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Suppose we have pretrained a diffusion model to fit data distribution go (o) .We'd
like to sample from an edited distribution defined by an energy function:

[po (g )] X e
energy function in data space

data distribution

desired distribution

The form of po(xg) is general and actually stems from constrained optimization:

min By () [€(2)] + %DKL(P(CU) | g(x)) mmmy p*(x) o g(x)e ™)

To perform diffusion sampling, the required score function is:

Vxlogpi(x:) = Vxlogqi(x:) — V& (x)

desired score pretrained score energy guidance

pe(xy) Qt(mt)e_gt(mt)

Key Observation: Intermediate energy functions E:(x) are completely
determined by the data distribution q(x) and the energy function &£(zq) attimeO.

where 5t(x) satisfies

Theorem 1. The Iintermediate score functions satisfies:

SN -

Ve, log pi(x¢) = Ve, log gt () — ymtgt(wtl

N

%—Gg(mt,t)/dt

BE(xo),
_log]Equt(wolwt) [e—ﬁé’(wo)] )

energy guidance
(intractable)

t=0,
t > 0.

A {

We cannot use arbitrary intermediate energy guidance!

Method Optimal Solution of Energy Optimal Solution of Guidance Exact Guidance

CEP (ours) —logEq,,(xq|ze) [e*fﬂ(f”ﬂ)] R faiess [—e‘.'“‘"‘g"(“’")vm, log QUt(w()‘xt)]
Eq()t(mu|mr)[&)(m“)] qu)r(mu!th [&,(azn)Vm, log (]m,(m()kl!t)] X
DPS &o (E‘lln(mnfmx)[m“]) Eflc)r(malmt) [ ((Vg” (IE‘lm(ﬂ?uI:l::)[m(’]))T (D()) Va, log (1()3(27()|-'Br)] X

MSE

A 2-D example: Comparison of CEP with other unexact energy guidance methods
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The exact diffused energy is hard to estimate due to the log-expectation-exp form:

. —BE(z0)
log{Eth (o |xt) [6 ]] Intractable: log-expectation-exp

We propose Contrastive Energy Prediction (CEP): a training objective for learning the
exact intermediate energy guidance

Learn to predict the energy of clean data:
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. IE IE IE _68(:1:(7)) l e_f¢(mt st)
7y 7y " ; —_ 0 ,
PO B (1) Bgo (1)) Fp(el1:4) ; ¢ P TE @D
X (() 1) X (()2) X (()K ) soft enc:r;y label predic:erci label
Contrastive (infoNCE) loss
) 2) %) Theorem 2. Forall K > 1, The optimal guidance model satisfies
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Contrastively predict the energy

Compute e—Bg(w((f)) may be numerically unstable, so we normalize the energy for each batch:
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self—normaliz?:ﬁ energy label predicted label
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The optimal policy of constrained policy optimization in offline RL satisfies:

mgx IESNDu [Ea,\m(. |8)Q¢ (3, a)

T"Qy(s,a) = r(s,a) +7

B

1

7™*(als) x u(als) e’ (s:a)

« We train a diffusion model ug(a|s) to imitate the behavior policy u(als).
« We train a Q-net as an energy function to sample from the optimal policy.

Dxr, (7(-|s)||u(-|s))] =

Y e efBQQ¢(s”d’)Q¢(s’, a')

Z&, eﬁQQ’l/’ (3,7&,)

 We use the proposed CEP method to train another diffused Q-network to
estimate the energy guidance term when performing guided sampling:

Va, logm(ai|s) = Vg, log ui(ai]s) +Va, Ei(s,ay)
S

%f(,b(saat *t)

E(s,ap) = log ... (aslas,8) [eﬁQw(s""O)]

where

\—  —
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« The training objective for the diffused Q-network is.

min Et,s’e_
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 We use DPM-solver to accelerate the sampling precedure
D4RL evaluations:

fo(s,ai? t)

Connection between CEP and Classifier Guidance

If Eo(xo)= —logqo(c|zo) and B =1 po(Zo) o go(xo)g(clzo) x g(@olc)

The training objective in Theorem 2 becomes:

i K 6—f¢(mti)’c(i)at)
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Compare within data

e_fd)(wgz) 9C(i) ’t)

— Y lo .
Z g Z;\fl__l e_f¢@lc(j)’t)
Classify conditions
 CEP is essentially based on info-NCE, Classifier Guidance is an cross entrophy objective.
* Both can guarantee exact guidance, but CEP can be generalized to cases with no conditioning

Classifier Guidance:

t,e(1:K) | QO(m(() ),C("))

ImageNet256
Guided sampling
Similar performance

Classifier guidance (Dhariwal & Nichol, 2021)

Energy guidance (ours)

Dataset Environment CQL BCQ IQL SIBC DD Diffuser D-QL D-QL@1 QGPO (ours)
Medium-Expert  HalfCheetah 62.4 64.7 86.7 92.6 90.6 79.8 96.1 94 .8 93.5+ 0.3
Medium-Expert  Hopper 98.7 100.9 91.5 108.6 111.8 107.2 110.7 100.6 108.0+ 2.5
Medium-Expert ~ Walker2d 111.0 575 1096 109.8 108.8 108.4 109.7 108.9 110.7 £ 0.6
Medium HalfCheetah 44.4 40.7 47.4 45.9 49.1 44.2 50.6 47.8 54.1 + 0.4
Medium Hopper 58.0 54.5 66.3 57.1 79.3 58.5 82.4 64.1 98.0 + 2.6
Medium Walker2 79.2 53.1 78.3 77.9 82.5 79.7 85.1 82.0 86.0 + 0.7
Medium-Replay  HalfCheetah 46.2 38.2 44.2 37.1 39.3 42.2 47.5 44.0 476 + 1.4
Medium-Replay  Hopper 48.6 33.1 94.7 86.2 100.0 96.8 100.7 63.1 96.9 + 2.6
Medium-Replay  Walker2d 26.7 15.0 73.9 65.1 75.0 61.2 94.3 75.4 84.4+4.1

Average (Locomotion) 63.9 51.9 76.9 75.6 81.8 75.3 86.3 75.6 86.6
Default AntMaze-umaze 74.0 78.9 87.5 92.0 68.6 69.4 964+ 14
Diverse AntMaze-umaze 84.0 55.0 62.2 85.3 53.0 56.4 74.4 + 9.7
Play AntMaze-medium  61.2 0.0 71.2 81.3 0.0 1.0 83.6+44
Diverse AntMaze-medium 53.T 0.0 70.0 82.0 18.4 14.8 83.8+ 3.5
Play AntMaze-large 15.8 6.7 39.6 59.3 10.6 15.8 66.6 + 9.8
Diverse AntMaze-large 14.9 2.2 47.5 45.5 4.2 1.6 64.8 +5.5

Average (AntMaze) 50.6 23.8 63.0 74.2 25.8 26.5 78.3
# Action candidates 1 100 1 32 1 1 50 1 1
# Diffusion steps E - - 15 100 100 5 5 15

Energy guidance demonstration on images

A toy example: color guidance

E(x) := —||h(x) — hiarllx

(hue value, computed by Hue-
Saturation-Intensity (HSI)
decomposition)
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