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In our dynamic and ever-evolving world, embodied agents for sequential decision-making

(SDM) lie at the heart of intelligent behavior in machine learning systems. Just as foundation

models in vision and language have revolutionized natural language processing and computer vision

through large-scale pretraining, foundation models for SDM hold similar potential by capturing

the structure and semantics of decision trajectories. This thesis addresses this challenge from the

perspective of representation learning, specifically, how to learn compact yet expressive state and

action abstractions that are well suited for downstream policy learning in embodied agents. To this

end, it explores both state and action representations and further introduces a surprisingly simple

yet effective approach that leverages explicit visual prompting to harness the grounding capabilities

of modern vision-language-action (VLA) foundation models, bridging the gap between perception

and action.

In the first part of the thesis, a temporal contrastive learning objective, TACO, is proposed

for visual representation learning. This method enables the learned embeddings to encode control-

relevant dynamics in a compact latent space, significantly improving data efficiency during policy

learning. When used for pretraining, these representations allow embodied agents to generalize to

novel tasks with minimal expert demonstrations. Building on this idea of future latent prediction,

the approach is further scaled to recent large VLA models through FLARE, which augments the

standard action prediction objective with a future latent alignment loss. This extension achieves



state-of-the-art policy learning performance on multitask benchmarks and enables learning from

action-free human video data.

In addition to state representation, the second part of the thesis investigates how temporal

action representations can be leveraged for more efficient policy learning through horizon reduction.

Inspired by the recent success of large language models (LLMs), I develop PRISE, a simple

yet effective framework for learning temporally abstracted action representations. By capturing

higher-level temporal structure, this approach shortens the effective planning horizon, substantially

improving the performance of multitask imitation learning algorithms and enhancing generalization

to unseen tasks with limited demonstrations.

Finally, beyond learning-based state and action representations, the last part of the thesis

explores how symbolic representations can further enhance the efficiency of policy learning in

embodied agents. Pretrained on diverse internet-scale vision and text data, recent vision-language

models (VLMs) possess strong visual and semantic understanding capabilities but struggle to

ground their perception in executable 3D robot actions. I demonstrate that symbolic representations,

such as visual traces, can help these large VLMs bridge perception and action generation. To

this end, I introduce TraceVLA, an explicit visual prompting technique that encodes a robot’s

execution history as a symbolic visual trace. This representation provides large VLA models with

richer spatio-temporal context, leading to more robust generalization across embodiments and

outperforming existing VLA baselines on various real-world robotic manipulation tasks.

Together, these works present a unified framework for world-model-based representation

learning for embodied agents. By jointly advancing state, action, and symbolic abstractions, this

thesis takes a step toward scalable foundation models for sequential decision-making, capable of

reasoning, acting, and learning across diverse tasks and embodiments.
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Chapter 1: Introduction

In our dynamic and ever-evolving world, embodied agents for sequential decision-making (SDM)
stand at the core of intelligent behavior in machine learning systems. Unlike static perception tasks,
SDM captures the �uidity of real-world processes, ranging from robotic manipulation to adaptive
healthcare, where each action in�uences future outcomes.
Just as foundation models in vision and language (e.g., BERT [31], DINO [102], SAM [117],
GPT-4o [100]) have transformed natural language processing and computer vision by learning from
large-scale data, pretrained foundation models hold similar promise for SDM by capturing the
structure and semantics of decision trajectories.
In vision and language, these models serve as powerful priors, encoding rich contextual information
that transfers effectively to a wide range of downstream tasks. Analogously, in SDM, decisions
unfold over time and depend on complex dependencies between past actions, current observations,
and future goals. A foundation model can provide a generalized understanding of behavior. This
knowledge, distilled from diverse task distributions and decision sequences, can be �ne-tuned to
new domains in a data-ef�cient manner, mirroring the adaptability of language models to specialized
tasks.
However, several key challenges differentiate SDM from conventional pretraining domains:

• (C1) Data Distribution Shift: Training data often stems from speci�c behavior policies,
resulting in mismatched distributions during pretraining, �ne-tuning, and deployment. This
mismatch can signi�cantly degrade performance [79].

• (C2) Task Heterogeneity: Unlike vision or language data that share common semantics,
SDM tasks vary drastically in transition dynamics, state and action spaces, and objectives,
making uni�ed modeling dif�cult.

• (C3) Data Quality and Supervision: High-quality, expert-annotated decision data is scarce
and expensive [13], constraining the scalability of representation learning in real-world SDM
applications.

In response to these challenges, this thesis articulates three desiderata for SDM foundation models:

• (W1) Versatility across task con�gurations, embodiments, and observation modalities;

• (W2) Ef�ciency in adapting to new tasks with minimal labeled data (e.g., few-shot learning);

• (W3) Robustness to noisy or imperfect data sources, enabling generalization under inconsistent
supervision.
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To this end, my research investigates representation learning for generalist embodied agents, aiming
to build models that scale with diverse embodied data while remaining adaptable to downstream
tasks. Speci�cally, this thesis focuses on learning compact yet expressive state and action ab-
stractions that capture control-relevant information across varied environments, uni�ed under the
principle of world-model-based latent representation learning.
A world-model-based approach is particularly well suited for this goal because, despite the diversity
of embodiments, sensors, and actuation spaces, all embodied agents share the same underlying
physical laws and interaction dynamics. By learning to model these dynamics rather than task-
speci�c action policies, a world model can develop a transferable understanding of how actions
in�uence future states. For example, a suboptimal or failed human demonstration may not directly
teach an effective control strategy, yet it still provides valuable cues about the causal structure of the
environment—why a failure occurred and what sequence of actions led to it. Such understanding
enables the agent to reason about physical cause and effect, forming the foundation for generalization
across tasks, embodiments, and modalities.
Furthermore, this thesis adopts a latent representation perspective on world modeling. Compared
to explicit world models that predict in the raw observation space, such as pixel-level image or
video generation, learning world models in a compact latent space allows the system to focus on
high-level, semantically meaningful dynamics while �ltering out irrelevant details such as texture,
lighting, or background noise. This abstraction not only improves sample ef�ciency and stability but
also leads to representations that are more aligned with the control objectives of embodied agents.
This overarching principle begins with learning latent state representations that capture the predictive
structure of the environment. In Chapter 2, I introduce TACO [179] and its extension, Premier-
TACO [177], which employ temporal contrastive learning objectives to encode control-relevant
dynamics into compact visual embeddings. These representations substantially improve data
ef�ciency in downstream policy learning and, when used for pretraining, enable embodied agents to
generalize to novel tasks with minimal expert demonstrations.
Building on this idea of future latent prediction, I demonstrate in Chapter 3 that the same principle
can be scaled to large vision-language-action (VLA) foundation models through FLARE [178].
FLARE augments the standard action �owmatching prediction objective with a future latent align-
ment loss, effectively grounding large multimodal models in predictive state dynamics. This
approach achieves state-of-the-art multitask policy learning performance and, notably, enables
learning directly from action-free human videos, bridging the gap between human observation and
robot execution.
The notion of latent prediction further extends naturally from states to actions. In Chapter 4, I
show that similar world-model-based objectives can be leveraged to learn temporally abstracted
action representations, which help reduce the effective planning horizon in complex decision
problems. PRISE [174] discretizes and tokenizes raw robot trajectories to uncover higher-level
temporal structure, inspired by the success of large language models (LLMs) in modeling long-
range dependencies. By shortening the planning horizon, this approach signi�cantly improves the
ef�ciency and generalization of multitask imitation learning with limited demonstrations.
Beyond these learned latent representations, this thesis also explores how symbolic representa-
tions can complement neural ones in bridging perception and action. In Chapter 5, I present
TraceVLA [175], a simple yet powerful visual prompting technique that encodes a robot's execution
history as a symbolic visual trace. When integrated into modern VLA backbones, this explicit
representation provides a richer spatio-temporal grounding, enhancing the model's ability to connect
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visual perception with executable robot actions. Empirically, TraceVLA achieves more than a 3.5×
improvement over existing VLA baselines on real-robot manipulation tasks and exhibits robust
generalization across embodiments and scenarios.
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Chapter 2: Temporal Contrastive Observation Representation Learning

In this chapter, I focus on state representation learning for embodied agent tasks using high-
dimensional inputs, such as pixel-based observations. Learning in these environments is particularly
dif�cult when rewards are sparse or expert demonstrations are limited. To overcome these chal-
lenges, rather than depending solely on reward modeling or imitation learning, I leverage the rich
dynamics inherent in the sequential decision making data. I propose a simple yet effective method
called the Temporal Action-Driven Contrastive (TACO) objective, which learns meaningful state
representations through contrastive learning. Although TACO achieves strong performance, it
requires large batch sizes due to an inef�cient negative sampling strategy. This becomes a major
challenge when scaling up the approach for pretraining general visual representations. To over-
come this challenge, I introduce Premier-TACO, which builds on TACO to enable a more ef�cient
representation pretraining without relying on large batches of negative samples.

2.0.1 Introduction

Developing reinforcement learning (RL) agents that can perform complex continuous control tasks
from high-dimensional observations, such as pixels, has been a longstanding challenge. A central
aspect of this challenge lies in addressing the sample inef�ciency problem in visual RL. Despite
signi�cant progress in recent years [76, 77, 158, 157, 43, 42, 45, 46, 49, 146], there remains a
considerable gap in sample ef�ciency between RL with physical state-based features and those with
pixel inputs. This disparity is particularly pronounced in complex tasks; thus tackling it is crucial
for advancing visual RL algorithms and enabling their practical application in real-world scenarios.

Figure 2.1: Comparison of average
episode reward across nine challeng-
ing tasks in Deepmind Control Suite
after one million environment steps.

State representation learning has become an essential aspect of
RL research, aiming to improve sample ef�ciency and enhance
agent performance. Initial advancements like CURL [76] uti-
lized a self-supervised contrastive InfoNCE objective [141] for
state representation, yet it overlooks the temporal dynamics
of the environment. Subsequent works, including CPC [53],
ST-DIM [6], and ATC [131], made progress to rectify this by
integrating temporal elements into the contrastive loss, link-
ing pairs of observations with short temporal intervals. The
objective here was to develop a state representation capable of
effectively predicting future observations. A more comprehen-
sive approach was taken by DRIML [94], which incorporated
the �rst action of the action sequence into the temporal con-
trastive learning framework. However, these methods, while
innovative, have their shortcomings. The positive relations in
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their contrastive loss designs are often policy-dependent, potentially leading to instability during
policy updates throughout the training process. Consequently, they lack the theoretical foundation
needed to capture all information representing the optimal policy. Furthermore, these methods ex-
cept for CURL and ATC typically focus on environments such as Atari games with well-represented,
abstract discrete action spaces, thereby overlooking the importance of action representation in con-
tinuous control tasks [5, 57]. However, by learning an action representation that groups semantically
similar actions together in the latent action space, the agent can better generalize its knowledge
across various state-action pairs, enhancing the sample ef�ciency of RL algorithms. Therefore,
learning both state and action representations is crucial for enabling the agent to more effectively
reason about its actions' long-term outcomes for continuous control tasks.
I introduce Temporal Action-driven COntrastive Learning (TACO) as a promising approach to
visual continuous control tasks. TACO simultaneously learns a state and action representation by
optimizing the mutual information between representations of current states paired with action
sequences and representations of the corresponding future states. By optimizing the mutual in-
formation between state and action representations, TACO can be theoretically shown to capture
the essential information to represent the optimal value function. In contrast to approaches such
as DeepMDP [39] and SPR [122], which directly model the latent environment dynamics, our
method transforms the representation learning objective into a self-supervised InfoNCE objective.
This leads to more stable optimization and requires minimal hyperparameter tuning efforts. Conse-
quently, TACO yields expressive and concise state-action representations that are better suited for
high-dimensional continuous control tasks.
I demonstrate the effectiveness of representation learning by TACO through extensive experiments
on the DeepMind Control Suite (DMC) in both online and of�ine RL settings. TACO is a �exible
plug-and-play module that could be combined with any existing RL algorithm. In the online RL
setting, combined with the strong baseline DrQ-v2[157], TACO signi�cantly outperforms the
SOTA model-free visual RL algorithms, and it even surpasses the strongest model-based visual
RL baselines such as Dreamer-v3 [46]. As shown in Figure 2.1, across nine challenging visual
continuous control tasks from DMC, TACO achieves a 40% performance boost after one million
environment interaction steps on average. For of�ine RL, TACO can be combined with existing
strong of�ine RL methods to further improve performance. When combined with TD3+BC [36] and
CQL [75], TACO outperforms the strongest baselines across of�ine datasets with varying quality.
I list our contributions as follows:

1. I present TACO, a simple yet effective temporal contrastive learning framework that simulta-
neously learns state and action representations.

2. The framework of TACO is �exible and could be integrated into both online and of�ine visual
RL algorithms with minimal changes to the architecture and hyperparameter tuning efforts.

3. I theoretically show that the objectives of TACO is suf�cient to capture the essential informa-
tion in state and action representation for control.

4. Empirically, I show that TACO outperforms prior state-of-the-art model-free RL by 1.4x on
nine challenging tasks in Deepmind Control Suite. Applying TACO to of�ine RL with SOTA
algorithms also achieves signi�cant performance gain in 4 selected challenging tasks with
pre-collected of�ine datasets of various quality.
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2.1 Preliminaries

2.1.1 Visual reinforcement learning

Let M = hS ;A ;P;R;gi be a Markov Decision Process (MDP). Here,S is the state space, and
A is the action space. The state transition kernel is denoted byP : S �A ! D(S ) , whereD(S )
is a distribution over the state space.R : S �A ! R is the reward function. The objective of the
Reinforcement Learning (RL) algorithm is the identi�cation of an optimal policyp � : S ! D(A )
that maximizes the expected valueEp [å ¥

t=0 gtrt ]. Additionally, I can de�ne the optimal Q function
as follows:Q� (s;a) = Ep � [å ¥

t=0 gtr(st ;at)js0 = s;a0 = a] , such that the relationship between the
optimal Q function and optimal policy isp(s) = argmaxaQ� (s;a). In in the domain of visual RL,
high-dimensional image data are given as state observations, so the simultaneous learning of both
representation and control policy becomes the main challenge. This challenge is exacerbated when
the environment interactions are limited and the reward signal is sparse.

2.1.2 Contrastive learning and the InfoNCE objective

Contrastive Learning, a representation learning approach, imposes similarity constraints on rep-
resentations, grouping similar/positive pairs and distancing dissimilar/negative ones within the
representation space. Contrastive learning objective is often formulated through InfoNCE loss [141]
to maximize the mutual information between representations of positive pairs by training a classi�er.
In particular, letX;Y be two random variables. Given an instancex � p(x) , and a corresponding
positive sampley+ � p(yjx) as well as a collection ofY = fy 1; :::;yN�1 g of N �1 random samples
from the marginal distribution p(y), the InfoNCE loss is de�ned as

L N = E x

h
log

f (x;y+ )
å y2Y[fy + g f (x;y)

i
(2.1)

Optimizing this loss will result inf (x;y) µ
p(yjx)
p(y)

and one can show that InfoNCE loss upper

bounds the mutual information, LN � log(N) � I (X;Y).

2.2 Temporal contrastive learning objectives and practical implementation

In the following, I present the learning objectives of TACO. The guiding principle of our method is to
learn state and action representations that capture the essential information about the environment's
dynamics suf�cient for learning the optimal policy. This allows the agent to develop a concise and
expressive understanding of both its current state and the potential effects of its actions, thereby
enhancing sample ef�ciency and generalization capabilities.
Let St , At be the state and action variables at timestept, Zt = f(S t), Ut = y(A t) be their corre-
sponding representations. Then, our method aims to maximize the mutual information between
representations of current states paired with action sequences and representations of the correspond-
ing future states: JTACO = I (Z t+K ; [Zt ;Ut ; :::;Ut+K�1 ]) (2.2)Here,K � 1 is a �xed hyperparameter for the prediction horizon. In practice, I estimate the lower
bound of the mutual information by the InfoNCE loss.
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Figure 2.2: A demonstration of TACO temporal contrastive loss: Given a batch of state-action transition
triplesf(s (i)

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

t+K�1 ];s(i)
t+K )gN

i=1 , I �rst apply the state encoder and action encoder to get latent state-

action encodings:f(z (i)
t ; [u(i)

t ; :::;u(i)
t+K�1 ];z(i)

t+K )gN
i=1 . Then I apply two different projection layers to map

(z(i)
t ; [u(i)

t ; :::;u(i)
t+K�1 ]) andz(i)

t+K into the shared contrastive embedding space. Finally, I learn to predict the
correct pairings between (zt ; [ut ; :::;ut+K�1 ]) and zt+K using an InfoNCE loss.

Next, provide a detailed description of the practical implementation of taco. In Figure 2.2, I
illustrate the architecture design of TACO. Our approach minimally adapts a base RL algorithm
by incorporating the temporal contrastive loss as an auxiliary loss during the batch update process.
Speci�cally, given a batch of state and action sequence transitionsf(s (i)

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

t0�1 ];s(i)
t0 )gN

i=1
(t0= t +K), I optimize:

J TACO (f ;y;W;G q ;Hq ) = �
1
N

N

å
i=1

log
g(i)

t
>

Wh(i)
t0

å N
j=1 g(i)

t
>

Wh( j)
t0

(2.3)

Here letz(i)
t = f(s (i)

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

t ) be state and action embeddings respectively.g(i)
t = G q (z(i)

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

t0�1 ),

andh(i)
t = H q (z(i)

t0 ), whereGq andHq denote two learnable projection layers that map the latent

statez(i)
t as well as latent state and action sequence(z(i)

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

t0�1 ) to a common contrastive
embedding space.W is a learnable parameter providing a similarity measure betweengi andh j in
the shared contrastive embedding space. Subsequently, both state and action representations are
fed into the agent'sQ network, allowing the agent to effectively reason about the long-term effects
of their actions and better leverage their past experience through state-action abstractions.
In addition to the main TACO objective, in our practical implementation, I �nd that the inclusion of
two auxiliary objectives yields further enhancement in the algorithm's overall performance. The
�rst is the CURL [76] loss:

J CURL(f ;y;W;H q ) = �
1
N

N

å
i=1

log
h(i)

t
>

Wh(i)
t

+

h(i)
t

>
Wh(i)

t
+

+ å j6=ih
(i)
t

>
Wh( j)

t

(2.4)

Here,h(i)
t

+
= H q (f (s (t)

i

+
)) , wheres(t)

i

+
is the augmented view ofs(t)

i by applying the same random
shift augmentation as DrQ-v2 [157]. W andHq share the same weight as the ones in TACO
objective. The third objective is reward prediction:

J Reward(f ;y; R̂q ) =
N

å
i=1

(R̂q (z(i)
t ;u(i)

t ; :::;u(i)
t0�1 ]) � r (i) )2 (2.5)
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Herer (i) = å t0�1
j=t r (i)

j is the sum of reward from timestept to t0� 1 , andR̂q is a reward prediction
layer. For our �nal objective, I combine the three losses together with equal weight. As veri�ed
in Section 2.3.1, although TACO serves as the central objective that drives notable performance
improvements, the inclusion of both CURL and reward prediction loss can further improve the
algorithm's performance.
I have opted to use DrQ-v2 [157] for the backbone algorithm of TACO, although in principle,
TACO could be incorporated into any visual RL algorithms. TACO extends DrQ-v2 with minimal
additional hyperparameter tuning. The only additional hyperparameter is the selection of the
prediction horizonK. Throughout our experiments, I have limited our choice ofK to either 1 or 3,
depending on the nature of the environment.

2.3 Experiments and results

This section provides an overview of our empirical evaluation, conducted in both online and of�ine
RL settings. To evaluate our approach under online RL, I apply TACO to a set of nine challenging
visual continuous control tasks from Deepmind Control Suite (DMC) [135]. Meanwhile, for of�ine
RL, I combine TACO with existing of�ine RL methods and test the performance on four DMC
tasks, using three pre-collected datasets that differ in the quality of their data collection policies.

2.3.1 Comparison between TACO and strong baselines in online RL tasks

Environment Settings: In our online RL experiment, I �rst evaluate the performance of TACO on
nine challenging visual continuous control tasks from Deepmind Control Suite [135]: Quadruped
Run, Quadruped Walk, Hopper Hop, Reacher Hard, Walker Run, Acrobot Swingup, Cheetah Run,
Finger Turn Hard, and Reach Duplo. These tasks demand the agent to acquire and exhibit complex
motor skills and present challenges such as delayed and sparse reward. As a result, these tasks have
not been fully mastered by previous visual RL algorithms, and require the agent to learn an effective
policy that balances exploration and exploitation while coping with the challenges presented by the
tasks.
In addition to Deepmind Control Suite, I also present the results of TACO on additional six chal-
lenging robotic manipulation tasks from Meta-world [164]: Hammer, Assembly, Disassemble, Stick
Pull, Pick Place Wall, Hand Insert. Unlike the DeepMind Control Suite, which primarily concen-
trates on locomotion tasks, Meta-world domain provides tasks that involve complex manipulation
and interaction tasks. This sets it apart by representing a different set of challenges, emphasizing
precision and control in �ne motor tasks rather than broader locomotion skills.
Baselines: I compare TACO with four model-free visual RL algorithms CURL [76], DrQ [ 158],
DrQ-v2 [157], and A-LIX [ 20]. A-LIX builds on DrQ-v2 by adding adaptive regularization to the
encoder's gradients. While TACO could also extend A-LIX, our reproduction of results from its
open-source implementation does not consistently surpass DrQ-v2. As such, I do not choose A-LIX
as the backbone algorithm for TACO. Additionally, I compare with two state-of-the-art model-based
RL algorithms for visual continuous control, Dreamer-v3 [46] and TDMPC [49], which learn world
models in latent space and select actions using either model-predictive control or a learned policy.
TACO achieves a signi�cantly better sample ef�ciency and performance compared with SOTA
visual RL algorithm. The ef�cacy of TACO is evident from the �ndings presented in Figure 2.3
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Figure 2.3: (Deepmind Control Suite) Performance of TACO against two strongest model-free visual
RL baselines. Results of DrQ-v2 and A-LIX are reproduced from their open-source implementations, and
all results are averaged over 6 random seeds.

Table 2.1: Episode reward of TACO and SOTA visual RL algorithms on the image-based DMControl 1M
benchmark. Results are averaged over 6 random seeds. Within the table,entries shadedrepresent the best
performance of model-free algorithms, while text in bold signi�es the highest performance across all baseline
algorithms, including model-based algorithms.

Model-free Model-based

Environment (1M Steps) TACO DrQv2 A-LIX DrQ CURL Dreamer-v3 TDMPC

Quadruped Run 541 �38 407 �21 454 �42 179 �18 181 �14 331 �42 397 �37
Hopper Hop 261 �52 189 �35 225 �13 192 �41 152 �34 369 �21 195 �18
Walker Run 637 �11 517 �43 617 �12 451 �73 387 �24 765 �32 600 �28

Quadruped Walk 793 �8 680 �52 560 �175 120 �17 123 �11 353 �27 435 �16
Cheetah Run 821 �48 691 �42 676 �41 474 �32 657 �35 728 �32 565 �61

Finger Turn Hard 632 �75 220 �21 62 �54 91 �9 215 �17 810 �58 400 �113
Acrobot Swingup 241 �21 128 �8 112 �23 24 �8 5 �1 210 �12 224 �20

Reacher Hard 883 �63 572 �51 510 �16 471 �45 400 �29 499 �51 485 �31
Reach Duplo 234 �21 206 �32 199 �14 36 �7 8 �1 119 �30 117 �12

(DMC) , Table 2.1 (DMC), and Figure 2.4 (Meta-world). In contrast to preceding model-free
visual RL algorithms, TACO exhibits considerably improved sample ef�ciency. For example,
on the challenging Reacher Hard task, TACO achieves optimal performance in just 0.75 million
environment steps, whereas DrQ-v2 requires approximately 1.5 million steps. When trained with
only 1 million environment steps, TACO on average achieves 40% better performance, and it is
even better than the model-based visual RL algorithms Dreamer-v3 and TDMPC on 6 out of 9 tasks.
In addition, on more demanding tasks such as Quadruped Run, Hopper Hop, Walker Run, and
Cheetah Run, TACO continues to outshine competitors, exhibiting superior overall performance
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Figure 2.4: (Meta-world) Performance of TACO against DrQ-v2 and A-LIX. All results are averaged over
6 random seeds.

after two or three million steps, as illustrated in Figure 2.3. For robotic manipulation tasks, as shown
in Figure 2.4, TACO also signi�cantly outperform the baseline model-free visual RL algorithms,
highlighting the broad applicability of TACO.

Figure 2.5: 1M Performance of
TACO with and without action rep-
resentation

Concurrently learning state and action representation is
crucial for the success of TACO. To demonstrate the effec-
tiveness of action representation learning in TACO, I evaluate
its performance on a subset of 4 dif�cult benchmark tasks and
compare it with a baseline method without action representa-
tion, as shown in Figure 2.5. The empirical results underscore
the ef�cacy of the temporal contrastive learning objectives,
even in the absence of action representation. For instance,
TACO records an enhancement of 18% on Quadruped Run and
a substantial 51% on Reacher Hard, while the remaining tasks
showcase a performance comparable to DrQ-v2. Furthermore,
when comparing against TACO without action representation,
TACO achieves a consistent performance gain, ranging from 12.2% on Quadruped Run to a signi�-
cant 70.4% on Hopper Hop. These results not only emphasize the inherent value of the temporal
contrastive learning objective in TACO, but also underscore the instrumental role of high-quality
action representation in bolstering the performance of the underlying RL algorithms.
The effectiveness of our temporal contrastive loss is enhanced with a larger batch size. As is
widely acknowledged in contrastive learning research [25, 51, 114, 40], our contrastive loss sees
signi�cant bene�ts from utilizing a larger batch size. In Figure 2.6a, I illustrate the performance of
our algorithms alongside DrQv2 after one million environment steps on the Quadruped Run task.
As evident from the plot, batch size greatly in�uences the performance of our algorithm, while
DrQ-v2's baseline performance remains fairly consistent throughout training. In order to strike a
balance between time ef�ciency and performance, I opt for a batch size of 1024, which is 4 times
larger than the 256 batch size employed in DrQ-v2, but 4 times smaller than the 4096 which is
commonly used in the contrastive learning literature [25, 51, 40].
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(a) TACO and DrQ-v2 across different batch sizes. (b) TACO with different learning objective removed

Figure 2.6: TACO with different batch sizes and with different component of its learning objectives removed

Reward prediction and CURL loss serves an auxiliary role to further improve the performance
of TACO, while the temporal contrastive loss of TACO is the most crucial component. In the
practical deployment of TACO, two additional objectives, namely reward prediction and CURL loss,
are incorporated to enhance the algorithm's performance. In Figure 2.6b, I remove one objective
at a time on the Quadruped Run task to assess its individual impact on the performance after one
million environment steps. As illustrated in the �gure, the omission of TACO' temporal contrastive
objective results in the most signi�cant performance drop, emphasizing its critical role in the
algorithm's operation. Meanwhile, the auxiliary reward prediction and CURL objectives, although
secondary, contribute to performance improvement to some degree.
InfoNCE-based temporal action-driven contrastive objective in TACO outperforms other
representation learning objectives including SPR [124], ATC [ 131], and DRIML [ 94]. In
Table 2.2, I have showcased a comparison between our approach and other visual RL representation
learning objectives such as SPR, ATC, and DRIML. Given that SPR and DRIML were not initially
designed for continuous control tasks, I have re-implemented their learning objectives using the
identical backbone algorithm, DrQ-v2. A similar approach was taken for ATC, with their learning
objectives also being reimplemented on DrQ-v2 to ensure a fair comparison. (Without the DrQ-v2
backbone algorithm, the performance reproduced by their original implementation is signi�cantly
worse.) Furthermore, recognizing the signi�cance of learning action encoding, as discussed earlier,
I have integrated action representation learning into all these baselines. Therefore, the model
architecture remains consistent across different representation learning objectives, with the sole
difference being the design of the temporal contrastive loss. For DRIML, given that only the �rst
action of the action sequence is considered in the temporal contrastive loss, TACO and DRIML
differ when the number of stepsK is greater than one. Thus, I indicate N/A for tasks where I choose
K = 1 for TACO.

Table 2.2: Comparison with other objectives including SPR [122], ATC [131], and DRIML [94]

Environment TACO SPR ATC DRIML DrQ-v2

Quadruped Run 541 �38 448 �79 432 �54 N/A 407 �21
Walker Run 637 �21 560 �71 502 �171 N/A 517 �43
Hopper Hop 261 �52 154 �10 112 �98 216 �13 192 �41
Reacher Hard 883 �63 711 �92 863 �12 835 �72 572 �51

Acrobot Swingup 241 �21 198 �21 206 �61 222 �39 210 �12

Table 2.2 showcases that while previous representation learning objectives have proven bene�t
in assisting the agent to surpass the DrQ-v2 baseline by learning a superior representation, our
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approach exhibits consistent superiority over other representation learning objectives in all �ve
evaluated environments. These results reinforce our claim that TACO is a more effective method for
learning state-action representations, allowing agents to reason more ef�ciently about the long-term
outcomes of their actions in the environment.

2.3.2 Combining TACO with of�ine RL algorithms

In this part, I discuss the experimental results of TACO within the context of of�ine reinforcement
learning, emphasizing the bene�ts our temporal contrastive state/action representation learning
objective brings to visual of�ine RL. Of�ine visual reinforcement learning poses unique challenges,
as algorithms must learn an optimal policy solely from a �xed dataset without further interaction
with the environment. This necessitates that the agent effectively generalizes from limited data
while handling high-dimensional visual inputs. The state/action representation learning objective of
TACO plays a vital role in addressing these challenges by capturing essential information about the
environment's dynamics, thereby enabling more ef�cient generalization and improved performance.
TACO can be easily integrated as a plug-and-play module on top of existing strong of�ine RL
methods, such as TD3+BC [36] and CQL [75].
For evaluation, I select four challenging visual control tasks from DMC: Hopper Hop, Cheetah Run,
Walker Run, and Quadruped Run. For each task, I generate three types of datasets. The medium
dataset consists of trajectories collected by a single policy of medium performance. The precise
de�nition of “medium performance” is task-dependent but generally represents an intermediate
level of mastery, which is neither too poor nor too pro�cient. The medium-replay dataset contains
trajectories randomly sampled from the online learning agent's replay buffer before it reaches
a medium performance level. The full-replay dataset includes trajectories randomly sampled
throughout the online learning phase, from the beginning until convergence. The dataset size for
Walker, Hopper, and Cheetah is 100K, while for the more challenging Quadruped Run task, a larger
dataset size of 500K is used to account for the increased dif�culty. I compute the normalized reward
by diving the of�ine RL reward by the best reward I get during online TACO training.

Table 2.3: Of�ine Performance (Normalized Reward) for different of�ine RL methods. Results are averaged
over 6 random seeds. � captures the standard deviation over seeds.

Task/ Dataset TD3+BC w. TACO TD3+BC CQL w. TACO CQL DT IQL BC

Hopper Hop
Medium 52:4 �0:4 51:2 �0:8 47:9 �0:6 46:7 �0:2 40:5 �3:6 2:0 � 1:7 48:2 �0:8

Medium-replay 67:2 �0:1 62:9 �0:1 74:6 �0:4 68:7 �0:1 65:3 �1:8 57:6 �1:4 25:9 �3:2
Full-replay 97:6 �1:4 83:8 �2:3 101:2 �1:9 94:2 �2:0 92:4 �0:3 47:7 �2:2 65:7 �2:7

Cheetah Run
Medium 66:6 �0:5 66:1 �0:3 70:1 �0:4 66:7 �1:7 64:3 �0:7 1:7 � 1:1 62:9 �0:1

Medium-replay 62:6 �0:2 61:1 �0:1 72:3 �1:2 67:3 �1:1 67:0 �0:6 26:5 �3:2 48:0 �3:1
Full-replay 92:5 �2:4 91:2 �0:8 86:9 �2:4 65:0 �3:9 89:6 �1:4 14:6 �3:7 69:0 �0:3

Walker Run
Medium 49:2 �0:5 48:0 �0:2 49:6 �1:0 49:4 �0:9 47:3 �0:3 4:4 � 0:4 46:2 �0:6

Medium-replay 63:1 �0:6 62:3 �0:2 62:3 �2:6 59:9 �0:9 61:7 �1:1 41:4 �2:8 18:5 �0:8
Full-replay 86:8 �0:6 84:0 �1:6 88:1 �0:1 79:8 �0:6 81:6 �0:8 18:1 �3:7 30:8 �1:8

Quadruped Run
Medium 60:6 �0:1 60:0 �0:2 58:1 �3:7 55:9 �9:1 14:6 �3:8 0:8 � 0:8 56:2 �1:1

Medium-replay 61:3 �0:3 58:1 �0:5 61:9 �0:2 61:2 �0:9 19:5 �2:2 58:4 �4:4 51:6 �3:3
Full-replay 92:6 �0:7 89:3 �0:4 92:1 �0:1 85:2 �2:5 14:5 �1:1 36:3 �5:9 57:6 �0:7

Average Normalized Score 71.0 68:2 72:1 66:7 48.4 25.8 54.9

I compare the performance of TD3+BC and CQL with and without TACO on our benchmark.
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Additionally, I also compare with the decision transformer (DT) [24], a strong model-free of�ine
RL baseline that casts the problem of RL as conditional sequence modeling, IQL [71], another
commonly used of�ine RL algorithm, and the behavior cloning (BC) baseline. For TD3+BC, CQL
and IQL, which were originally proposed to solve of�ine RL with vector inputs, I add the their
learning objective on top of DrQ-v2 to handle image inputs.
Table 2.3 provides the normalized reward for each dataset. The results underscore that when
combined with the strongest baselines TD3+BC and CQL, TACO achieves consistent performance
improvements across all tasks and datasets, setting new state-of-the-art results for of�ine visual
reinforcement learning. This is true for both the medium dataset collected with a single policy and
narrow data distribution, as well as the medium-replay and replay datasets with a diverse distribution.

2.4 Related work

2.4.1 Contrastive learning in visual reinforcement learning

Contrastive learning has emerged as a powerful technique for learning effective representations
across various domains, particularly in computer vision [141, 25, 51, 53, 151]. This success
is attributed to its ability to learn meaningful embeddings by contrasting similar and dissimilar
data samples. In visual reinforcement learning, it's used as a self-supervised auxiliary task to
improve state representation learning, with InfoNCE [141] being a popular learning objective. In
CURL [76], it treats augmented states as positive pairs, but it neglects the temporal dependency of
MDP. CPC [141], ST-DIM [6], and ATC [131] integrate temporal relationships into the contrastive
loss by maximizing mutual information between current state representations (or state histories
encoded by LSTM in CPC) and future state representations. However, they do not consider actions,
making positive relationships in the learning objective policy-dependent. DRIML [94] addresses
this by maximizing mutual information between state-action pairs at the current time step and the
resulting future state, but its objective remains policy-dependent as it only provides the �rst action
of the action sequence. Besides, ADAT [65] and ACO [169] incorporate actions into contrastive loss
by labeling observations with similar policy action outputs as positive samples, but these methods
do not naturally extend to tasks with non-trivial continuous action spaces. A common downside
of these approaches is the potential for unstable encoder updates due to policy-dependent positive
relations. In contrast, TACO is theoretically suf�cient, and it tackles the additional challenge of
continuous control tasks by simultaneously learning state and action representations.
In addition to the InfoNCE objective, other self-supervised learning objective is also proposed.
Approahces such as DeepMDP [39], SPR [122], SGI [124], and Ef�cientZero [161] direct learn a
latent-space transition model. Notably, these methods predominantly target Atari games charac-
terized by their small, well-represented, and abstract discrete action spaces. When dealing with
continuous control tasks, which often involve a continuous and potentially high-dimensional action
space, the relationships between actions and states become increasingly intricate. This complexity
poses a signi�cant challenge in effectively capturing the underlying dynamics. In contrast, by
framing the latent dynamics model predictions as a self-supervised InfoNCE objective, the mutual
information guided approach used by TACO is better suited for continuous control task, resulting
in more stable optimization and thus better state and action representations.
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2.4.2 Action representation in reinforcement learning

Although state or observation representations are the main focus of prior research, there also exists
discussion on the bene�ts and effects of learning action representations. Chandak et al. [21] propose
to learn a policy over latent action space and transform the latent actions into actual actions, which
enables generalization over large action sets. Allshire et al. [5] introduce a variational encoder-
decoder model to learn disentangled action representation, improving the sample ef�ciency of policy
learning. In model-based RL, strategies to achieve more precise and stable model-based planning or
roll-out are essential. To this end, Park et al. [104] propose an approach to train an environment
model in the learned latent action space. In addition, action representation also has the potential to
improve multi-task learning [54], where latent actions can be shared and enhance generalization.

2.5 From TACO to Premier-TACO: Better Performance with Smaller Batch Size

Building upon the success of TACO in acquiring latent state representations that encapsulate
individual task dynamics, our goal in the following sections is to learn a generic embodied agent's
observation representation that effectively captures the intrinsic dynamics spanning a diverse
set of tasks found in of�ine datasets. Our overarching objective is to ensure 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 original learning objective
of TACO poses a notable challenge. Speci�cally, TACO's mechanism, which utilizes the In-
foNCE [141] 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 multitask context. During multitask of�ine pretraining, image
observations within a batch can come from different tasks with vastly different visual appearances,
rendering the InfoNCE loss signi�cantly less effective.

Figure 2.7: 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 framework st+K .

To deal with this challenge, I propose a straightforward yet highly effective mechanism for selecting
challenging 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 2.8.
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Figure 2.8: Difference between Premier-TACO
and TACO for sampling 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 tempo-
ral 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 2.7, I illustrate the design of Premier-TACO objective. Speci�cally, given a batch of state
and action sequence transitionsf(s (i)
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Few-shot Generalization. After pretraining the representation encoder, I leverage our pretrained
modelF to learn policies for downstream tasks. To learn the policyp with the state representation
F(s t) as inputs, I use behavior cloning (BC) with a few expert demonstrations. For different control
domains, I employ signi�cantly fewer demonstrations 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 5.4.

2.6 Experiment

In our empirical evaluations, I consider three benchmarks, Deepmind Control Suite [136] for loco-
motion control, MetaWorld [163] and LIBERO [85] 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 pretraining dataset comes from the replay buffers of online reinforcement learn-
ing (RL) agents. In MetaWorld, the dataset is generated through a pre-de�ned scripted policy. In
LIBERO, I utilize its provided demonstration dataset, which was collected through human teleop-
eration. By evaluating on a wide range of pretraining data types that have been explored in previous
works, I aim to provide a comprehensive evaluation for the pretraining effects of Premier-TACO.
Deepmind Control Suite (DMC) [136]: I consider a selection of 16 challenging tasks from
Deepmind Control Suite. Note that compared with prior works such as [92, 132], I consider much
harder tasks, including ones from the humanoid and dog domains, which feature intricate kinematics,
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Figure 2.9: 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.

skinning weights and collision geometry. For pretraining, I select six tasks (DMC-6), including
Acrobot Swingup, Finger Turn Hard, Hopper Stand, Walker Run, Humanoid Walk, and Dog Stand. I
generate an exploratory dataset for each task by sampling trajectories generated in exploratory stages
of a DrQ-v2 [157] learning agent. In particular, I sample 1000 trajectories 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, I will also relax this assumption and consider pretrained trajectories that are sampled
from uniformly random actions. In terms of the encoder architecture, I pretrain Premier-TACO
with the same shallow ConvNet encoder as in DrQv2 [157].
MetaWorld [ 163]: I 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, I execute 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. I use the same encoder network architecture as
DMC.
LIBERO [ 85]: I pretrain on 90 short-horizon manipulation tasks (LIBERO-90) with human
demonstration dataset provided by the original paper. For each task, it contains 50 trajectories of
human teleoperated trajectories. I use ResNet18 encoder [52] to encode the image observations of
resolution128�128 . For the downstream task, I assess the few-shot imitation learning performance
on the �rst 8 long-horizon tasks of LIBERO-LONG.
Baselines. I compare Premier-TACO with the following representation pretraining baselines:

B Learn from Scratch: Behavior Cloning with randomly initialized shallow ConvNet encoder. I
carefully implement the behavior cloning from scratch baseline. For DMC and MetaWorld,
following [48], I include the random shift data augmentation into behavior cloning. For LIBERO,
I take the ResNet-T model architecture in [85], 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.
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DMControl LfS PVRs TD3+BC Inv. CURL ATC SPR TACO Premier-TACO

Seen

Finger
Spin

34:8 �3:4 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 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 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 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 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

Cup Catch56:8 �5:6 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 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 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
Walk

61:1 �5:7 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
Run

45:0 �2:9 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 38:2 52:3 63:3 61:7 50:4 52:7 62:4 47:5 79:0

Table 2.4: Few-shot BC performance on DMC. Premier-TACO outperforms baselines on 10 unseen tasks.
Bold = best.

Figure 2.10: [(W1) Versatility (W2) Ef�ciency] Mean success rate of 5-shot imitation learning for 8 unseen
tasks in LIBERO. Results are aggregated over 4 random seeds. Bold numbers indicate the best results.

B Policy Pretraining: I �rst train a multitask policy by TD3+BC [36] on the pretraining dataset.
While numerous alternative of�ine RL algorithms exist, I choose TD3+BC as a representative
due to its simplicity and great empirical performance. For LIBERO, I use Multitask BC since
of�ine RL in generally does not perform well on the imitation learning benchmark with human
demonstrated dataset. After pretraining, I take the pretrained ConvNet encoder and drop the policy
MLP layers.

B Pretrained Visual Representations (PVRs): I evaluate the state-of-the-art frozen pretrained visual
representations including PVR [103], MVP [152], R3M [96] and VC-1 [92], and report the best
performance of these PVRs models for each task.
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MetaWorld LfS PVRs TD3+BC Inv. CURL ATC SPR TACO Premier-TACO

Bin Picking 62:5 � 12:5 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 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 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 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 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 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 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 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 53:6 51:5 51:0 48:3 51:9 55:3 47:5 75:8

Table 2.5: Five-shot Behavior Cloning (BC) performance on 8 unseen MetaWorld tasks. Results averaged
over 4 seeds. Bold = best.

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

B Contrastive/Self-supervised Learning Objectives: CURL [76], ATC [131], SPR [122, 124]. 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 temporal structure into consideration. The positive example
of ATC is an augmented view of a temporally nearby state. SPR applies BYOL objecive [40] into
sequential decision making problems by pretraining state representations that are self-predictive
of future states.

Pretrained feature representation by Premier-TACO facilitates effective few-shot adaptation to
unseen tasks. I measure the performance of pretrained visual representation for few-shot imitation
learning of unseen downstream tasks in both DMC and MetaWorld. In particular, for DMC, I use
20 expert trajectories for imitation learning except for the two hardest tasks, Humanoid Walk and
Dog Trot, for which I use 100 trajectories instead. Note that I only use1

5 of the number of expert
trajectories used in [92] and110 of those used in [132].

I record the performance of the agent by calculating the ratio of
Agent Reward
Expert Reward

, where Expert

Reward is the episode reward of the expert policy used to collect demonstration trajectories. For
MetaWorld and LIBERO, I use 5 expert trajectories for all downstream tasks, and I use task
success rate as the performance metric. In Table 2.4 Table 2.5, and Figure 4.8 I 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 compared with learning from Scratch, with a 101% improvement on Deepmind Control
Suite and 74% improvement on MetaWorld, respectively. Moreover, it also outperforms all the
baselines across all tasks by a large margin. In LIBERO, consistent with what is observed in [85],
existing pretraining methods on large-scale multitask of�ine dataset fail to enhance downstream
policy learning performance. In particular, methods like multitask pretraining actually degrade
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downstream policy learning performance. In contrast, using ResNet-18 encoders pretrained by
Premier-TACO signi�cantly boosts few-shot imitation learning performance by a substantial
margin.
Premier-TACO pre-trained representation enables knowledge sharing across different em-
bodiments. Ideally, a resilient and generalizable state feature representation 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, I evaluate the few-shot
behavior cloning performance of Premier-TACO pre-trained encoder fromDMC-6 on four tasks
featuring unseen embodiments: Cup Catch, Cheetah Run, and Quadruped Walk. In comparison
to learn from scratch, as shown in Figure 2.11 (left), Premier-TACO pre-trained representation
realizes an 82% performance gain, demonstrating the robust generalizability of our pre-trained
feature representations.

Figure 2.11: [(W1) Versatility] (Left) DMC: Generalization of Premier-TACO pre-trained visual represen-
tation to unseen embodiments. (Right) MetaWorld: Few-shot adaptation to unseen tasks from an unseen
camera view

Premier-TACO Pretrained Representation is also generalizable to unseen tasks with camera
views. Beyond generalizing to unseen embodiments, an ideal robust visual representation should
possess the capacity to adapt to unfamiliar tasks under novel camera views. In Figure 2.11 (right),
I 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 employed in [49, 127]. Then for downstream policy learning,
the agent is given �ve expert trajectories under a different corner camera view, as depicted in the
�gure. Notably, Premier-TACO also achieves a substantial performance enhancement, thereby
underscoring the robust generalizability of our pretrained visual representation.
Premier-TACO Pre-trained Representation is resilient to low-quality data. I evaluate the
resilience of Premier-TACO by employing randomly collected trajectory data from Deepmind
Control Suite for pretraining and compare it with Premier-TACO representations pretrained using
an exploratory dataset and the learn-from-scratch approach. As illustrated in Figure 2.12, across
all downstream tasks, even when using randomly pretrained data, the Premier-TACO pretrained
model still maintains a signi�cant advantage over learning-from-scratch. When compared with
representations pretrained using exploratory data, there are only small disparities in a few individual
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