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Abstract
We present Premier-TACO, a multitask feature
representation learning approach designed to im-
prove few-shot policy learning efficiency in se-
quential decision-making tasks. Premier-TACO
leverages a subset of multitask offline datasets
for pretraining a general feature representation,
which captures critical environmental dynamics
and is fine-tuned using minimal expert demon-
strations. It advances the temporal action con-
trastive learning (TACO) objective, known for
state-of-the-art results in visual control tasks, by
incorporating a novel negative example sampling
strategy. This strategy is crucial in significantly
boosting TACO’s computational efficiency, mak-
ing large-scale multitask offline pretraining fea-
sible. Our extensive empirical evaluation in a
diverse set of continuous control benchmarks in-
cluding Deepmind Control Suite, MetaWorld, and
LIBERO demonstrate Premier-TACO’s effective-
ness in pretraining visual representations, signif-
icantly enhancing few-shot imitation learning of
novel tasks. Our code, pretraining data, as well as
pretrained model checkpoints will be released at
https://github.com/PremierTACO/premier-taco.

1. Introduction
In the dynamic and ever-changing world we inhabit, the
importance of sequential decision-making (SDM) in ma-
chine learning cannot be overstated. Unlike static tasks,
sequential decisions reflect the fluidity of real-world sce-
narios, from robotic manipulations to evolving healthcare
treatments. Just as foundation models in language, such as
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Figure 1: Performance of Premier-TACO pretrained visual repre-
sentation for few-shot imitation learning on downstream unseen
tasks from Deepmind Control Suite, MetaWorld, and LIBERO.
LfS here represents learning from scratch.

BERT (Devlin et al., 2019) and GPT (Radford et al., 2019;
Brown et al., 2020), have revolutionized natural language
processing by leveraging vast amounts of textual data to un-
derstand linguistic nuances, pretrained foundation models
hold similar promise for sequential decision-making (SDM).
In language, these models capture the essence of syntax,
semantics, and context, serving as a robust starting point
for a myriad of downstream tasks. Analogously, in SDM,
where decisions are influenced by a complex interplay of
past actions, current states, and future possibilities, a pre-
trained foundation model can provide a rich, generalized
understanding of decision sequences. This foundational
knowledge, built upon diverse decision-making scenarios,
can then be fine-tuned to specific tasks, much like how lan-
guage models are adapted to specific linguistic tasks.

The following challenges are unique to sequential decision-
making, setting it apart from existing vision and language
pretraining paradigms. (C1) Data Distribution Shift:
Training data usually consists of specific behavior-policy-
generated trajectories. This leads to vastly different data
distributions at various stages—pretraining, finetuning, and
deployment—resulting in compromised performance (Lee
et al., 2021). (C2) Task Heterogeneity: Unlike language
and vision tasks, which often share semantic features,
decision-making tasks vary widely in configurations,
transition dynamics, and state and action spaces. This
makes it difficult to develop a universally applicable
representation. (C3) Data Quality and Supervision:
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Effective representation learning often relies on high-quality
data and expert guidance. However, these resources are
either absent or too costly to obtain in many real-world
decision-making tasks (Brohan et al., 2023; Stooke et al.,
2021b). Our aspirational criteria for foundation model for
sequential decision-making encompass several key features:
(W1) Versatility that allows the model to generalize across
a wide array of tasks, even those not previously encountered,
such as new embodiments viewed or observations from
novel camera angles; (W2) Efficiency in adapting to
downstream tasks, requiring minimal data through few-shot
learning techniques; (W3) Robustness to pretraining data
of fluctuating quality, ensuring a resilient foundation; and
(W4) Compatibility with existing large pretrained models
such as Nair et al. (2022).

In light of these challenges and desirables in building foun-
dation models for SDM, our approach to develop founda-
tional models for sequential decision-making focuses on
creating a universal and transferable encoder using a reward-
free, dynamics based, temporal contrastive pretraining ob-
jective. This encoder would be tailored to manage tasks
with complex observation spaces, such as visual inputs. By
excluding reward signals during the pretraining stage, the
model will be better poised to generalize across a broad
array of downstream tasks that may have divergent objec-
tives. Leveraging a world-model approach ensures that the
encoder learns a compact representation that can capture
universal transition dynamics, akin to the laws of physics,
thereby making it adaptable for multiple scenarios. This
encoder enables the transfer of knowledge to downstream
control tasks, even when such tasks were not part of the
original pretraining data set.

Existing works apply self-supervised pre-training from
rich vision data such as ImageNet (Deng et al., 2009) or
Ego4D datasets (Grauman et al., 2022) to build foundation
models (Nair et al., 2022; Majumdar et al., 2023; Ma et al.,
2023). However, applying these approaches to sequential
decision-making tasks is challenging. Specifically, they
often overlook control-relevant considerations and suffer
from a domain gap between pre-training datasets and down-
stream control tasks. In this paper, rather than focusing on
leveraging large vision datasets, we propose a novel control-
centric objective function for pretraining. Our approach,
called Premier-TACO (pretraining multitask representation
via temporal action-driven contrastive loss), employs a tem-
poral action-driven contrastive loss function for pretraining.
This control-centric objective learns a state representation
by optimizing the mutual information between represen-
tations of current states paired with action sequences and
representations of the corresponding future states.

Premier-TACO markedly enhances the effectiveness and ef-
ficiency of the temporal action contrastive learning (TACO)

objective, as detailed in Zheng et al. (2023a), which deliv-
ers state-of-the-art outcomes in visual control tasks within
a single-task setting. It extends these capabilities to effi-
cient, large-scale multitask offline pretraining, broadening
its applicability and performance. Specifically, while TACO
considers every data point in a batch as a potential negative
example, Premier-TACO strategically samples a single neg-
ative example from a proximate window of the subsequent
state. This method ensures the negative example is visually
akin to the positive one, necessitating that the latent repre-
sentation captures control-relevant information, rather than
relying on extraneous features like visual appearance. This
efficient negative example sampling strategy adds no compu-
tational burden and is compatible with smaller batch sizes.
In particular, on MetaWorld, using a batch size of 1

8 for
TACO, Premier-TACO achieves a 25% relative performance
improvement. Premier-TACO can be seamlessly scaled for
multitask offline pretraining, enhancing its usability and
effectiveness.

Below we list our key contributions:

B (1) We introduce Premier-TACO, a new framework
designed for the multi-task offline visual representa-
tion pretraining of sequential decision-making problems.
In particular, we develop a new temporal contrastive
learning objective within the Premier-TACO framework.
Compared with other temporal contrastive learning ob-
jectives such as TACO, Premier-TACO employs a simple
yet efficient negative example sampling strategy, making
it computationally feasible for multi-task representation
learning.

B (2) [(W1) Versatility (W2) Efficiency] Through exten-
sive empirical evaluation, we verify the effectiveness of
Premier-TACO’s pretrained visual representations for
few-shot learning on unseen tasks. On MetaWorld (Yu
et al., 2019) and LIBERO (Liu et al., 2023), with 5 ex-
pert trajectories, Premier-TACO outperforms the best
baseline pretraining method by 37% and 17% respec-
tively. Remarkably, in LIBERO, we are the first method
to demonstrate benefits from pretraining. On Deepmind
Control Suite (DMC) (Tassa et al., 2018), using only 20
trajectories, which is considerably fewer demonstrations
than (Sun et al., 2023; Majumdar et al., 2023), Premier-
TACO achieves the best performance across 10 challeng-
ing tasks, including the hard Dog and Humanoid tasks.
This versatility extends even to unseen embodiments in
DMC as well as unseen tasks with unseen camera views
in MetaWorld.

B (3) [(W3) Robustness (W4) Compatability] Further-
more, we demonstrate that Premier-TACO is not only re-
silient to data of lower quality but also compatible with
exisiting large pretrained models. In DMC, Premier-
TACO works well with the pretraining dataset collected
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randomly. Additionally, we showcase the capability of
the temporal contrastive learning objective of Premier-
TACO to �netune a generalized visual encoder such as
R3M (Nair et al., 2022), resulting in an averaged perfor-
mance enhancement of around 50% across the assessed
tasks on Deepmind Control Suite and MetaWorld.

2. Preliminary

2.1. Multitask Of�ine Pretraining

We consider a collection of tasks
�

Ti :

(X ; A i ; Pi ; R i ; 
 )
	 N

i =1 with the same dimensionality in ob-
servation spaceX . Let � : X ! Z be a representation func-
tion of the agent's observation, which is either randomly ini-
tialized or pre-trained already on a large-scale vision dataset
such as ImageNet (Deng et al., 2009) or Ego4D (Grauman
et al., 2022). Assuming that the agent is given a multitask
of�ine dataset f (x i ; ai ; x0

i ; r i )g of a subset ofK tasks
fT n j gK

j =1 . The objective is to pretrain a generalizable state
representation� or a motor policy� so that when facing
an unseen downstream task, it could quickly adapt with few
expert demonstrations, using the pretrained representation.
Below we summarize the pretraining and �netuning setups.
Pretraining: The agent get access to a multitask of�ine
dataset, which could be highly suboptimal. The goal is to
learn a generalizable shared state representation from pixel
inputs.
Adaptation: Adapt to unseen downstream task from few
expert demonstration with imitation learning.

2.2. TACO: Temporal Action Driven Contrastive
Learning Objective

Temporal Action-driven Contrastive Learning
(TACO) (Zheng et al., 2023a) is a reinforcement learning al-
gorithm proposed for addressing the representation learning
problem in visual continuous control. It aims to maximize
the mutual information between representations of current
states paired with action sequences and representations of
the corresponding future states:

JTACO = I (Z t + K ; [Z t ; Ut ; :::; Ut + K � 1]) (1)

Here,Z t = � (X t ) andUt =  (A t ) represent latent state
and action variables. Theoretically, it could be shown
that maximization of this mutual information objective
lead to state and action representations that are capable
of representing the optimal value functions. Empirically,
TACO estimate the lower bound of the mutual information
objective by the InfoNCE loss, and it achieves the state
of art performance for both online and of�ine visual
continuous control, demonstrating the effectiveness of
temporal contrastive learning for representation learning
in sequential decision making problems.

3. Method

We introduce Premier-TACO, a generalized pre-training
approach speci�cally formulated to tackle themulti-task
pre-trainingproblem, enhancing sample ef�ciency and gen-
eralization ability for downstream tasks. Building upon
the success of temporal contrastive loss, exempli�ed by
TACO (Zheng et al., 2023a), in acquiring latent state rep-
resentations that encapsulate individual task dynamics, our
aim is to foster representation learning that effectively cap-
tures the intrinsic dynamics spanning a diverse set of tasks
found in of�ine datasets. Our overarching objective is to en-
sure that these learned representations exhibit the versatility
to generalize across unseen tasks that share the underlying
dynamic structures.

Nevertheless, when adapted for multitask of�ine pre-
training, the online learning objective of TACO (Zheng et al.,
2023a) poses a notable challenge. Speci�cally, TACO's
mechanism, which utilizes the InfoNCE (van den Oord
et al., 2019) loss, categorizes all subsequent statesst + k in
the batch as negative examples. While this methodology
has proven effective in single-task reinforcement learning
scenarios, it encounters dif�culties when extended to a mul-
titask context. During multitask of�ine pretraining, image
observations within a batch can come from different tasks
with vastly different visual appearances, rendering the con-
trastive InfoNCE loss signi�cantly less effective.

Of�ine Pretraining Objective. We propose a straightfor-
ward yet highly effective mechanism for selecting challeng-
ing negative examples. Instead of treating all the remaining
examples in the batch as negatives, Premier-TACO selects
the negative example from a window centered at statest + k

within the same episode as shown in Figure 2.

Figure 2: Difference between Premier-TACO and TACO for sam-
pling negative examples.

This approach is both computationally ef�cient and more
statistically powerful due to negative examples which are
challenging to distinguish from similar positive examples
forcing the model capture temporal dynamics differentiating
between positive and negative examples. In practice, this
allows us to use much smaller batch sizes for Premier-TACO.
On MetaWorld, with only1

8 of the batch size (512 vs. 4096),
Premier-TACO achieves a 25% performance gain compared
to TACO, saving around 87.5% of computational time.

In Figure 3, we illustrate the design of Premier-TACO
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Figure 3: An illustration of Premier-TACO contrastive loss design. The two `State Encoder's are identical, as are the two `Proj. Layer
H 's. One negative example is sampled from the neighbors of frameworkst + K . In contrast to model-based learning, which explicitly
models the transition dynamics (Janner et al., 2019; Zheng et al., 2023b; Hansen et al., 2022a; Hafner et al., 2023; Wang et al., 2024),
Premier-TACO implicitly captures the environment dynamics information inside the learned latent representation.

objective. Speci�cally, given a batch of state and action
sequence transitionsf (s( i )

t ; [a( i )
t ; :::; a( i )

t + K � 1]; s( i )
t + K )gN

i =1 ,

let z( i )
t = � (s( i )

t ), u( i )
t =  (a( i )

t ) be latent state
and latent action embeddings respectively. Further-

more, let
]
s( i )

t + K be a negative example uniformly sam-
pled from the window of sizeW centered atst + K :

(st + K � W ; :::; st + K � 1; st + K +1 ; :::; st + K + W ) with
g
z( i )

t =

� (
f
s( i )

t ) a negative latent state.

Given these, de�neg( i )
t = G� (z( i )

t ; u( i )
t ; :::; u( i )

t + K � 1),
g
h( i )

t = H � (
]
z( i )

t + K ), andh( i )
t = H � (z( i )

t + K ) as embeddings
of future predicted and actual latent states. We optimize:

J Premier-TACO(�;  ; G � ; H � ) = � 1
N

P N
i =1 log

g( i )
t

>
h ( i )

t + K

g( i )
t

>
h ( i )

t + K +
g
g( i )

t

>
h ( i )

t + K

Few-shot Generalization.After pretraining the representa-
tion encoder, we leverage our pretrained model� to learn
policies for downstream tasks. To learn the policy� with
the state representation�( st ) as inputs, we use behavior
cloning (BC) with a few expert demonstrations. For differ-
ent control domains, we employ signi�cantly fewer demon-
strations for unseen tasks than what is typically used in
other baselines. This underscores the substantial advantages
of Premier-TACO in few-shot generalization. More details
about the experiments on downstream tasks will be provided
in Section 4.

4. Experiment
In our empirical evaluations, we consider three benchmarks,
Deepmind Control Suite (Tassa et al., 2018) for locomotion
control, MetaWorld (Yu et al., 2019) and LIBERO (Liu et al.,
2023) for robotic manipulation tasks. It is important to note
the varied sources of data employed for pretraining in these
benchmarks. For the Deepmind Control Suite, our pretrain-
ing dataset comes from the replay buffers of online reinforce-
ment learning (RL) agents. In MetaWorld, the dataset is
generated through a pre-de�ned scripted policy. In LIBERO,
we utilize its provided demonstration dataset, which was

collected through human teleoperation. By evaluating on a
wide range of pretraining data types that have been explored
in previous works, we aim to provide a comprehensive eval-
uation for the pretraining effects of Premier-TACO.

Deepmind Control Suite (DMC): We consider a selection
of 16 challenging tasks from Deepmind Control Suite. Note
that compared with prior works such as (Majumdar et al.,
2023; Sun et al., 2023), we consider much harder tasks,
including ones from the humanoid and dog domains, which
feature intricate kinematics, skinning weights and collision
geometry. For pretraining, we select six tasks (DMC-6), in-
cluding Acrobot Swingup, Finger Turn Hard, Hopper Stand,
Walker Run, Humanoid Walk, and Dog Stand. We generate
an exploratory dataset for each task by sampling trajectories
generated in exploratory stages of a DrQ-v2 (Yarats et al.,
2022) learning agent. In particular, we sample 1000 trajecto-
ries from the online replay buffer of DrQ-v2 once it reaches
the convergence performance. This ensures the diversity
of the pretraining data, but in practice, such a high-quality
dataset could be hard to obtain. So, later in the experiments,
we will also relax this assumption and consider pretrained
trajectories that are sampled from uniformly random ac-
tions. In terms of the encoder architecture, we pretrain
Premier-TACO with the same shallow ConvNet encoder as
in DrQv2 (Yarats et al., 2022).

MetaWorld : We select a set of 10 tasks for pretraining,
which encompasses a variety of motion patterns of the
Sawyer robotic arm and interaction with different objects.
To collect an exploratory dataset for pretraining, we exe-
cute the scripted policy with Gaussian noise of a standard
deviation of 0.3 added to the action. After adding such a
noise, the success rate of collected policies on average is
only around 20% across ten pretrained tasks. We use the
same encoder network architecture as DMC.

LIBERO : We pretrain on 90 short-horizon manipulation
tasks (LIBERO-90) with human demonstration dataset pro-
vided by the original paper. For each task, it contains 50
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Figure 4: Pretrain and Test Tasks split for Deepmind Control Suite, MetaWorld and Libero. The left �gures are Deepmind Control Suite
tasks and the right �gures MetaWorld tasks.

DMControl Models

Tasks LfS SMART Best PVRs TD3+BC Inverse CURL ATC SPR TACO Premier-TACO

Seen

Embodiments

Finger Spin 34:8� 3:4 44:2 � 8:2 38:4 � 9:3 68:8 � 7:1 33:4� 8:4 35:1� 9:6 51:1� 9:4 55:9� 6:2 28:4� 9:7 75:2 � 0:6

Hopper Hop 8:0 � 1:3 14:2 � 3:9 23:2 � 4:9 49:1 � 4:3 48:3� 5:2 28:7� 5:2 34:9� 3:9 52:3� 7:8 21:4� 3:4 75:3 � 4:6

Walker Walk 30:4� 2:9 54:1 � 5:2 32:6 � 8:7 65:8 � 2:0 64:4� 5:6 37:3� 7:9 44:6� 5:0 72:9� 1:5 30:6� 6:1 88:0 � 0:8

Humanoid Walk 15:1� 1:3 18:4 � 3:9 30:1 � 7:5 34:9 � 8:5 41:9� 8:4 19:4� 2:8 35:1� 3:1 30:1� 6:2 29:1� 8:1 51:4 � 4:9

Dog Trot 52:7� 3:5 59:7 � 5:2 73:5 � 6:4 82:3 � 4:4 85:3� 2:1 71:9� 2:2 84:3� 0:5 79:9� 3:8 80:1� 4:1 93:9 � 5:4

Unseen

Embodiments

Cup Catch 56:8� 5:6 66:8 � 6:2 93:7 � 1:8 97:1 � 1:7 96:7� 2:6 96:7� 2:6 96:2� 1:4 96:9� 3:1 88:7� 3:2 98:9 � 0:1

Reacher Hard 34:6� 4:1 52:1 � 3:8 64:9 � 5:8 59:6 � 9:9 61:7� 4:6 50:4� 4:6 56:9� 9:8 62:5� 7:8 58:3� 6:4 81:3 � 1:8

Cheetah Run 25:1� 2:9 41:1 � 7:2 39:5 � 9:7 50:9 � 2:6 51:5� 5:5 36:8� 5:4 30:1� 1:0 40:2� 9:6 23:2� 3:3 65:7 � 1:1

Quadruped Walk61:1� 5:7 45:4 � 4:3 63:2 � 4:0 76:6 � 7:4 82:4� 6:7 72:8� 8:9 81:9� 5:6 65:6� 4:0 63:9� 9:3 83:2 � 5:7

Quadruped Run45:0� 2:9 27:9 � 5:3 64:0 � 2:4 48:2 � 5:2 52:1� 1:8 55:1� 5:4 2:6 � 3:6 68:2� 3:2 50:8� 5:7 76:8 � 7:5

Mean Performance 38:2 42:9 52:3 63:3 61:7 50:4 52:7 62:4 47:5 79:0

Table 1: [(W1) Versatility (W2) Ef�ciency] Few-shot Behavior Cloning (BC) for unseen task of DMC. Performance (Agent Reward /
Expert Reward) of baselines and Premier-TACO on 10 unseen tasks on Deepmind Control Suite.Bold numbers indicate the best results.
Agent Policies are evaluated every 1000 gradient steps for a total of 100000 gradient steps and we report the average performance over the
3 best epochs over the course of learning. Premier-TACO outperforms all the baselines, showcasing its superior ef�cacy in generalizing to
unseen tasks with seen orunseen embodiments.

MetaWorld Models

Unseen Tasks LfS SMART Best PVRs TD3+BC Inverse CURL ATC SPR TACO Premier-TACO

Bin Picking 62:5 � 12:5 71:3 � 9:6 60:2 � 4:3 50:6 � 3:7 55:0 � 7:9 45:6 � 5:6 55:6 � 7:8 67:9 � 6:4 67:3 � 7:5 78:5 � 7:2

Disassemble 56:3 � 6:5 52:9 � 4:5 70:4 � 8:9 56:9 � 11:5 53:8 � 8:1 66:2 � 8:3 45:6 � 9:8 48:8 � 5:4 51:3 � 10:8 86:7 � 8:9

Hand Insert 34:7 � 7:5 34:1 � 5:2 35:5 � 2:3 46:2 � 5:2 50:0 � 3:5 49:4 � 7:6 51:2 � 1:3 52:4 � 5:2 56:8 � 4:2 75:0 � 7:1

Peg Insert Side 28:7 � 2:0 20:9 � 3:6 48:2 � 3:6 30:0 � 6:1 33:1 � 6:2 28:1 � 3:7 31:8 � 4:8 39:2 � 7:4 36:3 � 4:5 62:7 � 4:7

Pick Out Of Hole 53:7 � 6:7 65:9 � 7:8 66:3 � 7:2 46:9 � 7:4 50:6 � 5:1 43:1 � 6:2 54:4 � 8:5 55:3 � 6:8 52:9 � 7:3 72:7 � 7:3

Pick Place Wall 40:5 � 4:5 62:8 � 5:9 63:2 � 9:8 63:8 � 12:4 71:3 � 11:3 73:8 � 11:9 68:7 � 5:5 72:3 � 7:5 37:8 � 8:5 80:2 � 8:2

Shelf Place 26:3 � 4:1 57:9 � 4:5 32:4 � 6:5 45:0 � 7:7 36:9 � 6:7 35:0 � 10:8 35:6 � 10:7 38:0 � 6:5 25:8 � 5:0 70:4 � 8:1

Stick Pull 46:3 � 7:2 65:8 � 8:2 52:4 � 5:6 72:3 � 11:9 57:5 � 9:5 43:1 � 15:2 72:5 � 8:9 68:5 � 9:4 52:0 � 10:5 80:0 � 8:1

Mean 43:6 53:9 53:6 51:5 51:0 48:3 51:9 55:3 47:5 75:8

Table 2: [(W1) Versatility (W2) Ef�ciency] Five-shot Behavior Cloning (BC) for unseen task of MetaWorld. Success rate of
Premier-TACO and baselines across 8 hard unseen tasks on MetaWorld. Results are aggregated over 4 random seeds.Bold numbers
indicate the best results.

trajectories of human teleoperated trajectories. We use
ResNet18 encoder (He et al., 2016) to encode the image
observations of resolution128� 128. For the downstream
task, we assess the few-shot imitation learning performance

on the �rst 8 long-horizon tasks of LIBERO-LONG.

Baselines.We compare Premier-TACO with the following
representation pretraining baselines:
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B Learn from Scratch: Behavior Cloning with randomly
initialized shallow ConvNet encoder. We carefully im-
plement the behavior cloning from scratch baseline. For
DMC and MetaWorld, following (Hansen et al., 2022b),
we include the random shift data augmentation into behav-
ior cloning. For LIBERO, we take the ResNet-T model
architecture in (Liu et al., 2023), which uses a transformer
decoder module on top of the ResNet encoding to extract
temporal information from a sequence of observations,
addressing the non-Markovian characteristics inherent in
human demonstration.

B Policy Pretraining: We �rst train a multitask policy by
TD3+BC (Fujimoto & Gu, 2021) on the pretraining
dataset. While numerous alternative of�ine RL algorithms
exist, we choose TD3+BC as a representative due to its
simplicity and great empirical performance. For LIBERO,
we use Multitask BC since of�ine RL in generally does
not perform well on the imitation learning benchmark with
human demonstrated dataset. After pretraining, we take
the pretrained ConvNet encoder and drop the policy MLP
layers.

B Pretrained Visual Representations (PVRs): We evaluate
the state-of-the-art frozen pretrained visual representa-
tions including PVR (Parisi et al., 2022), MVP (Xiao et al.,
2022), R3M (Nair et al., 2022) and VC-1 (Majumdar
et al., 2023), and report the best performance of these
PVRs models for each task.

B Control Transformer: SMART (Sun et al., 2023) is a self-
supervised representation pretraining framework which
utilizes a maksed prediction objective for pretraining
representation under Decision Transformer architecture,
and then use the pretrained representation to learn policies
for downstream tasks.

B Inverse Dynamics Model: We pretrain an inverse
dynamics model to predict actions and use the pretrained
representation for downstream task.

B Contrastive/Self-supervised Learning Objectives:
CURL (Laskin et al., 2020), ATC (Stooke et al., 2021a),
SPR (Schwarzer et al., 2021a;b). CURL and ATC are
two approaches that apply contrastive learning into
sequential decision making problems. While CURL treats
augmented states as positive pairs, it neglects the temporal
dependency of MDP. In comparison, ATC takes the tem-
poral structure into consideration. The positive example
of ATC is an augmented view of a temporally nearby
state. SPR applies BYOL objecive (Grill et al., 2020) into
sequential decision making problems by pretraining state
representations that are self-predictive of future states.

Pretrained feature representation by Premier-TACO fa-
cilitates effective few-shot adaptation to unseen tasks.
We measure the performance of pretrained visual represen-
tation for few-shot imitation learning of unseen downstream

tasks in both DMC and MetaWorld. In particular, for DMC,
we use20 expert trajectoriesfor imitation learning except
for the two hardest tasks, Humanoid Walk and Dog Trot, for
which we use 100 trajectories instead. Note that we only use
1
5 of the number of expert trajectories used in (Majumdar
et al., 2023) and1

10 of those used in (Sun et al., 2023).

We record the performance of the agent by calculating the ra-

tio of
Agent Reward
Expert Reward

, where Expert Reward is the episode

reward of the expert policy used to collect demonstration tra-
jectories. For MetaWorld and LIBERO, we use5 expert tra-
jectories for all downstream tasks, and we use task success
rate as the performance metric. In Table 1 Table 2, and Fig-
ure 5 we present the results for Deepmind Control Suite,
MetaWorld, and LIBERO, respectively. As shown here,
pretrained representation of Premier-TACO signi�cantly
improves the few-shot imitation learning performance com-
pared with Learn-from-scratch, with a101% improvement
on Deepmind Control Suite and74% improvement on Meta-
World, respectively. Moreover, it also outperforms all the
baselines across all tasks by a large margin. In LIBERO, con-
sistent with what is observed in (Liu et al., 2023), existing
pretraining methods on large-scale multitask of�ine dataset
fail to enhance downstream policy learning performance. In
particular, methods like multitask pretraining actually de-
grade downstream policy learning performance. In contrast,
using ResNet-18 encoders pretrained by Premier-TACO sig-
ni�cantly boosts few-shot imitation learning performance
by a substantial margin.

Premier-TACO pre-trained representation enables
knowledge sharing across different embodiments.
Ideally, a resilient and generalizable state feature represen-
tation ought not only to encapsulate universally applicable
features for a given embodiment across a variety of tasks,
but also to exhibit the capability to generalize across distinct
embodiments. Here, we evaluate the few-shot behavior
cloning performance of Premier-TACO pre-trained encoder
from DMC-6 on four tasks featuring unseen embodiments:
Cup Catch, Cheetah Run, and Quadruped Walk. In
comparison to Learn-from-scratch, as shown in Figure 8
(left), Premier-TACO pre-trained representation realizes
an 82% performance gain, demonstrating the robust
generalizability of our pre-trained feature representations.

Premier-TACO Pretrained Representation is also gen-
eralizable to unseen tasks with camera views.Beyond
generalizing to unseen embodiments, an ideal robust vi-
sual representation should possess the capacity to adapt to
unfamiliar tasks under novel camera views. In Figure 8
(right), we evaluate the �ve-shot learning performance of
our model on four previously unseen tasks in MetaWorld
with a new view. In particular, during pretraining, the data
from MetaWorld are generated using the same view as em-
ployed in (Hansen et al., 2022c; Seo et al., 2022). Then for
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