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Research Background & Preliminaries



® Maximizing Log-Likelihood
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Deep Generative Models!

generated distribution true data distribution

Po(x) Paata(x)

generative
O model . .
(neural net) < Joss] 7

image space

image space

= Optimizing Evidence Lower Bound (ELBO)

argming Det(pese(3) | 76 (2) log p(x) = [q4(2|x) log p(x) dz (Bring Evidence into Integral)

argming By, () [108 Paata(x) — log po ()]
argmaxg Eyp, - () [log po(x)] =Eqgy (<)) [log 2(x2) ] (Apply Bayes Rule)

N Pzl
argmaxg 3 i, log pg(xi)
. o ) =By, el

p(x,2) q¢(Z\X)]
p(2l%) q¢ (2] %)

=Eq, (21 [log p(x)] (Definition of Expectation)

log

q¢ (2]x)
tog 28] + D (45 (213 || p(21))

Bgy (1%

: the posterior distribution is

q(z[x)

difficult to obtain directly > E% (1) [log qI:ZC;\ZJ)C)] (KL Divergence > 0)

1. Ruthotto and E. Haber, “An introduction to deep generative modeling,”
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Deep Generative Models?
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reconstruction term
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(Chain Rule of Probability)
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Sample Quality
GAN: Adversarial o IR DT Gty .|, Inference Speed
training D(x) G(z) X Training Stability
X Mode Diversity
X Sample Quality
VAE: maximize x Decodel! .Ioe Inference Speed
variational lower bound Po(x]z) X Training Stability
Mode Dive
X Sample Quality
Flow-based models: x| | Flow '“Xf’se Ll Inference Speed
Invertible transform of fx) f7l(2) Training Stability
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Sample Quality
Diffusion models: X0 X1 X Inference Speed
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Mode Diversity
27. Ahmad et al., “Understanding gans: Fundamentals, variants, training challenges, applications, and open problems;” Multimedia Tools and Applications

vol. 84, no. 12, pp. 10 347-10 423, 2025 .
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Diffusion Models?*
Score-Based DDPM

Forward SDE (data ~ noise) Polr) PCrcabee) PGl Pl
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m Forward diffusion process:

Reverse SDE (noise — data)
q(xi | xe—1) ~ NV xk—1, (1 — ap)l)
m Forward SDE: g(xi | x0) ~ N(vaxx0, (1— G)l)
dx = flxe, 1) di + g(2) dwe m Reverse denoising process:
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3y, Song et al., “Score-based generative modeling through stochastic differential equations,” in Proc. Int. Conf. Learn. Represent. (ICLR), Virtual Edition, 2021

4]. Ho et al, “Denoising diffusion probabilistic models,” in Proc. Adv. Neural Inf. Proces. Syst. (NewurIPS), Virtual Edition, 2020
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Diffusion Models

m Feature 1: Reparameterization m Feature 2: x; can be directly
Rewrite a random variable as a represented by xg
deterministic function of a noise Forward Process:
variable. This enables gradient-based —
optimization of non-stochastic terms. X = v Xk-1 + V= Qg

= VAR 1xe2 + /1 — a1 €
z~ N(z po, 03]) N
=Varxo++\/1—are ap= Hle o
1 Reconstruct:
z=pp+opOe, €~N(0,I % — VT =Gz e
X0 = o

5]. Ho et al., “Denoising diffusion probabilistic models,”
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Denoising Diffusion Implicit Model (DDIM)®
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Figure 1: Graphical models for diffusion (left) and non-Markovian (right) inference models.

= Non-Markovian sampling process

9o (Xk—1 | Xk, x0)
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The mean is chosen to ensure that

9o (xx | x0) =

N(WVarxo, (1 —ag)l)

» When o — 0, x_1 is uniquely determined by xp and xy.

1 . .
» When o= ——L (1—0y), the generalized sampler is
equivalent to DDPM.
©J. Song et al., “Denoising diffusion implicit models,”

m Generalized generative process
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Figure 2: Graphical model for accelerated generation, where 7 = [1, 3].
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Conditional Diffusion Model”-?
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m No need for extra classifier

St trol
" Strongepsoritro m More stable and flexible

High 1 lit
7\ S i et m Preserves sample diversity

7p. Dhariwal and A. Nichol, “Diffusion models beat gans on image synthesis,” iral Inf. I 021.

SJ. Ho and T. Salimans, “Classifier-free diffusion guidance,” arXiv pre;
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Different Roles of DMs in RL’

Kuf\ 8| Leating DM as policy <mmmp MFRL
. ‘D[] n.’:.:::;,. o m Expressive multimodal policy parameterization
> ¢ m Improved exploration and diversity
) i, m Robustness to perturbations through iterative
denoising
Condmion  CE R DM as planner <4mmmp MBRL
Agm=) @@ @
ne,ﬁ:‘; - ' DQ e m Global optimization from a long-term perspective
‘ - - m Flexibility in multimodal trajectory generation
~ 06 - @ m Enhanced robustness through iterative refinement

97. Zhu et al., “Diffusion models for reinforcement learning: A survey,” . /
7/ 20
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Algorithmic Timeline of DMs in RL
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Single-Agent Policy Planner

Diffusion-QL*"

Diffusion Policy

m Behavior-cloning loss
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=5 | ™= argming, L(0) = L4(0) + L,(0) :
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action | T T |
| policy policy |
s t : regularization improvement |
urrogate |l _ - 1
Distribution a0
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107 Wang et al, “Diffusion policies as an expressive policy class for offline reinforcement learning;”



Policy Planner

Direct policy optimization:

it

m Action reconstruction

Forward: x; = \/agxo + /1 — areo
R 1 V19— a ( K, )
aozi_ak—iﬁoak, S
673 Vo

m Policy improvement

Likelihood-based policy optlmlzatlon

max E(sa)~n [ f(Qs(s,a)) logma(a | s)]

S Erefas [M |l e = eo(a*, ks 5) HZ] Optimizing the

2ak(1 - akT) ELBO in DDPM
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>Da = Ours
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Lo .
——
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g, Kang et al., “Efficient diffusion policies for offline reinforcement learning,” in Proc. Adv. Neural Inf. Proces. Syst. (NeurIPS). New Orleans, Louisiana, USA,

2023. .
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Single-Agent Policy Planner

Diffuser!?
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m Diffusing over state-action trajectory

o |:so s1 - SH} Limitations
k= o ' '
v %R > Actions are harder to predict and

m Guiding with classifier guidance model

Po (k1 |xk, ¥) = N(xk—1; ug—i-E, %)

g=Vrlogp(y| 1—))
=VJ(ue)

> Requires estimating a Q-function

T=p

121, Janner et al., “Planning with diffusion for flexible behavior synthesis,” in Proc. Int. Conf. Mach. Learn. (ICML), Baltimore, Maryland, USA, 2022



Single-Agent Policy Planner

Decision-Diffuser!?

returns

I

m Diffusing over state trajectory m Guiding with classifier-free guidance
xe(T) = (s, st415 -+, Sr+H—1)k é = eg(xi(7), @, k)
m Acting with inverse-dynamics +w<69(x"(7)’ "), B) = eolx(7), 2, k)>

ar = fy (s, si41)

1A, Ajay et al, “Ts conditional generative modeling all you need for decision-making? .
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Multi-Agent Policy Planner A Unified Framework

DMs in Multi-Agent RL
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actor actor actor
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Policy Planner A Unified Framework

DOM2™ -

0%1,1 ot%.l,n
{ Environment } a "“w
u;g a;‘;
1 1
{ Agent 1 ] [ Agent n J
o, . Oin
m Diffusion-QL-based policy update m CQL-based Q-value update

» DTDE: agent jlearns and runs its own policy 0;

001 =B . o0 (e o D[]

L(¢5) = E(o;.a~0;[(Qa, (05, a;) = )*]

+ (Bo, 0,)~p, 08 3 exp(Qg, (05, 85)) = Qg (05, 0;)]

» Sample based on 1-order DPM-solver (DDIM) " . ) —
oY suppress the unseen encourage the

=1 _ k-1 ak o X Ok—1 _ 1) e state-action pairs state-action pairs

Lj Ay L 10 i from the dataset

47 Lietal, “Beyond conservatism: Diffusion policies in offline multi-agent reinforcement learning” arXiv preprint arXiv:2307.01472, 2023 .
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Policy Planner A Unified Framework

MAD2RL®™

Incorporate DMs to determine the optimal DNN
partitioning and task offloading decisions in
Vehicular Edge Computing (VEC).

{-Cl\entvemc\e oo v Lk SBJEEE D base @f@ The Parttioned } ] DM_based action making
(IZID service Vehicle Tasks

—ee== V2V Link @ DNN-based Tasks
A0
Q5(5(1), Q1)) Q5(5(t), Q1) Q0 (s1(t),ax(t)) Qgi( si( t)) = 7011(0 , ai(t) = arg max Q 61‘4,- ( si( t))
eXi u
v

m QMIX-based policy improvement

Diffusion Model

Q6 (t) = { Qo (s1(8), a1 (1) -, Qoy(sn(0), an(t) }

Qg (51(£), 01(t)) sow Qg (s1(t), a1(t))

VEC Environment si(t)

157, Liu et al, “Dnn partitioning, task offloading, and resource allocation in dynamic vehicular networks: A lyapunov-guided diffusion-based reinforcement
learning approach,” [EEE Trans. Mob. Comput., pp. 1-17, 2024 .

0™ = MixingNET(S(1), Qg (1))




Policy  Planner A Unified Framework
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167 Zhu et al., “Madiff: Offline multi-agent learning with diffusion models,” in Proc. Adv. Neural Inf. Proces. Syst. (NeurIPS), Vancouver, CANADA, 2024,




» Individual-Global-Max (IGM)

arg maxy, Q1(71,u1)

arg max Qior (T, u) =
u

DoF?!’

arg maxyy ON(7N, un)

m Diffusion factorization

Factorize the joint noise and joint data as
e = f(e]i ek,\,) 0<k<K
ey (b k) = (e (xh k), .., ¥ (2 k) 0<E<K
zip = flaf, zA) 1<k<K
(f

wtot*h“’/‘a )

» Individual-Global-Identically-Distributed (IGD)

Assume individual marginals
0 K dx1 K such that

‘ po,(x0) = [ po,(
[T, po, () = po (o), i C Ocor.

Then the generated samples {x?}Y_; share the same

distribution as x_,.

7C. Liet al, “Dof: A diffusion factorization framework for offline multi-agent reinforcement learning,”




Policy Planner A Unified Framework

DoF

» Concat Algorithm 1 Centralized Training Algorithm 2 Decentralized Execution
xmt[(if 1)xd: ix d] =x 1: repeat 1: xK ~ N(0,1) (Initialize for each agent i)
2: xY ~ g(xw) (Sample global data) 2: fork = 1.do
» WConcat 3 ke~ Unif“rm({l;- o K?}) (Diffusion step) 30 [eh(xF, k) (N rediction by each agent i)
XN ) . .
xtot[(i_ 1) xd:ix d] . ki X ;& ik ﬁf(oé{)xi]l]?;+ aSalvrgizcglubal noise) 4 pdate state for each agen
. y—— - - - k-1 1 ko l—ak ook
» Atten 6 |xf =xgl(i—1)xd:ixdli€[l,...,N] x; = (xm - — CH(X1~k)>+Ukzv
X . N j 7: o = fleb, (5B, e (Kb B) Ve Vi-a
Xm([(l—l) Xd:ix d] = E =1 w; Xj 8:  Take gradient descent step on: where z ~ N'(0,T) if k > 1, clsc z = 0.
Volle — ﬂmH2 5: end for . X
» QMIX 6: return x; (Final trajectory or action for each
9: until convergence agent i)
Xtor = h(x1, %2, , %n)
Policy Trajectory

mDoF as policy mDoF as planner

x=faf iy

[T - B

Follow the design of Diffusion-QL: @ Follow the design of Decision-Diffuser:
Po,( ) Po (M) \ 2
£=Law(6) + Lou(0) (=] c=E[lle=efx, 1-B)y+562, K)|]
T -E _ tot]|2] _ E : 0 >
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Conclusion

Conclusion
I have talked about

m Fundamentals of Diffusion Models
» Superior generative modeling power over other deep generative models
» Mathematical foundations of diffusion models
» Sampling acceleration techniques for diffusion models
» Conditional generative modeling with diffusion models

m Applications of Diffusion Models in Reinforcement Learning

» Diffusion models as policy » Diffusion models as planner
Diffusion Model Diffusion Model

AGENT ENVIRONMENT

?

- - Getreward
-Newstate 5’ € S

» Diffusion models as a unified framework
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Future Prospect

m Fast Inference and Online Adaptation of DMs
DMs require multi-step iterative denoising, which leads to low inference efficiency
and limited real-time scalability.
DDIM; DPM-Solver; DPM-Solver++; Flow; Consistancy Model ...

m Optimize the Architecture of the Noise Model
Most current noise models adopt simple backbones like MLPs or U-Nets, which
struggle to capture the complex interactions among agents.
Attention mechanism (enhance inter-agent interaction);
LSTM (better historical insight) ...

m Generalization to Multi-Task Scenarios
DMs can be post-trained to adapt to varying tasks and environments, enabling
better generalization in multi-task settings.
Importance sampling; beam search; conditional guidance; RL-based fine-tuning ...
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