2026 American Control Conference (ACC)
May 27-29, 2026. New Orleans, Louisiana, USA

Fine-tuning diffusion models via stochastic control: entropy
regularization and beyond

Wenpin Tang and Fuzhong Zhou

Abstract—This paper aims to develop and pro-
vide a rigorous treatment to entropy regularized
fine-tuning in the context of continuous-time diffu-
sion models, which was proposed by Uehara et al.
(arXiv:2402.15194). The idea is to use stochastic control
for sample generation, where the entropy regularizer is
introduced to mitigate reward collapse. We also show
how the analysis can be extended to fine-tuning with
a general f-divergence regularizer. Numerical exper-
iments on large-scale text-to-image models — Stable
Diffusion v1.5 are conducted to validate our approach.

I. INTRODUCTION

Diffusion models [13], [25], [26] are a promising
generative approach to produce high-quality sam-
ples, which have been observed to outperform adver-
sarial generative nets in image and audio synthesis
[71, [16], and underpin recent success in text-to-
image creators such as DALL-E2 [22] and Stable
Diffusion [23], and the text-to-video generator Sora
[19]. Though diffusion models can capture intricate
and high-dimensional data distributions, they may
suffer from sources of bias or fairness concerns [18],
and the training process (especially for the large
models) requires considerable time and effort.

There is growing interest in improving diffusion
models in terms of generated sample quality, as well
as controllability. One straightforward approach is
to fine-tune the sampler customized for a specific
task using the pretrained (diffusion) model as a base
model. For instance, in image/video generation, we
aim to fine-tune diffusion models to enhance the
aesthetic quality and prevent distorted contents. With
the emergence of human-interactive platforms such
as ChatGPT, there is substantial demand to align
generative models with user/human preference or
feedback. Recent works [3], [9], [10], [39] proposed
to fine-tune diffusion models by reinforcement learn-
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ing (RL), and [36] by direct preference optimization.
In these works, the reward functions are learned
statistical models, e.g., an aesthetic reward in image
generation is a ranking model fit to the true aesthetic
preferences of human raters. Refer to [4], [33], [38]
for reviews on preference tuning of diffusion models.

The above methods fine-tune the diffusion model
to generate samples with high nominal rewards.
However, they may lead to reward collapse or hack-
ing [1], [27], a phenomenon referring to overfitting
the reward (trained by e.g., a limited number of
human ratings.) In other words, the diffusion model
is fine-tuned with respect to some human-rated score
which may fail to generalize. Moreover, exploiting
the reward exclusively also harms diversity, a crite-
rion that is at the heart of generative modeling.

In order to mitigate reward collapse/hacking and
enhance diversity, [34] proposed to add an en-
tropy regularizer with respect to the pretrained
model in the loss objective. This yields the entropy-
regularized fine-tuning, which is an exponential tilt-
ing of that generated by the pretrained model and can
be viewed as a “soft” diffusion guidance [7], [14],
[29]. A stochastic control approach was developed
to emulate this novel distribution. In comparison
with the standard control framework where the initial
distribution is fixed, both the control and the ini-
tial distribution are decision variables. The resulting
problem is to “decouple” these two variables by
first solving a standard control problem, followed
by finding the optimal initial distribution. To the
best of our knowledge, this is the first time that
stochastic control is used for sample generation. In
the concurrent work [8], stochastic control is also
used for fine-tuning diffusion models, but without
learning the initial distribution (instead, it requires
cautious model selection.) The idea of adding an
entropy regularizer also appeared in [39] for fine-
tuning the diffusion model via continuous RL, and
in [15] for constraint optimization via the diffusion
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model. In a different context, (entropy regularized)
stochastic control was proposed to solve non-convex
problems [11], [30]. as an alternative to the simulated
annealing algorithm.

The purpose of this paper is two-fold. First, we
provide a rigorous treatment to the theory of entropy-
regularized fine-tuning proposed in [34]. The paper
is mostly self-contained. Second, we extend to the
problem of fine-tuning regularized by general f-
divergence, and show how the analysis carries over.
The remainder of the paper is organized as follows.
In Section II, we recall background of diffusion
models. The entropy-regularized fine-tuning is stud-
ied in Section III, and the extension to fine-tuning
regularized by f-divergence is given in Section IV.
We conduct numerical experiments in Section V.
Concluding remarks are summarized in Section VI.
Due to space constraints, all the proofs are reported
in https://arxiv.org/abs/2403.06279.

Notations: The notation X ~ p(-) means that the
random variable is distributed according to p(:).
We write E,(X) for the expectation of X ~
p(+). For p(-) and ¢(-) two probability distributions,
Drv(p(-),q()) := sup4[p(A) — q(A)| is the to-
tal variation distance between p(-) and ¢(-), and
Dir(p(-),4() := [log $dp is the KullbackLeil-
ber (KL) divergence between p(-) and ¢(+).

II. DIFFUSION MODELS

In this section, we review diffusion models that
will be used as the pretrained models in fine-tuning.
We follow the presentation in [32].

The goal of diffusion models is to generate new
samples that resemble the target data, while main-
tain a certain level of diversity. Diffusion modeling
relies on a forward-backward procedure: the forward
process is a stochastic differential equation (SDE):

dX, = b(t, X;)dt + o(t)dW;, Xo ~ pua(-), (1)

where {W,} is d-dimensional Brownian motion, and
b:R, xR - R and 0 : Ry — R,. Some
conditions on b(-,-), o(-) are required so that (1)
is well-defined (see [28]). We assume for simplicity
that the distribution of X; has a suitably smooth
density, and denote by p(t, z) := P(X; € dx)/dx.
The key to the success of continuous-time dif-
fusion models is that their time reversal has a
rather tractable form, making it more convenient for
methodological development. It is known [2], [12]

that the distribution of the time reversal process
X, = Xp_, is governed by the SDE: dX, =
(=b(T —t,X;)+0*(T —t)Viogp(T — t, X;))dt +
o(T —t)dBy, Xo ~ p(T,-), where (B, t > 0) is a
copy of d-dimensional Brownian motion.

There are, however, two twists in diffusion model-
ing. First, diffusion models aim to generate the target
distribution from noise, and the noise should not
depend on the target distribution. So instead of set-
ting X ~ p(T,-), the backward process is initiated
with some noise p,..(-) as a proxy of p(7),-). The
diffusion model is specified by the pair (b(-,-), o (+)),
and existing examples include Ornstein-Ulenback
processes [6], variance exploding (VE), variance
preserving (VP) SDEs [26], and contractive diffusion
models [31]. The choice of p,..(-) depends on each
specific model, and varies case by case.

Second, all but the term Vlegp(T — t,X,)
for the time-reversal process (X;0 < t < T)
are available. So we need to compute
Vilogp(t,x), known as score function. Score
matching techniques allow to estimate the
score function via function approximations.
More precisely, we use a family of functions
{so(t,z)}p (e.g., mneural nets) to approximate
the score Vlogp(t,z). The most widely used
approach is denoising score matching [35]:

SQ(tht) -

ming gy [0,T], Xo~Pdata ]Ep(t,~|Xo)

2
Vlog p(t, X[ Xo)| }

Now with the (true) score function V log p(t, x)
being replaced with the score matching function
s¢(t, z), the backward process is set to:

dY; = (=b(T — t,Y;) + 0*(T — t)so(T — t,Yy)) dt

b(t,Yr)

+o(T —t)dBt, Yo~ Duie(*)-

2
Here we use the symbol Y to represent the process
using the score matching sy(,-), which is distin-
guished from the process X (with the true score
Vlogp(t,x)). The SDE (2) provides the generic
form of the diffusion sampling, which serves as
a pretrained model for further goal-directed fine-
tuning. Denote by Qo 7|(-) the probability distri-
bution (on the path space) of the process (Y;, 0 <
t <T), and Q¢(-) its marginal distribution at time

t. Write Y7 ~ Q7(-) =: pp(*).
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III. ENTROPY-REGULARIZED FINE-TUNING AND
STOCHASTIC CONTROL

In this section, we consider the problem of
entropy-regularized fine-tuning that aims to mitigate
the reward collapse in the context of diffusion mod-
els. We provide a rigorous treatment for the closely
related stochastic control problem, following the idea
of [34]. As we will see, the arguments used in this
section can be generalized to study the problem of
fine-tuning with an f-divergence regularizer.

A. Entropy-regularized fine-tuning

Let’s explain entropy-regularized fine-tuning using
a pretrained diffusion model (2). The idea of fine-
tuning is to calibrate a (possibly powerful) pretained
model to some downstream task with a specific goal,
which is captured by a reward function r : R? —
R.. An obvious way is to maximize ]E@[O.T] [r(Y7)]
over a class of fine-tuned diffusion models @[Oj] ().
As mentioned in the introduction, this approach may
generate samples that overfit the reward. In order to
avoid the reward collapse, we consider:

pﬂune(') = argmg‘X]Ep[r(Y” - aDKL(p(')’ppre('))v
(€)]

where the maximization is over all probability distri-
bution on R?, and the hyperparameter o > 0 controls
the level of exploration relative to the pretrained
model. The problem (3) is referred to as entropy-
regularized fine-tuning of the pretrained model (2).

The problem (3) has a closed-form solution:

Lemma 3.1: Assume that [ exp (7’2’)) Poe(y)dy <
co. We have:

Prune(y) = L exp <r(ay)) P (), )

C

where C' is the normalizing constant.

At a high level, the target data with distribution
Dawa(+) 18 used to build the pretrained model that
generates p,.(+) & Pg.(-), and the pretrained model
is fine-tuned via some reward function to produce
D (+). Note that this differs from the setting of
rejection sampling in such a way that we can only
sample p,.(-) and evaluate (usually in blackbox) via
r(-) without knowing their exact forms.

As we will see in the next subsection, the main
idea is to apply a (stochastic) control to the diffusion
sampler (2) in order to generate py,,.(-) in just one

pass. The next result shows how the fine-tuned
distribution (4) differs from pg,(+).

Proposition 3.2: We have:

Dy (pﬂune(')7pdam(')) <

. 5
Drv ()i + 51 B, [e22].
Let’s make some remarks on the bound (5): the
first term in (5) quantifies the performance of the
pretrained model, while the second term specifies
the difference between the distribution of samples
generated from the pretrained model and the fine-
tuned distribution. Assuming that o(-) is bounded
away from zero and that E,q )|Vlogp(t,X) —
se(t,X)|? < €2 for all t, [5], [32] shows that
Dy (Poe(+) s Pana () < Dv (Puoiee (), (T, ) +5VT
If the reward r(x) is bounded, say by 7 > 0, then the
second term is bounded from above by % exp (Z).
Thus, the bound becomes D7y (Pu(-), p(T,-)) +
%\/T + %ef. When a — 0, the bound increases

to +o0, partly explaining reward collapse.

B. Stochastic control

Now the goal is to emulate the fine-tuned distri-
bution py,.(+) specified by (4). We follow the idea
of [34] to lift the problem to the process level via
stochastic control:

dY; = (b(t,Y;)+u,)dt+a(t)dBy, Yy ~v(-), (6)

where b(-, -) is defined in (2), 7(t) := o(T —t), and
(u¢, t > 0) is adapted. Here both u and v(-) are
decision variables, and v(-) is not (necessarily) the
noise distribution p,..(+) as in (2).

Denote by QES,I/T] (+) the probability distribution of
the process (Y3, 0 < t < T) defined by (6), and
Q3" (+) its marginal distribution at time ¢. Recall that
Qpo,7)(-) is the distribution of the pretrained model
(2), 50 Qpo7y(+) = Qe (-)-

It is natural to consider the following objective for
the stochastic control problem:

(u*,v*) s=argmax, e B [r(¥r)]

[0,7]
- OzDKL(Qﬁ)’f/T](')a Q. 1(+)),
@)
where A is an admissible set for the decision vari-
ables that we will specify. As we will see, Y7 ~
Drune(+) under QFO,’T”] ().
The result below elucidates the form of the ob-
jective (7), which is a consequence of Girsanov’s
theorem.
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Proposition 3.3: Let

A= {(u, v) : v has a smooth density,
Us

b 1/t 2
exp —/ ist_,/ ——1| ds
( 0 0(s) 2 Jo |o(s)

t
and /0 ﬁdB are QOT] martingales}.
v) € A,

Eque [r(Vr)] — aDrr (@' (). Qo.r) ()

« T 2
= ]EQ[O - l: (YT) — 5/0 E(t) dt (8)

~ alog (%)]

The QEB’)”T]—martingales condition allows to sim-
plify the expression of Dgr(Q Qo1 (%))
bypassing the local martingale trap ufﬁ01ent con-
ditions are known for these local martingales to be

(true) martingales. For instance, Novikov’s condition
2

Then for each (u,

Ut

< oo ensures the

T
Equ, {GXP (% Jo |7t
use of Girsanov’s theorem, and also the QEB’f’T]-
;z; dB;.
By Proposition 3.3, the stochastic control problem
(7) is to maximaize over (u,v) € A:

(0% T 2
/EQ;:;}‘T] [r(YT) —~ 5/0 0 dt] v(y)dy
— OZDKL(I/(');pnoise('))a

martingale property of fo

Ut

)
where Q[o T]( ) denotes the probability distribution
of the process (Y;, 0 < ¢t < T) in (6) conditioned
on Yy = y. It is easy to see that the two decision
variables (u,v) are separable in the problem (9). It
boils down to the following two steps:

(1) Solve the stochastic control problem:

v*(0,y)
T 2
« Ut
= maxEquo |r(Ye) — 5 [ || dt
T ea 9 [’"( 7) 2/0 7(t) ]

(10)
to get the optimal control u*(-, ).
(2) Given v*(0,y),
distribution v*(-):

“(0,Y)] — aDrr(V(:), Pae(+))-

solve for the optimal initial

Y

max E, [v
v

C. Solve the stochastic control problem

Here we study the stochastic control problem (7)
(or equivalently (9)), following (10)—(11). We start
with the problem (11) to find the optimal initial
distribution »*(-), the easier one.

Proposition 3.4: Let [ exp (%) Puoie(Y)dy <

00. We have:
1 v*(0,y)
5 eXp ( a ) pnoise(y)) (12)

vi(x) =
where C’ is the normalizing constant.

The assumption | exp (U ©, y)) Prose(Y)dy < 00

is equivalent to fexp (T(y))pm( )dy < oo in
Lemma 3.1.

Now we proceed to solving the problem (10). To
this end, define the value-to-go:
2
ds] ,

v (t,y)
~ T
2
(13)

where QﬁyT]() denotes the probability distribution
of (Ys,t < s <T) in (6) conditioned on Y; = y,
and A, is the admissible set for w on [¢,T]. The
following result provides a verification theorem for
the problem (13).

Proposition 3.5: Assume that there exists V (¢,y) €
C12(]0,T) x R9) of at most polynomial growth in
y, which solves the Hamilton-Jacobi equation:

Us

a(s)

o gé% IEQ[t T] [T(YT) a

—2
‘?;; + TNy bt y) Vot 2 ( )\v 2=
o(T,y) = T(y),
(14
and that X VV( -) € A. Then v*(t,y) = V(t,y),

and the feedback control u*(t,y) = @VV(?&, Y).

It is preferable to characterize the value function
v*(t,y) as the viscosity solution to the Hamilton-
Jacobi equation (14). Under suitable conditions on
r(-), o(-) and b(-,-), it can be shown that the
equation (14) has a unique viscosity solution which
is smooth. So Proposition 3.5 can be applied. We do
not pursue this direction, and refer to [17] and [30,
Section 5] for related discussions.

The purpose of the stochastic control (7) (or (9)) is
to fine-tune the pretrained model for data generation.
We consider the distribution of (Y;,0 < ¢ < T)
under the optimal control Q[o b ( ).
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Proposition 3.6: Let (u*,v*) be the optimal solu-
tion to the problem (7) (or (9)), and let the assump-
tions of Proposition 3.4 and 3.5 hold. We have:

1 r(Y;
oo (") Qo av.),

(15)
where Y, = (V3,0 < ¢t < T). Consequently, the
marginal distribution is

£ () = gy [ exp (r(?)ﬂ Q“yi;@

where Q 71(-) denotes the probability distribution
of (Ys, t < s < T) under Q; 7)(-) conditioned on
Yi=vy.

By specializing (16) at t = T, we get Q;*’”* ()=
Drne(+)- Indeed, the stochastic control problem (7)
yields the fine-tuned distribution (4). The optimal
feedback control is given by

u*(t,y) =5 (t)V <1n1EQﬁYT] [exp (’”(?)ﬂ) :

(7
To sample the optimal initial distribution v*(+), we
consider another stochastic control problem:

dY; = qidt + o’ (t)dBy, Yo ~ pa(-),

where ¢, is the control variable, ¢’ : R, — R, and

the distribution py,(-) is set so that the process dY; =

o'(t)dBj, Yy ~ pu(-) will generate Y/ ~ Pue(*)

at time 7. Denote by P[%j](-) be the probability

distribution of (Y3, 0 < t < T), defined by (18),

and P/ its marginal distribution at time ¢. Solve the
a'(t)

optimization problem for ¢*:
T 2
2 / dt} :
2 Jo
and it is easy to see that Pg*() =v*().
The following result quantifies the performance of
generating py,,.(+) using any approximation (u*,v*).

QU (dYa) =

(18)

qt

[v*w,Yo) -

max [E pa
¢ Fom

19)

Proposition 3.7: Define

max E ... w*(t, V)%

2 ~x o
= max K. Ol (YY)
We have:

DTV(QT ( ) pflune <

,/ \/ Drn(#(). ().

(20)

IV. EXTENSION TO REGULARIZATION BY
f-DIVERGENCE

In this section, we go beyond entropy regulariza-
tion, and consider the problem of fine-tuning regu-
larized by f-divergence. Let f : Ry — (—o00, 400
be a convex function such that f(z) < oo for z > 0,
f(1) =0and f(0) = lim; ,o+ f(¢). Given two prob-
ability distribution p(-), ¢(-) on suitably nice space,
the f-divergence between p(-) and ¢(-) is defined by
Dy(P,Q) = ff(jp)dq_]]«: [f( )}.The KL
divergence corresponds to the choice f(¢) = ¢lnt.
Other popular examples include forward KL f(t) =
—1Int, and 7-divergence f(t) = % See
[20, Chapter 7] for details on the f-divergence.

Inspired by entropy-regularized fine-tuning (3), an
obvious candidate is:

Pl () = argmax, B, [r(Y)] — aDy (p(-), pue(-)).

2
where the maximization is over all probability dis-
tribution on R?. Similar to entropy-regularized fine-
tuning (3), the problem (21) is solvable under some
conditions on f. The following result was proved
by [37] in a different but closely related context of
direct preference optimization [21].

Proposition 4.1: Assume that p,.(-) has full support
on R%, and f' is strictly increasing, and 0 is not
in the domain of f’. Also assume that there ex-
ists A such that T(()X 2 is in the range of f’, and

St (T(y) /\) Pe(y)dy = 1. We have:

ol = (7 (=) et

It was claimed in [37, p.5] that the solution (22)
to the (constrained) problem (21) can be written in
the form Cif(f’)*1 (%)
wrong because % may even not lie in the range of
f'. In fact, A in (22) plays the role of the normalizing
constant, and can be factorized out only for entropy
regularization where (f')~!(t) = e'~!. Sampling
the distribution (22) is generally difficult due to the
complex dependence in the normalizing constant .

(22)

Dee(+). This seems to be

As an alternative, we can first solve the problem
(21) with no constraint, and then normalize it to a
probability distribution (which was claimed in [37]
to be the “solution”.) This leads to the following
fine-tuning proposal. Recall that r : R — R, is
assumed to be nonnegative.
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Definition 4.2: Assume that (f")71(-) is well-
defined on the range of %, or (f)71(-) is not
but (—f')~1(-) is well-defined on the range of %,
which we denote by (f.)7!(-). Also assume that

S5t ( y)) Dee(y)dy < 00. Define

Poy) 1= (fi) (@)pﬁc(y), (23)

where CYy is the normallzmg constant. We abuse by
calling (23) (instead of (21)) fine-tuning regularized
by f-divergence.
Let’s illustrate Definition 4.2 with examples.
e KL: f/(t) = Int+1, s0 pi. (y) exp(r(y) )P (Y).-
The definitions (21) and (23) agree.
e Forward KL: f'(t) = —1 so (fi)7'(t) =
(=f")7H(t) = 1. We have plo(y) o ap,()/7(y)-
e y-divergence: f'(t) = (1 —¢t77)/v. So if r(-) is
bounded from below by a/v, we get (f,)71(¢)
_1
(=)' (vt = 177 and pla(y) o
%(y) -1 Pue(y); if 7(-) is bounded from
above by a/7, we get (f1)7L(t) = (f)71(t) =
1

(1=91)7% and pla(y) o (1 2L) 7 p ().
The advantage of the definition (23) is that the
normalizing constant is factored out in (f})~!, so
the machinery in Section III can be applied to gen-
erate pf{u“e(-) by only modifying the reward function.

Let
In ((f’ir1 (’"(j))) . @4

S0 pf{me( ) = exp(7 ¢ (Y))Ppe(y). Following the
stochastic controf setting in Section III, we consider
the problem of maximizing over (u,v) € A:

2= ||

r(y) ==

1

/EQ;;”T] [f(YT)_ 1/ % dt] v(y)dy
= Drr(v(-) Puie (")), 25)

where the parameter « is included in (), so it does
not appear in the regularizer D1, (v(+), Pooise(*))-

Here we use the entropy regularizer instead of
f-divergence, i.e., Df(Q[OT (+), Qo,r)(-)) in the
stochastic control problem. ThlS is because it is diffi-
cult to simplify Df(Q[O T]( ), Qpo,71(+)) due to lack
of the chain rule (for general f-divergence), which
will incur nonlocal terms. So in the problem (25), the
“regularization by f-divergence” is reflected in the

reward function 7 (-). As a result, Propositions 3.4—
3.6 are easily adapted to solve the control problem
(25). We summarize the results as follows.

Corollary 4.3: Define the value-to-go vj}( JY) =

(1) Assume that there exists V (¢,y) € C12([0,T] x
R?) of at most polynomial growth in 3, which solves
the Hamilton-Jacobi equation:

)

5 + Av +b(t,y) - Vo +32(t)|Vo|]? =

o(T,y) =r¢(y),

and that 7>(t)VV(,,-) € A. Then vj(t,y) =

V(t y), and the feedback control w}(t,y) =
FL)VV(Ly).

(2) The optimal initial distribution is given by

a(s

maXqyec A, EQE;Z“] [Tf YT 3 j;

V(@) = G- o (50.9) puci). @6

(3) Let (u},v}) be the optimal solution to the prob-
lem (25), specified by (1) and (2). The distribution
of the process under the optimal control is:

1
Qi (@Y2) = e (V) Qry (aYa),
) 27)
7() = plae(-).
Similar to the discussions in Section III, the opti-
mal control problem is given by

uj(ty) = 72OV (Eqy , [exp (ry(Y))])
(28)
The optimal initial distribution v}(-) is sampled by
solving the control problem for ¢7:

1 T
2,

V. NUMERICAL EXPERIMENTS

and in particular, Q;’

manEp[%’T] |:'U;‘ (0, Yo) _

. (29)
with P (-) = v ().

In this section, we apply our stochastic control ap-
proach for fine-tuning large-scale text-to-image mod-
els — Stable Diffusion v1.5 (SD v1.5). Specifically,
we consider three different types of regularization
as in Section IV: KL divergence, Forward KL diver-
gence, and ~v-divergence. The exploration parameter
a is evaluated at the levels {0.1,1,10}, while the
parameter +y is tested at the values {0.25,0.5,1}.
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We follow the same experimental setup as de-
scribed in [34]. The reward function for fine-tuning
is the LAION Aesthetics Predictor V2 model [24],
which is a linear MLP applied to CLIP embeddings,
designed to approximate human aesthetic prefer-
ences. All methods are evaluated with respect to
three key metrics: (1) Reward: the average aesthetic
score assigned to the generated images. (2) Diver-
gence: the entropy between the sample distribution
of the fine-tuned model and that of the pretrained
model, which quantifies how much the fine-tuned
outputs deviate from those from the baseline model.
(3) Background ornamentation (B.O.): the presence
of excessive decorative or non-essential visual struc-
tures in the background. This phenomenon is a
form of reward collapse, where the model exploits
imperfections in the reward function to artificially
increase scores without improving image quality.

Table I reports the performance of different regu-
larized fine-tuning methods under the three metrics,
and Fig. 1 illustrates the outputs of the fine-tuned
models with « = 10. All experiments are conducted
on four NVIDIA L40S GPUs.

Method o« v [ Reward Div. B.O.
KL 10 8.36 £0.24 0.10 Heavy
Forward 10 8.95+0.17 0.10
Gamma 10 025 | 8.574+0.27 0.10
Gamma 10 0.5 8.73+£0.28 0.10
Gamma 10 1 855+0.39 0.25 Moderate
KL 1 8.30£0.22 0.31
Forward 1 8.50 £0.23 0.09 Heavy
Gamma 1 1 8.49+0.20 0.11 Moderate
KL 0.1 8.13+0.31 0.57 Moderate
Forward 0.1 8.45+0.23 0.10
Gamma 0.1 025 | 8.30£0.28 0.27 Heavy
Gamma 0.1 0.5 8.73+0.23 0.17 Moderate
Gamma 0.1 1 8.65+£0.24 0.10 Moderate

TABLE I: Evaluation of fine-tuning SD v1.5.

Our main observations are summarized as follows:
e Performance: Forward KL and ~y-divergence con-
sistently achieve higher mean reward values than KL
divergence, with Forward KL at o = 10 yielding the
best overall performance.

e Divergence: Forward KL and ~y-divergence main-
tain lower divergence from the pretrained output dis-
tribution across all settings, whereas KL divergence
exhibits large drift under small a.

e Image quality: Forward KL and +-divergence
substantially reduce background ornamentation com-
pared to KL divergence.

cat dog

horse monkey rabbit bird  tiger lizard

L /
: y 2 S -
KL

a=10 823 847 798 838 30 847 813 887

Forward y
a=10 873 900 877 9.01 8.73 8.94 8.74 893

Gamma

@=10 g49 884 835 847 840 862 876 853
N =0.25 A S : :

Gamma

3:(}% 872 850 8.00 897 852 864 867 874

Azl 847 875 847 871 854 859 853 869

Fig. 1: Generated images of the fine-tuned models
with a = 10.

e Robustness: The performance of vy-divergence is
relatively insensitive to changes in «, while larger
« values improve performance for both Forward KL
and y-divergence. Moreover, larger « is effective in
suppressing background ornamentation.

VI. CONCLUSION

In this paper, we give a rigorous treatment to the
theory of fine-tuning by entropy-regularized stochas-
tic control, which was recently proposed by [34] in
the context of continuous-time diffusion models. We
also generalize to the setting where an f-divergence
regularizer is introduced. Numerical results are con-
ducted on large-scale text-to-image models, which
suggest using Forward KL or ~y-divergence for reg-
ularization, with a large exploration parameter c.

There are several directions to extend this work.
We provide an entropy-regularized approach to em-
ulate the fine-tuned distribution (23) regularized by
f-divergence. It is interesting to know whether it can
be sampled by directly regularizing the controlled
process by f-divergence. Also it remains unknown
whether the fine-tuned distribution (21) can be gen-
erated by solving some stochastic control problem.
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