiments use the localization model initially, then follow the baseline
strategy. Our method significantly improves from offline performance on all connectors.

LOT]J, no DAIB | LOTJ, DAIB reward | LOT]J, full

DTI12-1 0/20 — 5/20 4/20 — 0/20 0/20 — 18/20
Mega 1x1 | 3/20 — 0/20 3/20 — 20/20 0/20 — 20/20
NEMA 15| 0/20 — 0/20 0/20 — 2/20 6/20 — 17/20
Europlug | 0/20 — 15/20 1/20 — 12/20 2/20 — 15/20

TABLE III: Ablation of using the domain adversarial information bot-
tleneck (DAIB) for the reward and for the policy across all four test
connectors. The only consistent setting where finetuning occurs across all
four connectors is using the DAIB for both reward and policy. Removing
the bottleneck for the policy significantly reduces finetuning performance
on two tasks, but still finetunes on the other two. Removing the bottleneck
for the reward prevents finetuning except for the Europlug connector.

reported in Table II. In this case, the performance of most
methods, including LOTJ offline, on most connectors, is
poor. However, LOTJ is able to solve these tasks after 200
trials of online finetuning. Importantly, even when the initial
performance is 0/20, as in the DT 12-way connector where
the initial policy is poor and does not get close to the socket,
the finetuned process quickly improves the policy and makes
contact with the socket within a few trials. Further trials are
required for finetuning to actually observe successes through
stochastic exploration to perfect the policy.

B. Domain Adversarial Information Bottleneck Ablations

Reward classification. To learn a generalizable reward
function and to evaluate the proposed domain generalization
method, we first need to learn a reward classifier from the
offline data. The accuracy of this reward classifier has a
significant impact on whether online finetuning with the
learned reward successfully solves a task; if the reward is
inaccurate, the policy can adversarially learn to visit regions
of incorrect high reward. We train the reward classifier on a
subset of 25 connectors and evaluate on a set of five held-
out connectors. During training and evaluation, the data is
rebalanced to be 50% positive and 50% negative samples
per connector. In Table IV, we report the mean accuracy of
each method averaged across the five held-out connectors.

We compare the following methods. Our method, DAIB,

uses a domain adversarial objective in combination with a
variational information bottleneck as detailed in section V-
D. DANN enforces domain invariance using a domain ad-
versarial neural network [1]. DAIB, A = 0 concatenates zg
to the representation as in DAIB, but without enforcing an
information bottleneck. VIB enforces a variational informa-
tion bottleneck only without domain invariance [2]. ERM
has no auxiliary representation learning objectives.

The results are presented in Ta-

ble IV. We see that our method, Method Acc.
DAIB, achieves 88% accuracy, sig-  DAIB (Ours) | 88%
nificantly higher than other meth-  paANN 1%
ods. DANN, which enforces domain

invariance, is the worst performing. DAIB, A =077%
This poor performance shows that  VIB 79%
Fhe domain invariance assumpt%on ERM 76%
is too strong and connector-specific

TABLE IV: Comparison
of test accuracy on reward
classification.

information is likely necessary to
identify successful insertions. The
DAIB, A = 0 method achieves
similar accuracy as ERM, as the network can make the
domain invariant features degenerate and bypass the domain
adversarial objective. The reglarizing effect of VIB alone
slightly improves performance over ERM. But all methods
achieve significantly worse accuracy than DAIB. Next, armed
with an accurate reward model, we investigate finetuning
connectors using the learned reward model.

RL ablation. Next, we ablate using LOTJ for the reward
and policy. The results are presented in Table III on the
harder insertion scenario (10-20mm). The results vary some-
what connector to connector, but using DAIB for both the
reward and policy consistently finetunes successfully while
removing the bottleneck sometimes fails to finetune.
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