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i Background

* Reinfocement learning

(a) online reinforcement learning  (b) off-policy reinforcement learning (c) offling reinforcement leaming
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I Background

e Gaussian Policies for reinforcement learning
e Used in continuous reinforcement learning for action generation.

mo(a | s) = N (us(s), To(s))

* advantages:
e Differentiable
e Adapting to reinforcement learning(std for exploration)

* Disadvantages:
* One peak
* Limited distribution




I Background

* Diffusion Model
* Forward process: add noise to action to generate a standard Gaussian
distribution

Q(ﬂt | Gt—l) =N (art5 A/ A — /Btat—lathI)
ﬂrtz\/ﬂ_}f_fﬂ:{}+*\fl—&t€, ENN(OEI)

* reverse process: A neural network f0 is trained to denoise the action

pg(ag_l | G’t) — N(a‘i—l;ﬂﬁ'(a’ia t)a Eﬂ(a’h t))




I Background

* Diffusion Model & Bayesian Estimation
z|0)p(6

p(z)
L

P(Gt—l |Gt)

P(ﬂt ‘aft—l )P(G«t—l)
P(ﬂt)

 What we cant know:

e Distributionof a_t

* Distribution of a_t-1
 What we can know:

* Groundtruth of t timestep noise.

* Noise distribution(sample)

* Diffusion Model optimization objective

(VLO)

log p(il?(}) > Eq(ﬁ?lﬂ” 20)

Z —Dyr(q(e]zi-1)| |po(e] 71-1))

=1

e Diffusion Model for RL

Grt:\/ﬂ_}f_tﬂ:{}+ﬂfl—&tf, ENN(O,I)
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I Background

* Process of Diffusion Model Training
* Purpose
* Train a neural network €B(at,s,t) to predict noise, and to further
denoise.
* Process
* Sample(s,a) & time step(T)(uniform)
* Generate noise €~ N(O, I)

* Calculate at based on a; = vayap + v/ 1 — are, €~ N(0,1)
* Predict € using €0(at,s,t)

* Motivation
» Diffusion model commonly used for offline RL
» Diffusion cant use directly in Online RL(bad data)
* adiffusion-based algorithm for online RL




Contribution

The paper dedicated to find a solution to deploy diffusion into online RL. The

contributions are:
* Q-weighted VLO Loss

g — N ET o B MR R R, F{Rdiffusions
Pa bR Z R 75 1)
e Diffusion Entropy Regularization

SIANBIENIEIR, SRR

* Efficient Behavior Policy
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I Methodology

 Q-weighted Variational Objective for Diffusion Policy

Theorem 1. (Lower Bound of RL Policy Objective) If ()(s,a) > 0 for any state-action pair (s, a),
the Q-weighted variational bound objective of diffusion policy
mo (ao.T | s) ”

q (a7 | S, ﬂﬂ)

ES,(INPI:SFL‘:‘,HJ,TH;{Q!SJ Q(S'ﬂ’u) ; EQI:T"‘"Q{HI:Tlsyan lﬂg
is the tight lower bound of the objective of RL policy
Es,amp[sﬂs,a}_.7r;,{c¢|sj [Q(?, G.) ng(ﬂg({ﬂS))] )

and the equality holds when the policy converges.

P

fEE &I, X VIO HirHInE&ERAE (I Qimkd , A
TERLr i 2T, B R] LU a2 X SRR AR AL B s — 4
B T5 (tight lower bound)

"{:(9) = Es,am:rrk{ais}._e.t [Q(?, ﬂ-) * ”E — €@ (\/ﬂ_ﬂ? = L% 1— fi'tﬁ, s, f) Hz-| i (5}




' Methodology

* Equivalent Transformation for Q-weighted VLO Loss

Issues:
* Negative Q-value
* High-quality Training Sample

Solutions:

L(9) = Ey oy (als) e, [weq(s}a,) : HE — €p (\/ﬁ'—m + /1 — @ge, 3:~t) Hz}

Q_cut weight:
7(a|s)Q(s,a) ;
p(als) = { o m@lo)Q(sa)da’ if max, Q(s,a) >0
% Z?:l 0z —ai), a;€{a|Q(s,a) =max,Q(s,a),m(a|s) >0}, if max,Q(s,a) <0
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' Methodology

Q_adv weight:
wﬁq(s, a) = Waadul9; a) = { [j : Al

where A(s,.a) = Q(s,a) — V(s) is the advantage function.

* Enhancing Policy Exploration via Diffusion Entropy Regularization

Issues:
less diffusion steps, less calculation, less exploration(need a way to balance)

Solution:
entropy regularization




Methodology
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Normal regularization doesn’t fit diffusion
* Inaccessibility of Log-Likelihood
* Implicit policy representation
e Entropy is not straightforward

“the entropy of a diffusion model
can be increased with training
samples from the uniform
distribution”

Lent(e) = Es,awU,e,t [went(s) ((f - 69\/55_t

+v1 — &ye, s,t)zﬂ

lﬁ'hﬂfﬁ Went (S) -: 'E"Jent E_fil {:'-’eq E‘friﬂi)

Diffusion Policy
wio entropy term  [{{(c);

Diffusion Policy
w/ entropy term | |
Ty,
- Explorable area of diffusion policy Unexplorable area "K\l\fq;_}j:-._!j}:u Target objective function
=7/

igure 2: A toy example on continuous bandit to show the effect of diffusion entropy regularization
m via the changes of the explorable area for diffusion policy with the training procedure. The
ontour lines indicate the reward function of continuous bandit, which is an arbitrarily selected

function with 3 peaks.
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Methodology

Normal regularization doesn’t fit diffusion * Reducing Diffusion Policy Variance via

. Inacc.:e.55|bll'|ty of Log—leell.hood Action Selection
* Implicit policy representation
* Entropy is not straightforward

7o (a | s) & argmax Q(s,a).
ac{ai, - axg~mg(a|s)}
“the entropy of a diffusion model
can be increased with training
samples from the uniform 1. RAFEE
distribution” 2. 1 & qfd

3. LqfH = KA B 1E
Lent(g) = Es,amU,e,t [went(s) ((E - 59\/d_t

)

N wegls,a;
where Went () = Went Zizl e E'\.r L
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Methodology
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Assign weights & Actions from
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Diffusion Entropy Regularization:
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Figure 1: The training pipeline of QVPO. In each training epoch, QVPO first utilizes the diffusion
policy to generate multiple action samples for every state. Then, these action samples will be selected
and endowed with different weights according to the Q value given by the value network. Besides,
action samples from uniform distribution are also created for the diffusion entropy regularization
term. With these action samples and weights, we can finally optimize the diffusion policy via the
combined objective of Q-weighted VLO loss and diffusion entropy regularization term.
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Methodology

Algorithm 1 Q-weighted Variational Policy Optimization

Input: Diffusion policy mg(a | s), value network ()., (s, a), replay buffer D, K-effiecient diffusion
policy for behavior policy, K;-effiecient diffusion policy for target policy, number of training samples
Ny from diffusion policy, number of training samples N, from uniform distribution U (a, @).

I: fortinl1,2,--- , T do

2: Sample the action using the diffusion policy 7" (a | ).

3 Take the action a; in the environment and store the returned transition in D,

4 Sample a mini-batch B of transitions in D.

5 Generate Ny samples from 7y (a | s), and N, samples from U/ (a, a) for each state s in B.

6: Endow the N,; samples with weights (9).

7 Select an action sample a4, With maximum weight among N, samples for training.

8: Endow the N, samples with the weight went(S) = Went - Weq (S, Amaz)-

9: Update the parameters of the diffusion policy using the summation of (6) and (10).
10: Construct TD target as y; = r; + 7Q o (St41. ﬂ'gff (a | s¢g41)) for each (s¢, a, 1y, Sp41) in B.
11: Update the parameters of the value network using MSE loss.
12: end for




Experiments
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Figure 3: Learning Curves of different algorithms on 5 Mujoco locomotion benchmarks across 5 runs.

The x-axis is the number of training epochs. The y-axis is the episodic reward. the plots smoothed
with a window of 5000.




Experiments

Envrironments || PPO SPO

DIPO QSM QVPO(*)

Hopper-v3 3154.3(426.2) 2212.8(988.4)

Walker2d-v3 3751.5(609.1) 3321.8(1328.9)

Ant-v3 2781.9(74.1)  2100.2(302.4)
HalfCheetah-v3 || 4773.5(53.4)  4008.2(246.8)
Humanoid-v3 || 713.7(85.9)  797.4(262.1)

3267.5(8.5)
3513.9(40.7)
4583.8(69.5)
10388.6(80.4)
5353.5(53.7)

2096.6(111.9) 3295.4(7.0) 2154.7(998.2) 3728.5(13.8)

4888.1(80.0) 4681.7(25.7) 3613.4(1443.5)  5191.8(60.2)
5030.9(1000.3)  5665.9(54.7) N/A 6425.1(67.6)
10616.9(72.8)  9590.5(67.5)  3888.2(632.6) 11385.6(164.5)
5159.7(475.3) 4945.5(898.6) 4793.1(229.5) 5306.6(14.5)
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Figure 4: Comparison between

QVPO with and without the diffu-
sion entropy regularization.
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Figure 5: Comparison of QVPO
with different action selection num-
bers for behavior policy K, and for
target policy K.
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