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ABSTRACT

While one commonly trains large diffusion models by collecting datasets on tar-
get downstream tasks, it is often desired to align and finetune pretrained diffusion
models with some reward functions that are either designed by experts or learned
from small-scale datasets. Existing post-training methods for reward finetuning of
diffusion models typically suffer from lack of diversity in generated samples, lack
of prior preservation, and/or slow convergence in finetuning. In response to this
challenge, we take inspiration from recent successes in generative flow networks
(GFlowNets) and propose a reinforcement learning method for diffusion model
finetuning, dubbed Nabla-GFlowNet (abbreviated as∇-GFlowNet), that leverages
the rich signal in reward gradients for probabilistic diffusion finetuning. We show
that our proposed method achieves fast yet diversity- and prior-preserving finetun-
ing of Stable Diffusion, a large-scale text-conditioned image diffusion model, on
different realistic reward functions.

1 INTRODUCTION

Diffusion models [17, 61, 51] are a powerful class of generative models that model highly complex
data distributions with sequential denoising steps. They prove capable of modeling distributions of
images [51, 9, 49], videos [19, 18, 4], 3D objects [81, 47, 34, 35, 13], molecules [72, 20, 32], lan-
guages [37, 53, 36] and many others. State-of-the-arts diffusion models for downstream applications
are typically large in network size and demand a significant amount of data to train.

It is often desirable that one finetunes pretrained diffusion models with some reward — either learned
from human preferences as in reinforcement learning from human feedback (RLHF) [5, 43] or de-
signed by human experts [58, 41]. While existing methods achieve fast reward convergence [71, 6],
many of them are diversity-lacking, prior-ignoring, and/or computationally expensive.

To address this issue, we take the best from both traditional reinforcement learning (RL) and direct
reward maximization approaches and propose a novel reinforcement learning objective, dubbed ∇-
DB, that leverages the rich information in reward gradients. Our method is rooted in both generative
flow networks (GFlowNets) [2], a framework and language for generative modeling on a direct
acyclic transition graph, and soft RL [15, 16]. Compared to existing gradient-informed methods, our
probabilistic finetuning method achieves better sample diversity. We further propose ∇-GFlowNet
with the objective residual ∇-DB that, by leveraging the structure of diffusion models, allows us
to perform fast, diversity preserving and prior-preserving amortized finetuning of diffusion models
with rather long sampling sequences.

We summarize our major contributions below:

• We propose ∇-DB and the pretrained-model-aware variant residual ∇-DB, the objectives that
efficiently leverage the rich information in reward gradients in a principled and probabilistic way.

• Our ∇-GFlowNet is the first GFlowNet method that considers first-order information in reward
signals, and is closely connected to soft reinforcement learning.

• We empirically show that with the proposed residual ∇-DB objective, we may achieve diversity-
and prior-preserving yet fast finetuning and alignment of diffusion models.

1

https://nabla-gfn.github.io/


Published as a conference paper at ICLR 2025

Number of finetuning steps

Qualitative Results 
Bird

Cat

Squirrel

Dog

Forward-looking Residual    -DB

Residual    -DB 

Figure 1: Left: Illustration of the proposed residual r-DB objective, along with its forward-looking variant.
The two “forces” on each image in each transition xt ! xt+1 out of a trajectory � = (x0; x1; :::; xT ) are
expected to sum to zero. Green and blue terms represent forward and reverse residual policy scores (respec-
tively), orange terms represent signals from terminal rewards and pink terms represent flow scores or residual
flow scores, each of which is defined in Section 3. Notice that the reward term on the xT in the final transition
are different from the others. Right: Generated image from a model finetuned with the proposed residual r-DB
on the Aesthetic Score reward. The text prompt for each row is shown on the left. The leftmost figure is the
image generated by the pretrained model while the rightmost one is from the model finetuned for 200 iterations.

2 PRELIMINARIES

2.1 DIFFUSION MODELS AND RL-BASED FINETUNING

Diffusion models [17, 59, 61] are a class of hierarchical latent models that model the generation
process as a sequence of denoising steps. Different from the convention in diffusion model literature,
for convenience we adopt in this paper the reverse time of arrow where xT means samples from the
data distribution and the sampling process starts from t = 0. Under this convention, the probability
of the generated samples is:

PF (xT ) =

Z
x0:T�1

P0(x0)
Y

PF (xt|xt� 1)dx0:T � 1: (1)

Here P0(x0) is a fixed initial distribution, PF (xT ) is the likelihood of the model generating
data xT , and the noisy states xt in the intermediate time steps are constructed by a pre-defined
noising process, and the forward policy PF (xt|xt� 1) is the denoising step of the diffusion
model1. Take DDPM [17] as an example: the corresponding noising process is q(xt� 1|xt) =

N (
p
�t� 1=�txt;

p
1− �t� 1=�tI) and induces q(xt|xT ) = N (

√
�T � txT ;

√
1− �T � tI), where

{�t}t is a noise schedule set. With this noising process defined, the training loss is:

E
t� Uniform( f 1;:::;Tg) ;��N (0 ;I) ;xT �D

w(t)



x�(√�T � txT +

p
1− �T � t�; t)− xT




2

; (2)

whereD is a dataset, w(t) is a certain schedule weighting function, and x�(xt; t) is a data prediction
model that predict the clean data xT given a noisy data xt at time step t.

The sequential sampling process of diffusion models is Markovian and one could construct an
Markov desicion process (MDP) to describe its denoising process. Similar to existing approaches
[3, 80], given a Markovian diffusion sampling algorithm, we construct an MDP by treating the noisy
sample (xt; t) at each diffusion inference step t as a state and a denoising step from xt to xt+1

as a transition. Given such an MDP defined, one may finetune diffusion models with techniques
like DDPO [3] by collecting on-policy sample trajectories {(x1; :::; xT )} and optimize the forward
(denoising) policy with a given terminal reward R(xT ). We give a more detailed overview of MDP
construction and DDPO in Appendix F.

1To clarify, the “forward” and “backward” directions in the GFlowNet literature are typically the opposite
of those in the diffusion model literature.
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2.2 RL FINETUNING IN THE GFLOWNET FRAMEWORK

It is well known [15, 50] in the soft RL literature that, by maximizing E��
P
t[R(sT )+ 1

�H(��(·|st)]
in an MDP (with state st, terminating state sT , action at, terminal reward R(·), discount rate 
, pol-
icy �� and entropy function H), we have P (x) ∝ exp(�R(x)) for any terminating state x. Finding
optimal policies to sample from R(·) can therefore be achieved with appropriate designs of MDPs.
While we may derive our objective with the soft RL language, here we follow a recent work [80] and
adopt the GFlowNet [2] framework for generative models that sample terminal states with respect to
reward with MDP defined on a directly acyclic graph (DAG). The GFlowNet framework uniquely
motivates the introduction of a special intermediate reward associated to a reference backward pol-
icy, which is not obvious in the soft RL framework. Furthermore, in modeling distributions with a
DAG-based MDP, the GFlowNet framework is more general and perhaps more natural than soft RL.
We discuss the connections between two frameworks in Appendix D.

In a GFlowNet, the forward sampling policy PF (s0|s) on a DAG from an initial state s0 to a terminal
state sf is paired with a backward “reference” policy PB(s|s0). One can view PF as distributing
probability mass from s to its successors, and PB as moving mass backward from s0 to its ancestors.
When PF and PB are matched, they induce an unnormalized density F (s) at each state, called the
flow function. One way to specify the matching between PF and PB is through the following:

Detailed Balance (DB). A valid GFlowNet with a forward policy PF (s0|s), a backward policy
PB(s|s0), and a flow function F (s) satisfies the following DB condition for all transition (s→ s0)

PF (s0|s)F (s) = PB(s|s0)F (s0): (3)

Hence we have the following GFlowNet DB loss in the logarithm probability space:

LDB(s; s0) =
�

logPF (s0|s) + logF (s)− logPB(s|s0)− logF (s0)
�2

(4)

with an extra terminal constraint F (sf ) = R(sf ) to incorporate the target reward information.

In the context of time-indexed sampling processes such as diffusion models, the transition graph of
states s , (xt; t) is naturally acyclic, as it adheres to the arrow of time [75]. With slight abuse of
terminology that we use xt to represents the tuple (xt; t) when necessary, for time-indexed settings
the forward policy is PF (xt+1 |xt), the backward policy is PB(xt|xt+1 ), and the flow function is
F (xt)

2. The corresponding DB condition is therefore

PF (xt+1 |xt)F (xt) = PB(xt|xt+1 )F (xt+1 ): (5)

To finetune a diffusion model with DB losses [80], one can simply set PF (xt+1 |xt) to be the sam-
pling process and fix PB(xt|xt+1 ) to be the noising process used by the pretrained diffusion model.
If PB is set to be fixed, we can similarly derive this condition using soft Q-learning [15], with details
provided in Appendix D.

3 REWARD FINETUNING VIA GRADIENT-INFORMED GFLOWNETS

3.1 ∇-DB: THE GRADIENT-INFORMED DETAILED BALANCE

In our setting, we do not have access to any dataset of images, but are given an external positive-
valued reward function R(·) to which a generative model is trained to adapt. While a typical
GFlowNet-based algorithm can effectively achieve this objective with diversity in generated sam-
ples, it only leverages the zeroth-order reward information and does not leverage any differentiability
of the reward function. Yet, whenever the reward gradients are available, it is often beneficial to in-
corporate them into the finetuning objective since they help navigate the finetuned model on the
optimization landscape and may significantly accelerate the optimization process. We are therefore
motivated to develop ∇-GFlowNet, a method that builds upon GFlowNet-based algorithms to take
full advantage of the reward gradient signal. To achieve this, we take derivatives on the logarithms of
both sides of the DB condition (logarithm of Equation 5) with respect to xt+1 and obtain a necessary
condition, which we call the forward3 ∇-DB condition:

∇xt+1 logPF (xt+1 |xt) = ∇xt+1 logPB(xt|xt+1 ) +∇xt+1 logF (xt+1 ); (6)

2We write Ft(xt) as F (xt) for the sake of notation simplicity.
3This is because the derivative is taken with respect to xt+1.
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and hence the corresponding forwardr -DB objectiveL �!
r DB(x t ; x t +1 ) to be






 r x t +1 logPF (x t +1 jx t ) � r x t +1 logPB (x t jx t +1 ) � r x t +1 logF (x t +1 )








2
; (7)

with the terminal �ow loss on the logarithm scale

L r DB-terminal(xT ) =





 r x T logF (xT ) � � r x T logR(xT )








2
; (8)

where � is a temperature coef�cient and serve as a hyperparameter in the experiments. No-
tice that, by taking derivatives on the logarithms, we obtain the (conditional) score function
r x t +1 logPF (x t +1 jx t ) of the �netuned diffusion model. Indeed, ther -DB loss is closely related
to a Fisher divergence, also known as Fisher information score [25] (see Appendix B.1).

Similarly, by taking the derivative of both sides in Equation 5 with respect tox t , one obtains the
reverser -DB objective:

L  �
r DB(x t ; x t +1 ) =






 r x t logPF (x t +1 jx t ) � r x t logPB (x t jx t +1 ) + r x t logF (x t )








2
: (9)

Suchr -GFlowNet objectives constitute a valid GFlowNet algorithm (see the proof in Section B.2):
Proposition 1. If L �!

r DB(x t ; x t +1 ) = L  �
r DB(x t ; x t +1 ) = 0 for any denoising transition(x t ; x t +1 )

over the state space andL r DB-terminal(xT ) = 0 for all terminal statexT , then the resulting forward
policy generate samplesxT with probability proportional to the reward functionR(xT ) � .
Remark 2. The original detailed balance condition propagates information from the reward func-
tion to each state �ow function in the sense ofF (x t +1 ) ! (F (x t ); PF (x t +1 jx t )) , assuming the
backward (noising) policy is �xed (i.e., there is no learning component in the diffusion noising pro-
cess). In our case, if we take a close look at Equation 7, we can see thatL �!

r DB(x t ; x t +1 ) could
propagate the information fromF (x t +1 ) to the forward policyPF (x t +1 jx t ) but notF (x t ).
Remark 3. Compared to previous GFlowNet works which use a scalar-output network to parame-
terize the (log-) �ow function, inr -GFlowNet we can directly use a U-Net [52]-like architecture that
(whose output and input shares the same number of dimension) to parameterizer logF (�), which
potentially provides more modeling �exibility. Furthermore, it is possible to initializer logF (�)
with layers from the pretrained model so that it can learn upon known semantic information.

3.2 RESIDUAL r -DB FOR REWARD FINETUNING OF PRETRAINED MODELS

With the r -DB losses, one can already �netune a diffusion model to sample from the reward dis-
tribution R(x). However, the �netuned model may eventually over-optimize the reward and thus
forget the pretrained prior (e.g., how natural images look like). Instead, similar to other amortized
inference work [82, 68], we consider the following objective with an augmented reward:

PF (xT ) / R(xT ) � P#
F (xT ); (10)

whereR(x) is the positive-valued reward function,� is the temperature coef�cient,P#
F (xT ) is

the marginal distribution of the pretrained model4 andPF (xT ) is the marginal distribution of the
�netuned model (as de�ned in Equation 1).

Because both the �netuned and pretrained model share the same backward policyPB (the noising
process of the diffusion models), we can remove thePB term and obtain the forwardresidualr -DB
condition by subtracting the forwardr -DB equation for the pretrained model from the that of the
�netuned model:

r x t +1 logPF (x t +1 jx t ) �r x t +1 logP#
F (x t +1 jx t )

| {z }
r x t +1 log ~PF (x t +1 jx t ): residual policy score function

= r x t +1 logF (x t +1 ) �r x t +1 logF # (x t +1 )
| {z }
r x t +1 log ~F (x t +1 ): residual �ow score function

:

(11)

With the two residual terms de�ned above, we obtain the forwardresidualr -DB objective:

L �!
r DB-res(x t ; x t +1 ) =






 r x t +1 log ~PF (x t +1 jx t ) � r x t +1 log ~F (x t +1 );








2
: (12)

4We use the notation of# to indicate quantities of the pretrained model.
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Similarly, we have the reverseresidualr -DB loss:

L  �
r DB-res(x t ; x t +1 ) =






 r x t log ~PF (x t +1 jx t ) + r x t log ~F (x t )








2
: (13)

The terminal loss of the residualr -DB method stays the same form as in Equation 8

L r DB-terminal(xT ) =





 r x T log ~F (xT ) � � r x T logR(xT )








2
: (14)

Proposition 4. If L �!
r DB-res(x t ; x t +1 ) = L  �

r DB-res(x t ; x t +1 ) = 0 for any denoising transition
(x t ; x t +1 ) over the state space andL r DB-terminal(xT ) = 0 for all terminal statexT , then the re-
sulting forward policy generate samplesxT with probability proportional toR(xT ) � P#

F (xT ).
Remark 5. We point out that perform the same way of deriving Equation 11,i.e., subtraction be-
tween GFlowNet conditions from the �netuned and pretrained model, on the DB condition without
gradient, we can obtain aresidualDB condition ~F (x t )PF (x t +1 jx t ) = P#

F (x t +1 jx t ) ~F (x t +1 ). Mul-
tiplying this condition across time and eliminate the term of intermediate~F (x t ) will lead to the
objective derived in the relative GFlowNet work [67] as shown in Section B.4, which is a prior
paper that proposes to work on reward �netuning GFlowNets with a given pretrained model.
Remark 6. One may completely eliminate the need for any residual �ow score func-
tion with the residual r -DB conditions of both directions: r x t +1 log ~PF (x t +1 jx t ) =
�r x t +1 log ~PF (x t +2 jx t +1 ). The bidirectionalresidual r -DB condition can be analogously un-
derstood as the balance condition of two forces fromx t andx t +2 acting onx t +1 : if not balanced,
one can locally �nd some otherx t +1 that makes both transitions more probable.
Flow reparameterization through forward-looking (FL) trick. Though mathematically valid,
the bidirectional pair ofr -DB conditions suffers from inef�cient credit assignment for long se-
quences, a problem commonly observed in RL settings [63, 66]. Instead, we may leverage the priors
we have from the pretrained diffusion model to speed up the �netuning process and consider the
individual conditions for the forward and reverse directions. Speci�cally, we employ the forward-
looking (FL) technique for GFlowNets [44, 80] and parameterize the residual �ow score function
with a “baseline” of the “one-step predicted reward gradient”:

r x t log ~F (x t ) , �
 t r x t log R(x̂ � (x t ))| {z }
predicted reward

+ g� (x t ) (15)

where
 t is the scalar to control the strength of forward looking with the constraint
 T = 1 and
g� (x t ) is theactualneural network with parameters satisfying the terminal constraintg� (xT ) = 0 .
Herex̂ � (�) is the one-step clean data prediction de�ned in Equation 2. With the FL technique, one
achieves faster convergences since it sets a better initialization for the residual �ow score function
than a naïve zero or random initialization [44].

We therefore obtain the forward-looking version ofresidualr -DB losses of both directions:

L �!
r DB-FL-res(x t ; x t +1 ) =






 r x t +1 log ~PF (x t +1 jx t ; � ) �

h
�
 t r x t +1 logR(x̂ � (x t +1 )) + g� (x t +1 )

i 






2
:

(16)
L  �

r DB-FL-res(x t ; x t +1 ) =





 r x t log ~PF (x t +1 jx t ) +

h
�
 t r x t logR(x̂ � (x t )) + g� (x t )

i 






2
: (17)

Moreover, the corresponding terminal loss objective now becomes

L r DB-FL-terminal(xT ) =





 r x T log ~F (xT ) � �
 t r x T logR(xT )








2
=






 g� (xT )








2
; (18)

which indicates that the actual parameterized �ow networkg� should take a near-zero value for
terminal statesxT . The total loss on a collected trajectory� = ( x0; x1; :::; xT ) is therefore

X

t

h
wF (t)L �!

r DB-FL-res(x t ; x t +1 ) + wB (t)L  �
r DB-FL-res(x t ; x t +1 )

i
+ L r DB-FL-terminal(xT ) (19)

wherewF (t) andwB (t) are scalar weights to control the relative importance of each term.

We summarize the resulting algorithm in Algorithm 1 in Appendix 1.

Choice of FL scale.Naïvely setting
 t = 1 can be aggressive especially when the reward scale�
and the learning rate are set to a relatively high value. Inspired by the fact that in diffusion models
Ft (x t ) can be seen asR(x) smoothed with a Gaussian kernel, we propose to set
 t = � T � t .
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4 EXPERIMENTS AND RESULTS

4.1 BASELINES

For gradient-free methods, we consider DAG-DB [80] (i.e., GFlowNet �netuning with the DB ob-
jective) and DDPO [3]. Since the original DB objective aims to �netune withR� (x) instead of
P#

F (xT )R� (xT ), we also consider the forward-looking residual DB loss, de�ned as

L DB-FL-res(x t ; x t +1 ) =
�

log ~PF (x t +1 jx t )� � logR(x̂ � (x t +1 )) � g� (x t +1 )

+ � logR(x̂ � (x t )) + g� (x t )
� 2

: (20)

For other gradient-aware �netuning methods, we consider ReFL [71] and DRaFT [6]. ReFL samples
a trajectory and stops at some random time stept, with which it maximizesR(x̂ � (x t ) wherex̂ � (�) is
the one-step sample prediction function andx t is the computed via denoising=r (x t � 1) with =r being
the stop-gradient operation. Differently, DRaFT samples time stepT � K (typically K = 1 ) and
expand the computational graph of DDPM from=r (xT � K ) to xT so thatR(xT ) can be backprop-
agated toxT � K , with all x t in the previous time steps removed from this computational graph. A
variant of DRaFT called DRaFT-LV performs a few more differentiable steps of “noising-denoising”
on the sampledxT before feeding it into the reward functionR(�). We follow the paper of DRaFT
and use only one “noising-denoising“ step:x0

T � 1 � PB (x0
T � 1jxT ) andx0

T � PF (x0
T jx0

T � 1).

4.2 REWARD FUNCTIONS, PROMPT DATASETS AND METRICS

For the main experiments, we consider two reward functions: Aesthetic Score [28], Human Prefer-
ence Score (HPSv2) [69, 70] and ImageReward [71], all of which trained on large-scale human pref-
erence datasets such as LAION-aesthetic [28] and predict the logarithm of reward values. For base
experiments with Aesthetic Score, we use a set of 45 simple animal prompts as used in DDPO [3];
for those with HPSv2, we use photo+painting prompts from the human preference dataset (HPDv2)
[69]. To measure the diversity of generated images, we follow Domingo-Enrich et al. [10] and
compute the variance of latent features extracted from a batch of generated images (we use a batch
of size64). Using the same set of examples, we evaluate the capability of prior preservation, we
compute the per-prompt FID score between images generated from the pretrained model and from
the �netuned model and take the average FID score over all evaluation prompts.

4.3 EXPERIMENT SETTINGS

For all methods, we use50-step DDPM sampler [17] to construct the MDP. StableDiffusion-v1.5
[51] is used as the base model. For �netuning diffusion model policies, we use LoRA [21] with
rank 8. The residual �ow score function inresidual r -DB is set to be a scaled-down version of
the StableDiffusion U-Net, whereas the �ow function (in DAG-DB andresidualDB) is set to be a
similar network but without the U-Net decoding structure (since the desired output is a scalar instead
of an image vector). Both networks are initialized with tiny weights in the �nal output layers.

As the landscape ofR(x) can be highly non-smooth, we approximater x t logR(x̂ � (x t ))
with E� �N (0 ;c) r x t logR(x̂ � (x t ) + � ) where c is a tiny constant. For StableDiffusion
[51], since the diffusion process runs in the latent space, the reward function is instead
E� �N (0 ;c) r x t logR(decode(x̂ � (x t ) + � )) in which decode(�) is the pretrained (and frozen) VAE
decoder andc is set to2 � 10� 3, slightly smaller than one pixel (i.e.,1=255). We approximate this
expectation with3 independent samples for each transition in each trajectory. For all experiments,
we try3 random seeds. We setwF (t) = 1 for all t 's and unless otherwise speci�edwB (t) = 1 .

To stabilize the training process of our method (residual r -DB), we follow the of�cial repo of
DAG-DB [80] and uses the following output regularization:� k� � (x t ) � � � y (x t )k2 where� y is the
diffusion model parameters in the previous update step5. For residual r -DB, We set the output
regularization strength� = 2000 in Aesthetic Score experiments and� = 5000 in HPSv2 and
ImageReward experiments. For all experiments withresidual r -DB, we set the learning rate to

5Essentially a Fisher divergence between the pretrained and the �netuned distributions conditioned onx t .
Similar regularizations with KL divergence has been seen in RL algorithms like TRPO [54] and PPO [55].
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Figure 2: Comparison between images generated by models �netuned with different methods for a maximum
of 200update steps. For each method, we pick the model trained that produces images with the highest rewards
without semantic collapse among all model checkpoints, as methods like ReFL and DRaFT-LV easily collapses
(as illustrated in Fig. 3). For each method, we show the average reward of the corresponding presented images.

1 � 10� 3 and ablate over a set of choices of reward temperature� , in a range such that the reward
gradients are more signi�cant than the residual policy score functionr x t logPF (x t +1 jx t ) of the
pretrained model. For HPSv2 and ImageReward experiments, we set� to be500000and10000,
respectively. For each epoch, we collect64 generation trajectories for each of which we randomly
shuf�e the orders of transitions. We use the number of gradient accumulation steps to4 and for
each32 trajectories we update both the forward policy and the residual �ow score function. For
residual r -DB in most of the experiments, we for training sub-sample10% of the transitions in
each collected trajectory by uniformly sample one transition in each of the uniformly split time-step
intervals but ensuring that the �nal transition step always included.

Figure 3: Ourr -GFlowNet �netuning yields
stable output compared to other baselines.

For residualDB and DAG-DB, we set the learning rate
to 3� 10� 4 with the output regularization strength� = 1
The sampling and training procedures are similar to the
residualr -DB experiments. For both ReFL and DRaFT,
we use a learning rate of10� 4. For ReFL, we follow the
of�cial repo and similarly set the random stop time steps
to between35and49. For DRaFT, since the of�cial code
is not released, we follow the settings in AlignProp [48],
a similar concurrent paper. We set the loss for both ReFL
and DRaFT to� Ex T � PF ReLU(R(decode(xT ))) where
the ReLU function is introduced for training stability in
the case of the ImageReward reward function.

4.4 EXPERIMENTAL RESULTS

General experiments.In Figure 6 and Table 1, we show the evolution of reward, DreamSim diver-
sity and FID scores of all methods with the mean curves and the corresponding standard deviations
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