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Andrew Barto and Richard Sutton
Receive 2024 ACM A.M. Turing Award

e announced Mar 5, 2025!

AWARDS & RECOGNITION

Andrew Barto and Richard Sutton Receive 2024 ACM A.M. Turing Award=

Andrew G. Barto™ and Richard S. Sutton (' received the 2024 ACM A.M. Turing Award for developing
the conceptual and algorithmic foundations of reinforcement learning. In a series of papers beginning
in the 1980s, Barto and Sutton introduced the main ideas, constructed the mathematical foundations,
and developed important algorithms for reinforcement learning—one of the most important approaches
for creating intelligent systems. Barto is Professor Emeritus of Information and Computer Sciences at
RichardSution the University of Massachusetts, Amherst. Sutton is a Professor of Computer Science at the University
of Alberta, a Research Scientist at Keen Technologies, and a Fellow at Amii (Alberta Machine

Intelligence Institute).

https://www.acm.org/media-center/2025/march/turing-award-2024 2



In Short
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e Key ldea: Use the Gumbel distribution to fit the soft-optimal value function

Extreme Q - Learning Algorithm
1. Learn V" via L(V)=E,_, {e(ék(s’a)v(s))/ﬂ}—E [(Qk (s,a)-V (s))/ﬁ} -1

s,a~u
2. Update Q via Q“**(s,a) = r(s,8)+ 7By pia) [V* (s’)}
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What is the Problem?@
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What was Maximum Enfropy RL?

MaxEnt RLe| = H
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optimal maximum entropy bellman equation can be rewritten with log-sum-exp (details later)
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still intractable!
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— O] A= extreme value theoryE ZH-E UL}
— soft-optimal utility functions with logit (or softmax) choice probability naturally arise when utilities are assumed to have
Gumbel-distributed errors



Gumbel Distribution

e PDF of Gumbel distribution G(u, 8)

Gumbel PDF
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Gumbel Distribution and RL

Target y = r(sg,a;) + Yy max Q" (S, ryq)

Qt+1

= r(s;, a;) + y max (r(stH, Qryq) + ¥y Max(Q™(Sp42, Qpyn) + €442) + (’t+1)
A4 g4z
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Max errors tend to aggregate!!



Bellman Update Errors from SAC on Half-cheetah

e Errors are Gumbel distributed, not Gaussian!
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Log-Sum-Exp Expression
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Log-Partition Function (1)

log-partition function
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Log-Partition Function (2)

log-partition function exp( f (X 9))
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Log-sum-exp Approximation via Gumbel Regression (1)

Gumbel Regression fits a Gumbel distribution G(u, 8) using Maximum Likelihood Estimation (MLE) to
the estimation errors for learning a model y using samples {(x1, ¥1), (X2, ¥2), ..., (X, YN )}

This gives the Gumbel Regression Loss:

L(y)=exp((y-9)/8)-(y-9)/B-1
More formally Gumbel regression is

— fitting Gumbel distribution G(u, ) to the data to model the extreme values of a distribution

— For a temperature , Gumbel regression estimates the smooth approximation of the max operator, given by
p log IE[eX/ﬁ], which is related to the Log-Partition function over samples drawn from a distribution X

Gumbel Regression enables exact estimation of the Log-Partition function by using simple gradient
descent Gumbel Loss
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Log-sum-exp Approximation via Gumlbel Regression (2)

e Asimple example of Gumbel Regression
— Here we look at a simple regression example for a quadratic with some gaussian noise Y = —X* +1+ N(O, 0.22)

Gumbel Regression

1.50 1 : ' _ — beta=0.1
..+ .7 beta=025
] o Lo T2 | This is similar to fitting

a Gaussian distribution
to the data, but instead
of modeling the mean
(i.e. least squares
regression) it fits the
Log-Sum-Exp or the
Log-Partition function of
the data

For low temps, this fits 100 -
the maximal values of
the data and for high .
’remps it will fit the 0.50 -

mean values of the data |
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https://github.com/Div99/xql 14



Optimal Solution for MaxEnt RL

e MaxEnt RL with reference policy u

o 7(as,) KL Divergence with
max E.| > 7| r(s.a)+Blog u(als) reference distribution
= t Dy, (|| p)

e Optimal solution for MaxEnt RL with soft value function
Q" (sa)=r(s.a)+7E,, [V (s0)]

e soft value function
— log-sum-exp shape!

V'(s,)=BlogE, .. |en(Q(s.a)/s)]
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Extreme Q-Learning

e Gumbel regression loss function can be used to directly fit the Log-Sum-Exp of the Q-values

e Then, we get the soft-optimal value function

V'(s)=plogE,_, [exp(Q(S,a)/ﬂ)]

e Then, we can use Q-iteration even in high-dimensional continuous action spaces to find the optimal
MaxEnt policy. This general algorithm works well in both online, and offline settings

Fit Gumbel Distribution to
Bellman Errors
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Gumbel Regression Loss

L(h) = Egny [P — (@ — h)/8 - 1]

convex loss function with unique minima

* = Blog 4f.g,;,\,u[ex/ﬁ]

aka the LogSumExp!
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Extreme Q-Learning (2)

Extreme Q - Learning Algorithm

1. Learn V" via £L(V )=E,,_, [e(ék(s’a)V(s))/q—Es,w [(Qk (s,a)-V (s))/,b’}—l

2. Update Q via Q" (s,a) =r(s,a)+ 2 V'(s)] £(Q)=E,, [(Q(s,a)— r(s,a)-V’ (s’)ﬂ
3. Repeat 1-2
Finally, 7" =argminB, |:e(Q(s,a)—V(S))/ﬂ log ﬂ
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Online RL Evaluations ¢t +

e onlineRL
— Choose u = k1
— Run XAQL
. 1) L(V)=E,,_ [e@(s,a)V(s>)/ﬂ_Q(S'a)—V (5)_1}
s,a~u ﬂ

+ 2) £(Q)=E,,, [(Q(s,a)—r(s,a)—V*(S'))ZJ

— Policy extraction via min Dk (m||u):

maxB__ .. [Q* (5’ T (S))]

T
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Evaluations (1)

Online RL Results

< X-TD3 on Quadruped Run (Reward 437) >

< X-TD3 on Hopper Hop (Reward 71) >

< TD3 on Quadruped Run (Reward 293) >

< TD3 on Hopper Hop (Reward 20) >
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Evaluations (2)

e Online RL Results
— DeepMind Control I X|OF3.0{ A SAC, TD32f H| w sl H| =St AHLE 22 7HM =l =
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< X-TD3 shows moderate gains on DM Control Tasks compared to standard TD3 >
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Offline RL Evaluation

e offline RL
— Chooseu =D
— Run XQL
“ L) B, {e@(s’a”(s”/ﬂ _QG a)ﬂ—v ) —1}

* 2 L(Q)=E,, [(Q(S'a)—r(s’a)_v*(sl))z}
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Evaluations (3)

o Offline RL Results
— D4RL HIX|Ot3 (Franka Kitchen, MuJoCo, AntMaze &)X A 7| & cay, 1oL CHH| ot 85
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Steps 1e6 Steps 1e6 Steps 1e6
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Evaluations (4)

Offline RL Results
— D4RL HIX|Ot3 (Franka Kitchen, MuJoCo, AntMaze &)X A 7| & cay, 1oL CHH| ot 85

< XQL on Franka Kitchen > < 1QL on Franka Kitchen >
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Proof of LSE ﬂ'nZexp( ] Approximation
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Proof of LSE ﬂ'nZexp( ] Approximation
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Numerical Example for Log-Partition Function

import numpy as np Numerical Example for Log-Partition Function

# Define f(x, theta) as some arbitrary function x f(x, theta) exp(f(x, theta)) p_theta(x) log(exp(f(x, theta)) / p_theta(x))
1 1.50000 4.48169 0.00193 7.75193
np 2 3.00000 20.08554 0.00864 7.75193
4 6.00000 403.42879 0.17344 7.75193
P " Numerical Verification:
s e Expected Value: 7.75193
# Compute prﬁﬁablllty distribution p_theta(x) Log-Partition Function: 7.75193

# Compute expectation of log(exp(f(x, theta)) / p_theta(x))
np np np

# Compute log-partition function directly
np

# Display results in a simple format
"Numerical Example for Log-Partition Function"

f:{‘x‘:<1@}{'F(x, theta) ':<15}{ "exp(f(x, theta))':<20}{ 'p_theta(x)':<20}{ 'log(exp(f(x, theta)) / p_theta(x))':<30}"
for i in range

4 :<10} :<15.5f}{np 1<20.5F} :<20.5F}{np np :<30.5f}"
# Show numerical verification
"\nNumerical Verification:"

f"Expected Value: { :.5fF}"
f"Log-Partition Function: { :.5F}"
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