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Previous Work

Learning by Actively Interacting with the World

Lori Blahey / epl.ca
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We cannot just iterate !

Source and prepare @

e—=o Code your model

your data : Train, evaluate and
tune your model

o o o o

Deploy your trained

Get predictions Monitor the ongoing Manage your models

model from your model predictions and versions

Interleaved

Interleaved Training Curriculum
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Blocked Training Curriculum

i
Y -~ task switch
0 100 200
training epoch

Humans, but not machines, seem to benefit from training regimes that blocked one task at a time,
especially when they had a prior bias to represent stimuli in a way that encouraged task separation.

o
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Self-Play
From AlphaGo

Why is Go hard for computers to play?
Game tree complexity = b"d
Brute force search infractable

- Search space is huge
“Impossible” for computers to evaluate who is winning
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Source: AlphaGo-tutorial-slides (2016 ICML)
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Self-Play
From AlphaGo
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http://www.youtube.com/watch?v=4PyWLgrt7YY&t=50

S e | f_ P | O y Evaluation Move probabilities
From AlphaGo

AlphaGo

combines Monte Carlo Tree Search (MCTS) with deep neural
networks - specifically a policy network to predict promising moves
and a value network to evaluate board positions - where both
networks are frained through supervised learning on human expert
games followed by reinforcement learning through self-play.

Position Position

Human expert Supervised Learning Reinforcement Learning Self-play data Value network

positions policy network policy network
- ¢ ‘Self Playl : ‘Self Play‘ -
Source: AlphaGo-tutorial-slides (2016 ICML)
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Self-Play
From AlphaGo

Reinforcement learning of value networks

Value network: 12 layer convolutional neural network

Reinforcement learnii

Training data: 30 million games of self-play

Policy network: 12 layer convolution - . L . .
Training algorithm: minimise MSE by stochastic gradient descent

Supervised learning

Training data: games of self-play be

Ovg(s)
Policy network: 12 layer convolutic Training algorithm: maximise wins :z A 90 ( — Ve (s))
Training data: 30M positions from
= > Ao M Training time: 1 week on 50 GPUs using Google Cloud
Training algorithm: maximise likel Oc . . . . . . .
Results: First strong position evaluation function - previously thought impossible
: Training time: 1 week on 50 GPUs u: .
Ao x 9 log‘ s b Google DeepMind
¢ Results: 80% vs supervised learning.
Training time: 4 weeks on 50 GPU © Google DeepMind

Results: 57% accuracy on held out test data (state-of-the art was 44%)
b Google DeepMind

Source: AlphaGo-tutorial-slides (2016 ICML)
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Self-Play
Key Challenges

Challenge 1. Position Evaluation

How do we know if the current state is good or bad?

In Go: Who's winning in the middle of the game? The Core Problem:
No clear reward signal until the very end

Traditional evaluation functions break down

Self-play needs to solve both evaluation

. . and curriculum generation simultaneously
Chollenge 2: Curriculum DeS|gn while the agent is still learning

What tasks should we practice next?

How do we generate experiences that actually help learning?
Too easy = no improvement

Too hard = agent gets stuck or learns poorly

Need the "Goldilocks zone" of difficulty

Heterogeneous Adversarial Play in Inferactive Environments NeurlPS 2025



Interactive Self-Play
Why Self-Play in Human/Machine Learning

For human: foundation for learning

e Self-Play enables children to engage in active hypothesis
testing, crucial for theory formation and causal learning

e Inferactive play, especially with expert-designed curricula,
scaffolds cognitive development

e Physical and social play enable embodied learning

For machines:

e Inferactive agents that "play" can autonomously generate
learning examples, refine its strategies, discover new
behaviors, such providing rich, self-supervised learning
signals that drive more effective learning.

Examples: Reinforcement Learning, Auto-Curriculum Learning

Stimulates w. Improves

early brain | & g - communication,

development , : - language and
7 ﬂw - 7)) vocabulary

Advances \ 4 | - o ‘ »
impulse control ' 3 - = )
a:d emotional % N Z £ a Grows social

regulation o)) = e u:;;i:z‘:;‘
. .
;fi, b7
Develops " LNy “ Encourages
intelligence and and improves
problem solving ¢ Q cna':ivt
skills $ thinking.

Source: Think Right
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Interactive Self-Play
Why Self-Play in Human/Machine Learning

For human: Foundation for Learning

e Self-Play enables children to engage in active hypothesis
testing, crucial for theory formation and causal learning

e Inferactive play, especially with expert-designed curricula,
scaffolds cognitive development

e Physical and social play enable embodied learning

For machines:

e Inferactive agents that "play" can autonomously generate
learning examples, refine its strategies, discover new
behaviors, such providing rich, self-supervised learning
signals that drive more effective learning.

Examples: Reinforcement Learning, Auto-Curriculum Learning

Source: Think Right
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https://docs.google.com/file/d/19FLYCgTXL4o8XbUhcr_1D4Bmpo0oHwWD/preview

Why Curriculum

Learn Better when Experiences Build Progressively

Humans and machines learn faster when experiences
build progressively.

e Curricula help learners form more abstract and
transferable representations, and gradual scaffolding
avoids cognitive overload and keeps learners
motivated

e Curriculum reduces the risk of getting stuck in poor
solutions (local minima) by guiding learning through
progressively harder tasks.

small & easy larger & harder whole training
subset subset ~ t
Q1

Training process

An example: Data Curriculum

Source: kitzorz
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An example: You can never learn Math from Calculus
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Auto-Curriculum
Curriculum Learning in Interactive Environments

An intuitive idea:
An expert defines a fixed curriculum for training

e Agents are not ideal students—they may learn at different
paces, encounter unique challenges, and their capabilities can
evolve unpredictably

Another intuitive idea:
Consider a teacher-student setup in which the teacher
dynamically manages the learning process

e On what basis should the teacher evaluate and update the

Ayoied learning process?
KAMPR.

Source: https://rlcurriculum.github.io/
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Auto-Curriculum
Curriculum Learning in Interactive Environments

Learns a model of Multi-armed Reinforcement . . . ..
— bandits framing An expert defines a fixed curriculum for training
oS SISt o Decisiorithesry Markov Decision e Theideais to have one "arm" per task, and try to find which
SIS AN P tasks has the highest reward. In our case, reward really means

, _ “student progress".
Actions do not affect  Actions change state of

the state of the world  the world dynamically

: — wy(t)
P(pick task k) = (1 — 'y)m + 2
wi(t)e?" /K selected task

wi(t+1) =
il ) wy(t) other tasks

_ r(t)
r (t) " P(pick task k)

A

Source: https://rlcurriculum.github.io/
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Auto-Curriculum
Curriculum Learning in Interactive Environments

Learns a model of Multi-armed Reinforcement . . . ..
— bandits framing An expert defines a fixed curriculum for training
oS SISt o Decisiorithesry Markov Decision e Theideais to have one "arm" per task, and try to find which
SIS AN P tasks has the highest reward. In this case, reward really means

“student progress” (singnal).

Actions do not affect  Actions change state of

the state of the world  the world dynamically Progress Signal Definition
Prediction gain (PG) vpg = L(z,0) — L(z, ')
P(ple task k) = (1 = ')’) 2::2’;752(” + % Gradient prediction gain (GPG) vgpa = ||VL(z,0)|3
Self prediction gain (SPG) vspg := L(z',0) — L(z',¢') z' ~ Dy,
Wy, (t)e'ﬁ(t)/ K gselected task Target prediction gain (TPG) vrpe :=L(z',0) — L(z',0')  a' ~ Dy
s (t T 1) - Wy, (t) other tasks Mean prediction gain (MPG) vype == L(z',0) — L(«', ) @' ~ Dy, k ~ Uy
T(t) Gr.adient variational complexity oo e [VM,KL(qu||Q,/,)]TV¢]E9NP¢L(w, 0)
ﬁ(t) = m gain (GVCG)

L2 gain (L26) Lys(x,0) = L(z,0) + 5110113
Source: https://rlcurriculum.github.io/
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Auto-Curriculum
Curriculum Learning in Interactive Environments

0.35 - getigem]
S v 030 ’\ e get[gold]
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num teacher updates Source: https://rlcurriculum.github.io/
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Auto-Curriculum
The Asymmetric Self-Play Idea

Another idea:
Two versions of the same agent:

e Alice will "propose” the task by doing a sequence of actions
e Bob must undo or repeat them, respectively.

Self Play Episode (no supervision -- internal reward only) Target Task Episode
! ) (supervision from external reward)
__iTOP

Alice’s turn Bob’s turn
Source: Infrinsic Motivation and Automatic Curricula via Asymmetric Self-Play, ICLR.

Bob applied to target task

Heterogeneous Adversarial Play in Inferactive Environments NeurlPS 2025



Auto-Curriculum
Automatically Generating Curriculum

Algorithm 1 Pseudo code for training an agent on a self-play episode

function SELFPLAYEPISODE(REVERSE/REPEAT,tmMax, 04,0B)
ta+ 0
So < env.observe()
s* < so
while True do
# Alice’s turn
ta+ta+1
s < env.observe()
a <+ ma(s, s0) = (s, 80,04)
if a = STOP or t4 > twmax then

s* s (@) (b) (c) (d)
) . - 4 ‘ 14
;’;Z';ise 5 : ; — 1 object g Alice
env.act(a) 0.3 g oz!ec:s 2 Bob a‘&) 2
tp+ 0 Eo.zs E o SDIEC T 1 D 4,
while True do el e} @ ®
< o <
#Bob’s turn g " kS 5 ° 8
WANASAA A AAN AN
s < env.observe() o8 & 005 C = 3
ifs=s*orta+ts > tmax then 04 : _ZW 2
10
break 0.05 g
tp—tp+1 W i
a <+ ma(s,s*) = f(s,s",0B) % 05 1 15 2 % 05 1 15 2 o 05 1 15 2 % 05 1 15 2
env.act(a) Self-play episodes  x10° Self-play episodes x 10 Self-play episodes «x10°® Self-play episodes  x10°®
R4 <+ ymax(0,tp —ta)
RB — —’)’tB

policy.update(R 4, 6.4)
policy.update(Rg, 05)
return

Source: Intrinsic Motivation and Automatic Curricula via Asymmetric Self-Play, ICLR.
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Heterogeneous Adversarial Play

Teacher-Student Interplay as Adversarial Game

(a) Automatic Curriculum Learning (Teacher-Student)

Learning Heuristic
Feedback Teacher

Switching Policy

@5 Student (oracle / expert ... )
—— ENV

Action =

Trstudent
 ——
Training

Reward Selected
ENV Task

At the simplest level: the task generator is rewarded if the problem solver

(b) Heterogeneous Adversarial Play (Ours)

HAP
Learning Teacher
Feedback
T

/ teacher \

solving

rate - ENV
Student Student Lastn Record Obs.

{[R, )., [R,.],} —> IpTeacher

For For Teacher:

Trstudent Action T §§ Maximize: §§ Minimize ¢

Reward Student Reward
solving
rate + .
Student Designed
Reward ENV Curriculum

solve the

problem, and the problem solver is so if the proposed challenge is

Heterogeneous Adversarial Play in Interactive Environments
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Heterogeneous Adversarial Play
Teacher-Student Interplay as Adversarial Game

e Student agent learns a solve policy 7(als, C; #) in environment &:
méiX Jstudent(e) — ECNp@r(C) []ETNW(.|C;9) [R(T, C)H

e The teacher agent evaluates the student's current learning state and strategically selects
appropriate tasks.

Hl(?X Jteacher(@) - ECN])O(C) [ETNW(~|C;9) [—R(T C)H

Heterogeneous Adversarial Play in Inferactive Environments NeurlPS 2025



Heterogeneous Adversarial Play
Adversarial Formulation

Algorithm 1: Heterogeneous Adversarial Play (HAP) Training Loop

Data: Initial 0, ¢; learning rates «, 3
while not converged do

-

;/* 1. Teacher’s Adversarial Task Selection: */
Generate task distribution: py(C)oc exp(¢);
;/+* Minimization strategy: Sample task C ~ ps(C) to challenge
current w */

;/* 2. Student’s Policy Maximization: x/
4 Execute 7(a|s, C; 0), collect trajectory T; Zero-sum game between
5 Compute reward signal: R(;C) = 311 ~'ry; the teacher and student
6 Update 6 to maximize returns:;
; 0 — 0+ aVoE. [R(r: C)]: can also be modeled as a

;/* 3. Teacher’s Adversarial Update: */ . 'fOI" ease

Update ¢ to minimize student success:; of implementation:

9 ¢ « ¢ — BVyEc [R(7; O)]; :
10 where V g Jicacher = —Ec [V logps(C) - R(1;C)]; min max J((g q§>
11 end ¢ 0

Heterogeneous Adversarial Play in Inferactive Environments NeurlPS 2025



Heterogeneous Adversarial Play

A Preliminary Study

We discover the advantages of HAP through an

intuitive navigation experiment.

e Simple: 2 grids

e Middle: 4 grids

e Hard: 8 grids

e Extreme Hard: 16 grids

(a) Training Curves
= HAP (ours) == DQN (exp_frac=0.5) == DQN (exp_frac=0.1) == SAC A2( TD3

Reward

v eV ,M’)N' 4 /A et Y o) o
“.v\“d\ VNI WIS

0.8

0.6

(b) Tasks 04 )
—Simple —Middle —Hard Extreme Hard

1.0 4 ——— A — o —_— . A

e p— A—4
0.8 / ‘<*k"’———: / ’ ) / r— 02
06 # / /A/ Y )
0.4 / o=t l‘ S id Training Step
0.2 A P 0
0.0 £ . 50k 100k 150k 200k

10k 50k 100k 150k 200k 10k 50k 100k 150k 200k 10k 50k 100k 150k 200k 10k 50k 100k 150k 200k
HAP (ours) DQN (exp_fac=0.5) SAC A2C
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Heterogeneous Adversarial Play
A Preliminary Study

HAP benefits from two key design elements:

e (i) a positive feedback loop, where the teacher increases the sampling probability of a task the learner
fails often, thereby accelerating the learner's acquisition in a specific skill

e (ii) a negative feedback mechanism, which lowers the sampling probability for tasks the learner has
already mastered.

(c) Curriculum Selection Probability
0.6 /
04 55
03 7 T N ——
02 """“"'""'“““"“"‘::f,:,;.::.: __________________________ task success rate during evaluation
(negative feedback) a7 . Step e — — — — task importance
12k 14k 16k 18k 20k
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Heterogeneous Adversarial Play
Testing in Complex Multi-task Scenes

e Top: Minigrid environment with six selected tasks.

o Bottom Left: CRAFT and Crafter environments

e Bottom Right: A portion of the task dependency graph. Starting from the root node, any path
defines a multi-step task that an agent must complete when interacting with the environment.

Simple Minigrid

[m} Hard
= ==
|
Empty Crossing Fetch LockedRoom GoToDoor Playground
=,
Craft/Crafter Simple —
< ake
" Task: get a wood
- I \ get ~ Task: get a dimond
i )
> @ make get
L 1 make .
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Heterogeneous Adversarial Play
Testing in Complex Multi-task Scenes

From Results: An active curriculum not only promotes but
also across tasks.
Algorithms
Env DQN A2C PPO SAC TD3 DreamerV3 TSCL EXP3 HAP Human
Minigrid

Easy 098 094 088 097 0.95 0.96 09 097 092 @ 1.00
Middle 024 025 022 027 0.26 0.34 021 024 046 0.78
Hard 0.00 0.00 0.00 0.13 0.08 0.18 0.16 0.18 020 0.46
General 0.407 0.397 0.367 0.457 043 0.493 0.443 0.463 0.527 0.747

CRAFT
Easy 078 0.84 087 087 0.86 0.89 094 091 088 094
Middle 0.26 045 048 042 042 0.55 024 056 063 0.86
Hard 0.02 0.14 0.12 0.15 0.14 0.27 0.03 024 031 0.66
General 0.278 0.415 0426 0.413 0.407 0.516 0.307 0.513 0.562 0.802

Crafter
Easy 061 079 094 091 0.84 0.91 0.82 087 0091 0.99
Middle 0.28 037 0.67 047 0.39 0.66 045 058 0.68 0.82
Hard 000 0.00 047 022 0.29 0.52 0.00 0.02 058 0.74
General 0.297 0.387 0.693 0.533 0.507 0.697 0.423 049 0.723 0.85

Heterogeneous Adversarial Play in Inferactive Environments NeurlPS 2025



Heterogeneous Adversarial Play
Qualitative Analysis on Crafter Scores

From Results: An active curriculum not only promotes but
also across tasks.
Models
DreamerVv?2 PPO DreamerV3 HAP (ours) Human Experts
100

10

Score (log scale)

0.1

0.01
X (] > (2 (] 4 e < R (2 (2 <
0(\\{- \\QQ 06 2 ,5\' (}6 \)Q * O(\ 00$ r,)"' 04\b 2 9 ‘Q\ 06 &© \,oo o ’Z>+ éb ’b(’ S
R FFEF P L EFSTGE T ST E
o e’ oF
R SR NRNZ MO P & o8 IS OIS & S$ & A
N o S N\ Q& o Q N Q o N C <
¢ & & & C & & R & & & e
e 2
é\q}{_@ \“’8{, ,8’&-?/ ’8{- (,0 Q Q N ‘“’O
A\
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Heterogeneous Adversarial Play
Demos

From Results: An active curriculum not only promotes faster convergence but
also bolsters stability across tasks.

Reward: 5 Reward: 3

Bad cases

Heterogeneous Adversarial Play in Inferactive Environments NeurlPS 2025



Heterogeneous Adversarial Play
Validation on Human Study

We conduct a human study to compare the
curriculum proposed by the tfeacher model of HAP
against expert-designed pedagogical strategies
from human subjects. We find that:

e The presence of well-designed curriculum significantly
accelerated early-stage mastery for both humans and
models.

e While humans showed greater improvement within a
single step when provided with expert step-by-step
tutorials, the HAP framework offered more flexible,
adaptive curricula tailored to individual behaviors.

Score

Stage 1: Empty Environme:
o000

Stage g
o000
Stage 3: Door Key
0000

ur
e0000

Stage 5: Locked Room
(XXX}

Stage 6: Playground

nt

—e— Without Tutorial

@ With Expert Tutorial
41 —a— With Auto Tutorial
Standard Error (SE)
Min-Max Range

B Without Tutorial
=3 With Expert Tutorial
[ With Auto Tutorial

Count

0 P |Cu\or darkness increases with step number L
0 1 2 3 4 5 6 i 8 9 ambiguous button key door
Step Object
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Heterogeneous Adversarial Play

Demos

—

Bad cases
(Open the Door /

Use key)

l

Curriculum

Generated by HAP
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Accuracy

Heterogeneous Adversarial Play
Further Study on Self-Supervised Learning

From Results: An active curriculum not only promotes but also
across tasks,

On CIFAR-100-Standard On CIFAR-100-Imbalanced-50 On RTE-Standard On RTE-Noised-0.4
0.8 0.5 0.8 0.7
0.7 T
2 - | oo e e 0.7 .
06 . 0.4 AR AR S 0.6
2 AWV v ¥ q g - —
-~ Vel 0.6 Y s —— s Z
/ Models 0.3 f A Models 2 = Models 0.5 Models
0.4 / Ve base A base 0.5 base base
ttcl P y ttcl - ttcl ttcl
0.3 i — spl 0.2 " 2l — spl 0.4 spl 0.4 spl
02 e Ire / Ire : — lre — Ire
! screener_net 0.11/ : v screener_net screener_net 0.3 screener_net
0.1 et mw_net ’ mw_net 0.3 mw_net mw_net
/ ours Vel ours ours ours
0.0 ° 0.0 = 0.2 0.2
0 20 40 60 80 100 120 140 0 20 40 60 80 100 120 140 0 2 4 6 8 10 0 2 4 6 8 10
Training Epochs Training Epochs Training Epochs Training Epochs
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Heterogeneous Adversarial Play
Summary

e We propose Heterogeneous Adversarial Play, a zero-sum game framework where
distinct teacher and student networks co-adapt dynamically, enabling automated
curriculum design without predefined task hierarchies or symmmetric architectures.

e Our method achieves superior performance in complex, multi-task environments and
supervised learning benchmarks, demonstrating faster convergence and robustness
to noisy/imbalanced data compared to state-of-the-art baselines.

e HAP's emergent curricula mirror human pedagogical strategies—such as revisiting

foundational skills during plateaus and scaling difficulty contextually—while offering
personalized adaptation that surpasses fixed, expert-designed teaching approaches.

Heterogeneous Adversarial Play in Inferactive Environments NeurlPS 2025



Heterogeneous Adversarial Play
Future Extension

e Open-ended Play
e Synthetic Data Generation via Self-play

Heterogeneous Adversarial Play in Inferactive Environments ~ NeurlPS 2025



Open-ended Play

Generally capable agents emerge from open-ended play

The XLand Universe

Capture the Cube The points in the galaxy are games where 2D posi- Match a Sphere and a Cube
tion is embedded distance, the size is the balance
Rules of the game, and the colour how competitive the Rules
i game is (blue s fully competitive, pink is fully coop- Blue agent wants:
erative). purple sphere to be i o ) '
Blue agent wants a near purple cube

yellow cube to be i X, Galaxy of games
on the white floor

Red agentwantsa  Competetive | SN
yellow cube to be

on the blue floor Balance —
Options -

Exploration | I
difficulty

Or: Yellow sphere to
be near yellow cube ve -v

Or: Black sphere to
be near black cube

Red agent wants: Competetive | |
purple sphere to be

Balance | IEEG—_—
near purple cube

Or. Yellow sphere to | oprions —
be near yellow cube

Or.Black sphereto  Exploration |l

be near black cube | difficulty

Hide and Seek

Rules

Blue agent does
not want to be
seen by the red
agent

Redagentwanisto  Competetive | NS
see the blue agent

Balance -
Options  |mEE

Exploration |l
difficulty

Open-ended neural agents, trained
in a universe of ever-changing,
automatically generated tasks and
games, manifest highly
generalizable problem-solving and
social skills—pointing the way
toward generally capable artificial
intelligence systems.

Heterogeneous Adversarial Play in Inferactive Environments NeurlPS 2025



Open-ended Play

Generally capable agents emerge from open-ended play

22222222222



Open-ended Play

Test Example 2: Agent facing a new challenge and shows tool use
A goal composed of a single option with a single predicate, requiring getting to the purple pyramid
but without any static ramps to navigate up the world topology

No ramps up to platform
with a pyramid

s

) L) ® . ®
Agent sees the target Agent throws objects Agent uses a freeze Agent notices the Agent uses a newly
object but cannot around, hoping to find a gadget on a flat object frozen object built ramp to reach its
reach it ramp underneath forms something goal
like a ramp.
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Open-ended Play

Emergent tool use from multi-agent interaction



http://www.youtube.com/watch?v=kopoLzvh5jY

Thank You for Watching !
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