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Discrete Diffusion Models

e Clean sample: o

.’L’OZ.’L'(])_KGA A:{1,2,3,...,V}
e Forward process: g(z™|z"!)
e (Parameterized) backward process: pg(z"*|z")
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q(z"|z" 1) = Cat(z™; QL " 1)

@n is a probability matrix » treated as one-hot vector €;n-1
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Masked Discrete Diffusion Models
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We add an “absorbing” state: m(ask)
Qn =anl+ (1 —ayn)le,
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Masked Discrete Diffusion Models

0 n

£ —» eee —> ajn_l » I —>

S~ g(z"|2°) _—

The marginal distribution at time n:

q(z"|z°) = Cat(z"; Q_Zmo) = Cat(z"; anz’ + (1 — an)en)

Q_n = ﬁ Q; = a, I+ (1 — &n)le;,,

{&n}Nzl -noise schedule e.g. linear: ap, =1 — —
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Masked Discrete Diffusion Models

The diffusion objective (ELBO):

posterior
log po(2°) > By(u (o) [log po(z°|2")] = Y Byon(on) [drcr (@@ [, %) |po (2" |27))] — dicr (g(=™|2°)||p(z"))

n>1

Usually the backward process is parameterized as the posterior with a denoiser

po(z"'|z™) = q(z"|z", fo(z™, n))
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Masked Discrete Diffusion Models

For masked discrete diffusion..

&n— _&n
dicr, (g(z" '|z", 2°) |pe(z™ Hz™)) = — "8y m - ()T log fo(z", )0

Estimating the (negative) ELBO

1 M
Lrrpo(a®;60) ~ - > drr(g(a" 2™, 2°)[po(z™"|z™))] where n; ~U{L,2,..., N}
1=1

z")




Why using discrete diffusion policies?

Combinatorial action spaces:

oooooooo

e Sequence generation

[ ] [ ]
e Action sequences / planning T T T T T T T T T T C T T T T
TACTGCCTAGTECEEGGECEGT TCGECEC TTAACCEGCTGTATTGTTC

e Multi agent
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How to model a diffusion policy 79 ?
Option 1: Augmented MDP

There is only a backward process
and it's the policy my(a" *|a", s) = ps(a™*|a™, s)
We create an augmented MDP with augmented states: (s;, al*)

Environment [¢—— CL? °e a?_l a; o Gy
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How to model a diffusion policy 79 ?

Option 2: The diffusion model

The policy is the diffusion model

mo(a’|s) =

&>

Environment

PG

a’|s)
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Which approach is better?

R

' Unbiased

Augmented MDP Policy as the diffusion model

Environment«—— a) | *** a

ww Biased

s Noisy - high variance Low variance

I
I
I
I
I
I
I
I
s Sample inefficient |
I

e.g: FlowGRPQO, DDPO, PPO-variants, DRAKES e.g: DiffusionNFT, Self Imitation, BONC, RWR
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Policy Mirror Decent

Provably convergent, regularized policy optimization step:

m(-|s) € argmaxEyr(.|s)[A™(8,8)] — Adg (7, To1a;8) Vs €S

mwell \

previous turn policy

ATold (8, a) ¢ — qﬂ'old (8, a) — pTold (8)

Closed form solution:

mvbD(als) = maa(als) exp(A™(s,a)/N) / Z(s)

Shani et al. “Adaptive trust region policy optimization: Global convergence and faster rates for regularized mdps”
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Policy Mirror Decent

Policy optimization in RL is done in two steps:

Start with initial policy 7
For k=1,2,3,...:

e Policy evaluation: estimate the Q-function of 7k
e Policy Improvement: compute the next-step policy mg+1:

k41 C arg mln {"SND [d(ﬂ'e, 7T1]€/1D7 3)]
o €11

mvp(als) = moq(als) exp(A™ (s,a) /) /| Z(s)
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Forward KL+ Diffusion Policy (Self Imitation)

The choice of the distance determine the objective:
Forward KL: AKL (W]Ifﬂ) ||7T9; 3)

+ policy as the diffusion model: — log mg(a’|s) < Lrrpo(a’, s; 6)

Loke(0) = Eyopion | 3 (softmax,. 1 (A™(s,a%)/))) - Lerso(a®, s;6)]

/ oy \ \

sampled action set Softmax weights temperature
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Reverse KL+ Diffusion Policy

Reverse KL: dKL (7r9\|7r]’fﬂ); 3)

+ policy as the backward process (augmented MDP):

— log mg(a™ t|a™, s) = — log pe(a™ *|a™, s)

LrRKL(0) = Esupa~m, [—1(8,8;0)A™ (s,a) + AdkL(ma, Tk; 8))

P

Importance sampling: n((s,a™),a" *;0) =

Do (an—l |an, S)
D (an—l |an, S)
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Experiments

Goals

e Better performance (high return)
e Better efficiency compared to AR:

Number of diffusion steps (N) < sequence length (T)
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Experiments

DNA sequence generation (single step)

e RL fine tuning w.rt a pretrained model

e Reward measure Predicted Activity in liver cancer cells
e Sequence length: 200

e Action space size: 4%%

e Objective: Self Imitation (FKL)
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Experiments

Reward and Approximate Log Likelihood T 200 Performance vs. Diffusion Timesteps
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e Outperform AR with half the number of steps
e SOTA compared to DRAKES
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Experiments

Action sequence generation (Atari)

e From scratch
e Macro-action length: 4
e Action space size: 20*

e Objective: Self Imitation (FKL)
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Experiments

Action sequence generation (Atari)

4 ' — RLD? —
& b —— DQN . . |
© 8 3 — DQN-MaCFO /./ :/.>—V
EN " — ro2 _—_— s —
£g H oo — ° i,
Tg. — PPO . %9743/: . J o
%2 Y IMPALA-Macro /’a 3/._,__—- e SR ——
g e —— IMPALA /gézf . . . . .
S = @ ——— s
22 ——— g
. -
0 ®
0.0 0:2 0.4 0.6 0.8 1.0
Samples 1e8
3.8 Scalability vs. Baselines

w
w
o~

Average Human
Normalized Score
w w
() ~

Average Human
Normalized Score
N

—

0 I I I
2 4 8 16 32 50

Macro Action Length

w
o

L ] // A

o —e— RL-D?

s —=- IMPALA-Macro
sesfens DQN_MaCFO

= B8 8 16

Macro Action Length



Google Research

Experiments

Google Research Football

e From scratch
e Different scenarios: 11vs11, 5vsb, corner

e Seguence length: players number

e Action space size: 197 Players
e Obijective: RKL (PPO) and FKL
e Reward: +1 for goal, -1 for the opponent goal

e Stochastic environment
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Experiments

small budget

PASS & SHOOT RUN PASS & SHOT 3vsli CT-EASY CT-HARD CORNER SvsS 11vs1l 11 vs1l sm
AUTOREGRESSIVE 78.2 £ 40.1 70.2 £:35.2 75.8 £35.1 69.3+30.6 33.6+40.1 0.0+£00 71.1+£30.5 344+14.4 0.0£0.0
RL-D? RKL (OURS) 100 + 0.0 98.5 + 1.6 98.6 = 1.0 99.1 + 0.6 97.7+2.2 963+3.4 99.6+04 99.8 + 0.2 0.0+ 0.0
RL-D? FKL (OURS) 99.0 + 1.0 98.6 + 0.5 973+20 980411 971+29 932429 984+1.0 97.4+09 | 67.2+8.1
MAT 97.9 + 2.1 98.3 + 1.2 929+ 1.1 87.91+2.1 882+£38 953+£25 93.79+09 92.0424 9.0+3.7
MAPPO 99.5 4 0.2 732 3.6 93.2 1.5 70:1 4+3.8 634+ 2.1 331453 954116 32.6 4+ 3.1 3002

e Practically solve Gfootball ~100% success for all scenarios
e Outperform SOTA AR method (MAT)
e FKL much more efficient but asymptotically underperform

e Needs alot of samples..



