s

UNIVERSITY OF

E TORONTO

CSC415: Introduction to Reinforcement Learning

Lecture 8: Representation Learning for RL

Dr. Amey Pore
Winter 2026

March 4, 2026



Lecture Outline

© End-to-End Reinforcement Learning

@ What are Good Representations?

© Implicit Regularisation: Data Augmentation
© Course Logistics

© Explicit Regularisation of Representations

@ Conclusions

Dr. Amey Pore (Winter 2026) Representation Learning for RL March 4, 2026



End-to-End Reinforcement Learning

End-to-End Reinforcement Learning

@ Learn mapping from observations
? to actions
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[Human-level control through deep reinforcement learning, Mnih et al, Nature 2015]
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Catch

1. Inefficiency

—_ Good representations can accelerate

e Millions of transitions (sample X _
learning from images

inefficient)
About 60M steps
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[DeepMind Control Suite, Tassa et al., 2018
Building Machines That Learn and Think Like People, Lake et al., Behavioral and Brain Sciences 2016]
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{a) Masked semantics (b) Masked chject identities

[Investigating Human Priors for Playing Video Games, Dubey et al. ICML 2018]
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Representation Learning for RL
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Original Semantics Object Affordance Similarity
(e} Performance of RL agent




Catch

1. Inefficiency

—_— Good representations can accelerate

e millions of transitions (sample ) _
learning from images

inefficient)
N —_— Good representations can generalise
2. Generalisation : _
well across different tasks, or quickly
@ Works really well in single task setting adapt to new tasks
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En

-End Reinforcer

Generalisation
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End-to-End Reinforcement Learning

Catch

1. Inefficiency
e millions of transitions (sample
inefficient)
2. Generalisation

o Works really well in single task setting

3. Requires lots of supervision

@ Dense reward function

o Effective exploration is challenging in
many RL tasks

Good representations can accelerate
learning from images

Good representations can generalise
well across different tasks, or quickly
adapt to new tasks

Instead of only learning from reward
signals, we can also learn from
unsupervised collected data.

Good representations can accelerate
exploration

Dr. Amey Pore (Winter 2026)
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End-to-End Reinforcement Learning

Sparse Reward and Exploration

@ End-to-end not preferred with sparse
reward

@ Need to explore novel /new states

Dense rewards Sparse rewards

Training lime Trisiring fime

Rewards
Rewards
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“panda”

onfidence
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End-to-End Reinforcement Learning

Transferability

Desired properties:
o General

Robust

Useful

°
@ Reusable
°
°

original

Compositional

Interpretable

middle wall offset paddle random target juggling

Stanclard Broakout  Offset Paddle  Middle Wall ~ Random Target
A3C Image Only (36334617 0604£2005 H55L174 GEI£502 3

[Schema Networks: Zero-shot Transfer with a Generative Causal Model of Intuitive Physics, Kansky et al., ICML 2017]
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Representation Learning
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Representation Learning

What is a representation?

“Formal system for making explicit certain entities or types of information, together
with a specification of how the system does this”

- Marr and Nishihara, 1978

XXXVII 37 0b100101

@ Representational form orthogonal to the information content

@ Useful abstraction to make different computations more efficient
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Representation Learning

Representation Learning

e “...learning representations of the data that make it easier to extract useful information
when building classifiers or other predictors” — Bengio et al. [2013]

e “Is a way of injecting some (hopefully useful) inductive bias in the features” —
anonymous

o ‘“Is a way of making Reinforcement Learning more efficient” — anonymous

[Representation Learning: A Review and New Perspectives, Bengio et al., 2013]
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Representation Learning

What are good representations?

Invariant Representations

Irrelevant Relevant H'"‘“—m_ f

g //\)
&7

o

M

@] - representation remains unchanged when a certain

. O‘/* “ type of transformation is applied to the input

=

\LatentSpace f(g ’ :’L‘) = f‘(.”f)

[Learning Invariant Representations for Reinforcement Learning without Reconstruction, Zhang et al., ICLR 2021]

Invariance
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Representation Learning

What are good representations?

Equivariant Representations

™y b L (o)

comnion o h Symmetry g-| 9-]

% < 04 \'|
' == 1) ‘ f P
W e Equivariance

E T > - representation reflects the transformation applied
Noether 1918 2 to the input
|

b . ) flg-x)=g- f(2)
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Ground-truth
factors of variation

Floor colour
Wall colour
Object colour
Scale

Shape

Crientation

Dr. Amey Pore (Winter 2026)

Image
Beneration
process

Observed
Images

ol N
.

Q. "™

Disentangled
representation

Agent learns
represantation

[Towards a Definition of Disentangled Representations, Higgins et al., 2018]

Representation Learning for RL

Representation Learning

Disentangled Representation Learning

Floor colour
Wall colour
Object colour
Scale

Shape

Orientation
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Representation Learning

Representation Learning for RL

Latent space
distribution
L
- .-
Observations Policy

We assume the learner has access to a representation space F

Input: Representation space JF

D=0

fork=1,...do
© Learn representation [, € F
® Compute (explorative) policy 7. using representation fi
Execute policy . and add experience to Dy,

Dr. Amey Pore (Winter 2026) Representation Learning for RL March 4, 2026



Implicit Regularisation: Data Augmentation

Lecture Outline
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© Implicit Regularisation: Data Augmentation
© Course Logistics
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Implicit Regularisation: Data Augmentation

Implicit Regularisation of the Representations: Data Augmentation

Translate Window Grayscale Cutout

Augmentations applied
consistently across
stacked frames

Random conv

[Reinforcement Learning with Augmented Data, Laskin et al., NeurlPS 2020]
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Implicit Regularisation: Data Augmentation

Data Augmentation for RL

Surprisingly, data augmentation has been
adopted only recently

Issues
@ Unclear what are RL-driven data

augmentation, in particular in -
state-based control mt. Environment a;

Workaround

@ Use standard techniques for images

Rephyﬁuﬂ!v{ ¥ Augmentation — Actor Critic
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Implicit Regularisation: Data Augmentation

Data Augmentation for RL: Not All Augmentations Work

Cheetah Run

AP @ Not all standard CV data
| augmentations can be used in

Augmentation RL
= Random Shift
— Cutout

Episode Return
F -
e
)

- —— Horizontal Flip @ Some recent works in automatic
— NtENSity . .
~—— None way of selecting augmentation.
= Rotate
0~ Vertical Flip

1 1 | 1
0.00 025 050 075 1.00 1.25 1.50 175 200

Environment Steps (x10")

[Image Augmentation Is All You Need: Regularizing Deep RL from Pixels, Yarats et al., ICLR 2021
Automatic Data Augmentation for Generalisation in RL, Raileanu et al., NeurlPS 2021]
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Implicit Regularisation: Data Augmentation

Data Augmentation Prevents Overfitting

Without DA With DA
Cartpole Swingup Cartpole Swingup
1000 - 1000 -
800 - 800 -
E E
=1 =2
© @
& 600 - . : & 600 - i |
] o ]
o rfitting! 8 No overfitting!
o400 - o rch % 400 - ncoder Ar
a s SAC 4 Impala Enc (0.22M) o = SAC -+ Impala Enc (0:22M)
t ~— SAC + DON Enc [0.24M) o —— SAC + DAN Enc (0.24M)
200 - —— SAC + Dreamer Enc (0.80M) 200 - — SAC + Dreamer Enc (0.80M})
— SAC + SAC-AE Enc {1.91M) — SAC + SAC-AE Enc (1.91M]
— AT + DAPG Enc (2.44M) — SAC 4 DAPG Enc (2.44M)
ok 1 I ' ' i ' A | ol ' ' I | I | | '
0.00 0.25 050 075 1.00 125 150 175 2.00 0.00 025 050 075 100 125 150 1.75 2.00

Environment Steps (= 10%) Environment Steps (= 10")

[Image Augmentation Is All You Need: Regularizing Deep RL from Pixels, Yarats et al., ICLR 2021]
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Data Augmentation Works

12 DeepMind Control Tasks 12 DMC Tasks (Time)
800 - = 800 - I
< 600 - € 600-
-~ —
<1} (]
o4 o
@ 400 - O 400 - 8.6 hours
=] o
2 / o
2 I 0| ——
& 200- g & 200 - —_
I SAC:states — DrQ
SAC:pixels — DrQ-v2
Q = ' I 1 1l 1 1 Q=1 s i l i 1
00 05 1.0 15 20 25 3.0 0 10 20 30 40 50
Frames (x10%) Hours (for 3 x 10° Frames)

[Mastering Visual Continuous Control: Improved Data-Augmented RL, Yarats et al., ICLR 2021]
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Course Logistics

Lecture Outline

© End-to-End Reinforcement Learning

@ What are Good Representations?

© Implicit Regularisation: Data Augmentation
@ Course Logistics

© Explicit Regularisation of Representations

@ Conclusions
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Course Logistics

Course Logistics

Please vote for the quiz.

Reasons:

@ You get more time for the project submission. Can be extended by 2 weeks from March
23 to April 7th.

@ Quiz will not be mostly conceptual.
© Will help you revise from lecture 4-8.
© 2 more labs remaining.

© Al grading should be out next week.
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Course Logistics

Break
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Explicit Regularisation of Representations
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© Explicit Regularisation of Representations

@ Conclusions

Dr. Amey Pore (Winter 2026) Representation Learning for RL March 4, 2026



Explicit Regularisation of Representations

Explicit Regularisation of Representations

JIC|[&

Generative modeling Contrastive losses Self-supervision

Learn the data distribution using Use classification losses to learn Exploit knowledge of data to
generative modeling, often through ~ representations that preserve design learning tasks which lead to
reconstructions. temporal or spatial data consistency. useful representations.
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Explicit Regularisation of Representations

Latent variable models

@ Model the data generating process as a mapping from a
low dimensional unknown (latent) space to the data
distribution

@ Inference: Find p(z|x)

inference generation

@ Intuition: Find the underlying factors which generated
the data (with uncertainty estimates)

e Finding p(z|x) is often intractable, and we thus have to
resort to approximations
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Explicit Regularisation of Representations

Generation vs Inference

R 1S J
bl Y
discrete: continuous:
glasses hair colour
eye colour
nose shape

Amey Pore (Winter 202 Representation Learning for RL



Explicit Regularisation of Representations

Variational Autoencoders

@ Maximum likelihood:
Ep-(x) [log po(x)] Role of the prior

@ The KL term regularises the
approximate posterior to the

o Latent variable model:

log py(x) = log | py(x|z)p(z)dz prior
e Lower bound on maximum likelihood objective @ Use the prior to specify
(ELBO): properties we would like the
posterior to have, such as
log pg(x) = Eq, (z}x) log po(x[2) — KL(g,(2|x)l|p(2)) disentanglement
recor?s,truct stay close to prior

@ Approximate posterior:

qn(z[x)
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Variational Autoencoders (VAE)

Latent
distribution

Input t —|  Reconstruction
~ - P

‘ . Encoder +I Decoder ._»’ ‘
| L | qulalx) po(xjz) | L
- |+

Z Capacity constraint
Lvag(0,¢) = Eq, (zx) [ log po(x|2)] — KL[q4(2|x) || p(2)]

Reconstruction cost

T

[Auto-Encoding Variational Bayes, Kingma et al., ICLR 2014]
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Beta-VAE

Change the weight of the KL term

Eqn(l\x) |Og PG(X\Z) - 5KL(qn(z|x)| ‘P(Z)) to encourage disentangled

representations

(a) Skin colour

G&?EG'

(b) Age!gen er

(c) Image saturation

[beta-VAE: Learning Basic Visual Concepts with a Constrained Variational Framework, Higgins et al., ICLR 2017]
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Beta-VAE in RL: DARLA

[DARLA: Improving Zero-Shot Transfer in Reinforcement Learning, Higgins et al., ICML 2017]
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Explicit Regularisation of Representations

DEAR: Disentangled Environment and Agent Representations

ﬁisentang!ed

Environment
Agent
Representations

Latent Space

) Agent
\T/ features

Environme
features

/

o Concatenation

%\m Backprop

[DEAR: Disentangled Environment and Agent Representations for Reinforcement Learning without Reconstruction, Pore
et al., 2024]
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Explicit Regularisation of Representations

Contrastive Learning
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Explicit Regularisation of Representations

Contrastive Learning

Negative \
Y
Anchor g LEARNING e

o— g _ _ Negative

e Anchor _ @

Positive Positive

@ For an anchor x, we are given a positive sample x* and a negative sample x~
@ The learning objective is to:

o Minimize the distance between the anchor and positive
e Maximize the distance between the anchor and negative

Idea: Learn features that are common between data classes and features that set apart a data
class from another.

[FaceNet: A Unified Embedding for Face Recognition and Clustering, Schroff et al., 2015]
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Explicit Regularisation of Representations

Contrastive Learning in RL

Anchor Negative
Input ) ‘ separate
¢ (.-.\.’ ¥ =
F . push close
tive
Y

100 x 100

84 x 84

@ Anchor and positive observations are two different augmentations of the same image
@ Negative observations come from other images

[CURL: Contrastive Unsupervised Representations for Reinforcement Learning, Srinivas et al., 2020]
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Explicit Regularisation of Representations

Contrastive Learning in RL

@M‘ buffer \ /——'-\
% | 4=Jo(0) | | Reinforcement
: el || [ goticmm

\. 4
">l Unsupervised
Learning

\. 4

Observation

A

@ During the gradient update step, only the query encoder is updated

@ The key encoder weights are the moving average (EMA) of the query weights

[CURL: Contrastive Unsupervised Representations for Reinforcement Learning, Srinivas et al., 2020]
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Explicit Regularisation of Representations

Contrastive Learning in RL: Results

Median Scores on DMControl100k and DMControl500k

1000 923 = 500k env steps
=== 100k env steps

500 779

600

400

N I I I 137 133 I
o

State SAC CURL Dreamer SLACv1 SAC+AE PlaNet Pixel SAC

Evaluation Score

[CURL: Contrastive Unsupervised Representations for Reinforcement Learning, Srinivas et al., 2020]
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Explicit Regularisation of Representations

Temporal Representation Learning: Time Contrastive Networks

© Extract features that are invariant
to the camera angle and the
manipulated objects

g2 -
anch \-T positiva .-g:.J.d-\--.-T

- “TCN smbedding ---"-"Lﬁp’-"““-"’'i""i'""-'I @ Reward function based on the

“‘":”““’""”"} / sespratwork \ v distance between the TCN
embeddings of human demo and

the camera images recorded with

robot camera
@ Video: link

Wiew

1 -

Tt T negative  Time

[Time Contrastive Networks: Self Supervised Learning from Video, Levine et al., NeurlPS 2017]
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https://www.youtube.com/watch?v=b1UTUQpxPSY

Explicit Regularisation of Representations

Temporal Representation Learning: Shuffling

@ Learns representations that are temporally
different

@ Could help RL: Not applied yet

[SCVRL: Shuffled Contrastive Video Representation Learning, Dorkenwald et al., CVPR 2023]
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Explicit Regularisation of Representations

Temporal Representation

Encoder
z; = falof)

Target encoder
z: =l fo:‘}

Replay
buffer

Learning:

>

L

—

Temperal sample
(z5.27,,)
A

Mon-temporal different

episcds sample
(2},2q)

MNon-temporal same
episode sample
(x5.2},)

Disentanglement

Reinforcement
Learning

‘—\_‘\

Classifiar .2

¥ = galzi 2f)

--—» RLIoss

[Temporal Disentanglement of Representations for Improved Generalisation in Reinforcement Learning, Dunion et al.,

ICLR 2023]
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Explicit Regularisation of Representations

Temporal Learning: Results

1000 ¥ 1000 0.0

B0

Mean eval returns

18

05

1 2 3 4 o 1 .
Training Hmesieps 1e5 Traitineg fimesteps 165
(a) cartpole_swingup (b) finger_spin (c) panda_reach
—— RAD-TED RAD RAD-DR —— CURL - DBC — DrQ

[Temporal Disentanglement of Representations for Improved Generalisation in Reinforcement Learning, Dunion et al.,

ICLR 2023]
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Explicit Regularisation of Representations

Self-Supervision
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World Modelling

@ Forward
o Predict next state and possibly reward

Q Inverse
o Predict the action that generated the transition from s to s’

Dr. Amey Pore (Winter 2026) Representation Learning for RL March 4, 2026



Explicit Regularisation of Representations

Forward Dynamics Modelling

Direct pixel to pixel prediction may be too complicated, better to use a latent representation

state action Next state

[Incentivizing Exploration In Reinforcement Learning With Deep Predictive Models, Stadie et al., 2015]
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Forward Dynamics Modelling: Latent Modelling

A common approach is to extract the latent representation via an auto encoder

flomm - , &

State

embedding

action Next state

[A Study of Count Based Exploration for Deep Reinforcement Learning, Tang et al., NeurlPS 2017]
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Example: DREAMER

@ Learn latent space dynamics model @ Learning Latent Dynamics for
Planning from Pixels, Hafner et al.,
@ Multi-step prediction ICML 2019
. . @ Dream to Control: Learning
o Planmng in latent Space Behaviours by Latent Imagination,

Hafner et al., ICLR 2020
@ Mastering Atari with Discrete World
Models, Hafner et al., ICLR 2021

@ Mastering Diverse Domains through
World Models, Hafner 2024

.'|

- ]

(a) World Model Learning (b) Actor Critic Learning
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Explicit Regularisation of Representations

Example: DREAMER Results

Generate imagined trajectories using dynamics model

a Atari ProcGen DMLab Minecraft
57 tasks, 200M steps 16 tacks, 50M steps 30 tasks, 100M steps 1 task, LO0OM steps
900 70 9
600 501 6
300 3018 - 3
1010
0 0

Ataril00k Proprio Control  Visual Control BSuite
26 tasks, 400K steps 18 tasks, 500K steps 20 tasks, 1M steps 23 tasks
130 900 900
a0
2 i 600 o o 600 ” f?\l

Q wn 30019 3004 © o

o = e

10_“‘EE OR:,QC. 03;.um
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Explicit Regularisation of Representations

Is Everything Relevant?

@ Forward models have to concentrate on each
individual pixel to be able to reconstruct the
image

@ For controllability, we may need to predict only
changes that depend on agent's actions, ignore
the rest

[Burda et al., Large-Scale Study of Curiosity-Driven Learning, ICLR 2019.]
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Explicit Regularisation of Representations

Inverse Dynamics Modeling

Intuition: Inverse model / should be robust to uncontrollable components

State Next state _/
embedding embedding

(o) ,o(E ) ——

action
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Explicit Regularisation of Representations

Decoupling RL and Representation Learning

Pre-trained vision models for control

Environment

Phase 1: The perception module is

detached from the policy. Trained once on :
out-of-domain data (e.g. ImageNet) and

frozen /;;

Phase 2: Policy training. Control policies

are trained on the deployment env reusing I Palicy
the frozen perception module

1. PVR Pre-Training —————— 2. Policy Training on Many Tasks

.|. Visien Da(aeota. | oxt-at-namesa —
[ | ™ e P = i
| Mtion

i

preairttan [ Vision | [ contrel | e |
| Hodal J | Policy & .2
[Tradned) {Tradoed) {Frazen} |5

[The (Un)surprising Effectiveness of Pre-Trained Models for Control, Parisi et al., ICML 2022]
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Explicit Regularisation of Representations

Decoupling RL and Representation Learning: Results

Habitat Adroit DMC Kitchen

86 88

80

® Ground-Truth = Our PVR m From Scratch

[The (Un)surprising Effectiveness of Pre-Trained Models for Control, Parisi et al., ICML 2022]
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Explicit Regularisation of Representations

Different Layers Encode Different Invariants

Habitat Adroit pMmc Kitchen
a0
i E7 . 43
80 78 21 b 17 . - 729 &1
% F?l | lm"llﬁ‘ |” 70 e |’I 71 12 A J2 ool 0 G i 175 ; 71
= : ‘ | H = 65 55 2l E
. -- L (3
84
@ 80 18 177 79 == 79 d
g ]??i FSJ 75 i" ,5 Tt 70 7 BB . | e L
z *ﬁ E. h i d== |66
4 5§ 4 5§ z 5

® Ground-Truth ~ » MoCo Aug+ (RN50) = MoCo Crop (RN50) = 5L (RN50)

o Later layer features are better for high-level semantic tasks (Habitat ImageNav)

o Early layer features are better for fine grained control tasks (manipulation in MuJoCo)
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Explicit Regularisation of Representations

LLMs as Policy: Text + Image — Policy

Task: Find an apple and put
it away In the fridge.

Not MDP

[Large Language Models as Generalizable Policies for Embodied Tasks, Toshev et al., ICLR 2023]
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Explicit Regularisation of Representations

LLMs as Policy: Text + Image — Policy

Generalization Across Novel Tasks

Pick a novel task

Multiple Objects LLaRP
Find and put afl the apples in the fridge.
.
Movel Objects
Find a pear and put it away in the fricge. Act on novel

instructions

Referring Expressions
Find the round red fruit and put it in the fridge

Context
| am hungry for somath
Put a snack for me on the

waet and haalthy.

Spatial Relationships
Find an apple and pat it in the receptacia to
the I'-gl'" of the kitchen counter,

Conditional Instructions
f the fridge Is open, put an apple Inside,
otharwize put an apple on the countar

Amey Pore (Winter



Explicit Regularisation of Representations

Promptable Representations for Reinforcement Learning (PR2L)

itstes Tans: Find Tolet

e

Promptable Representations for Reinforcement Learning (PR2L)

Vision-Language Model

Frozen LLM Transtormer Layers @

Policy

u;n
Poliey Netwsrk
t t

Hisaisal Dirservtions.

:n;:.e Transfarmer i
s e

= Dacodar

|
} CLE

[Promptable Representations for Reinforcement Learning (PR2L), arXiv. pr2l.github.io]
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https://pr2l.github.io
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© End-to-End Reinforcement Learning

@ What are Good Representations?

© Implicit Regularisation: Data Augmentation
© Course Logistics

© Explicit Regularisation of Representations

@ Conclusions
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Conclusions

Conclusions

@ Representation learning in RL is a vast topic
o We cover only a few aspects

@ Pre-trained representations are popular nowadays

@ Using language as a common input/representation
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Conclusions

Implementations

e DrQ-V2: Mastering Visual Continuous Control: Improved Data-Augmented

Reinforcement Learning
https://github.com/facebookresearch/drqv2

@ CURL: Contrastive Unsupervised Reinforcement Learning
https://github.com/Mishalaskin/curl

o DEAR: Disentangled Environment and Agent Representations
https://github.com/Ameyapores/DEAR

March 4, 2026

Dr. Amey Pore (Winter 2026) Representation Learning for RL


https://github.com/facebookresearch/drqv2
https://github.com/MishaLaskin/curl
https://github.com/Ameyapores/DEAR

Conclusions

Thank You!
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