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(b) Sparse Reward: the final image score serves as reward for the policies of all timesteps.
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(c) Strategy 1: Backward Progressive Training
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Figure 2. (Sparse Reward) When people train diffusion models with reinforcement learning (RL), the reward is only available at the end
of the generation process. This sparsity limits the success of RL in diffusion models. We propose B2-DiffuRL, a new RL framework with
two strategies, to mitigate this issue.

The alignment scores between the final generated images
and the textual prompts, which can be derived from human
preferences or model evaluations, serve as the rewards. The
pipeline of training diffusion models with RL is illustrated
in Figure 2 (a). Researchers first sample images using the
diffusion model with given prompts and then calculate the
alignment scores as rewards. These sampled trajectories,
consisting of images at different timesteps and their corre-
sponding alignment scores, can be used as training data for
RL to further enhance the diffusion models [25].

However, RL has so far made limited success in improv-
ing prompt-image alignment, primarily due to the key chal-
lenge of sparse reward. As shown in Figure 2 (b), reward
in this context is sparse because it is only available at the
end of the generation process. Sparse rewards are harmful
to RL-based diffusion fine-tuning in two ways:
• Limited improvement in alignment. The denoising ac-

tions at different timesteps focus on varying levels of
semantics (e.g., early timesteps define layout, middle
timesteps refine style, and late timesteps enhance de-
tailed objects) and have different impacts on the final
image [68, 69]. With sparse rewards, it is difficult to
identify which actions during the denoising process con-
tribute positively to the final alignment, so actions at dif-
ferent timesteps receive inappropriate rewards. As a re-
sult, learning effective policies becomes challenging.

• Sacrificing diversity for better alignment. To achieve
higher alignment score, the model may learn unnecessary
policies. For example, with prompts like “a bear washing
dishes”, cartoon-like images are more likely to get higher
rewards than realistic photographs because the prompts
are often depicted in a cartoon style in pre-training data.
With sparse rewards, model fine-tuned via naive RL al-

gorithms (e.g., DDPO [8]) may learn these unnecessary
policies about styles, resulting in generating only cartoon-
like images, as shown in Figure 1. This shows a trade-off
between alignment and diversity, where alignment is im-
proved at the expense of diversity [54, 71].

The challenge of sparse reward has attracted widespread at-
tention in traditional RL [20, 62]. The classic solutions are
constructing additional rewards by various techniques, such
as reward shaping [40, 50], to achieve dense reward func-
tions [13, 19, 27, 43]. Unfortunately, these solutions are not
suitable for diffusion models because it is hard to evaluate
the noisy images in the denoising process. This motivates us
to ask: How can we mitigate the negative effects of sparse
rewards when using RL to train diffusion models?

In this paper, we introduce a novel RL-based fine-tuning
framework for diffusion-based text-to-image generation to
address the challenge of sparse reward, which we refer to as
B2-DiffuRL 2. Our framework employs two strategies. The
first one is backward progressive training (BPT), applied to
the training stage. Initially, we focus training on only the fi-
nal timesteps of the image generation process, as shown in
Figure 2 (c). As training rounds increase, we gradually ex-
tend the training interval backward to cover all timesteps,
and achieve training on the entire denoising process in the
end. The second strategy is branch-based sampling (BS),
applied to the sampling stage. For each training interval in
denosing process, we perform branch sampling to get mul-
tiple samples under each branch, as shown in Figure 2 (d).
Within each branch, we only select the best and worst sam-
ples to form a contrastive sample pair for RL training.

2B2-DiffuRL is short for Backward progressive training and Branch-
based sampling for Reinforcement Learning in Diffusion models.
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Figure 5. (Alignment) Alignment curves of our method and DDPO on three prompt templates.

Methods Temp. 1 Temp. 2 Temp. 3

SD 1.3179 1.4133 1.3582
DDPO 1.2886 1.3323 1.3273
Ours 1.3127 1.3579 1.3348

Table 1. (Diversity) IS ↑ of images gener-
ated by the SD [52], DDPO [8], and ours
on three templates. There is a trade-off
between alignment and diversity, while
our method helps maintain diversity.

(b) Diversity (measured by IS ↑)
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Figure 6. (Ablation Study) We separately evaluate the impact of each proposed strategy on
prompt-image alignment and image diversity with template 1. (a) Both BPT and BS strategies
help improve prompt-image alignment. (b) BS strategy also helps to maintain image diversity.
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Figure 7. (Human Evaluation) Hu-
man preference rates for prompt-image
alignment of images generated by SD,
DDPO and our method.

prompt templates. Also, images by our method are more
diverse than those by DDPO. For example, on template 1,
all images by DDPO adopt a cartoon style, while those by
ours keep original styles of SD; on templates 2 and 3, back-
grounds of the images by DDPO tend to reduce to a single
color, while those by ours do not. This can be seen more
clearly from Appendix G.

4.3. Quantitative Evaluation

We compare our method with DDPO quantitatively in terms
of prompt-image alignment and diversity.
Prompt-Image Alignment. Figure 5 shows the curve of
CLIPScore when fine-tuning the diffusion models using our
method and DDPO as the amount of reward queries in-
creases. We can observe that our method almost always
achieves higher CLIPScore during fine-tuning on all the
three prompts. This shows that our approach can improve
prompt-image alignment better with the same number of re-
ward queries compared to DDPO, which is due to our pro-
posed two strategies.
Image Diversity. We evaluate the diversity of the images
generated by original SD and the models fine-tuned by our
method and DDPO. The results are shown in Table 1. Af-
ter 25.6k reward queries during fine-tuning, both the models
trained by ours and DDPO exhibit a reduction in diversity,
since there is an inherent trade-off between alignment and
diversity [71]. However, we find that the models trained

by our method have a smaller reduction in diversity on all
templates. For example, on template 1, the diversity of the
model trained by our method decreases much less than that
of DDPO, and is basically the same as the original model.
Overall, our method can mitigate the reduction in image di-
versity during RL-based diffusion model fine-tuning.

4.4. Ablation Study

We separately evaluate the impact of each proposed strategy
on alignment and diversity respectively.
Ablation Study on BPT Strategy. To evaluate the effec-
tiveness of BPT, we fine-tune Stable Diffusion with only
BPT strategy, rewarded by CLIPScore and BERTScore re-
spectively. As shown in Figure 6 (a), regardless of the
reward function, our proposed BPT strategy outperforms
DDPO in terms of alignment. As we previously analyzed,
BPT simplifies learning by training in stages, alleviating
the negative effects of sparse rewards, and thus improv-
ing alignment. Moreover, since we only train models on
timesteps of current training interval instead of all the de-
noising process, the computation costs of our method are
less than DDPO for each queried reward.
Ablation Study on BS Strategy. The effectiveness of
BS strategy on prompt-image alignment is shown in Fig-
ure 6 (a). We can observe that, based on BPT, the
BS strategy further improves alignment in terms of both
BERTScore and CLIPScore. By comparing contrastive
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Figure 8. (Compatibility: Alignment) Alignment curves of our method on template 1 when
compatible with difference RL algorithms.

Methods Vanilla Ours+Vanilla

SD 1.3179 -
DPOK 1.2785 1.3005

PG 1.2462 1.2896
DPO 1.2895 1.3051

Table 2. (Compatibility: Diversity)
IS ↑ of images on template 1 generated
by our method when compatible with
different RL algorithms.
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(c) Template 3
Figure 9. (Generalization) Examples of images generated by SD, DDPO and ours on
three templates. The prompts are not used in training. We use the same seed for sampling.

Methods Temp. 1 Temp. 2 Temp. 3

SD 0.3515 0.3168 0.2977
DDPO 0.3698 0.3175 0.3134
Ours 0.3748 0.3252 0.3183

Table 3. (Generalization) Prompt-image
alignment (measured by CLIPScore ↑) of the
generated images by SD, DDPO and our
method on the prompts based on three tem-
plates. The prompts are not used during the
training process.

samples, BS provides a clear indication of how much the
policies of current training interval contribute to final im-
ages. This helps the model to learn effective policies. Ad-
ditionally, as shown in Figure 6 (b), diversity of generated
images always suffers from reduction since there is a trade-
off between alignment and diversity. Fortunately, the BS
strategy helps models avoid learning unnecessary policies,
thereby contributing to maintaining image diversity. With
BS strategy, diversity of the fine-tuned model decreases
less, and even achieves similar diversity as the original SD.

4.5. Compatibility

Our framework B2-DiffuRL is compatible with various
RL algorithms, not limited to DDPO. We further ap-
ply B2-DiffuRL to some widely used RL algorithms in
diffusion model fine-tuning, including DPOK [17], pol-
icy gradient (PG) [57] and direct preference optimization
(DPO) [48, 63]. The implementation details are shown in
Appendix D.1. On the one hand, as we can see from Fig-
ure 8, when compatible with different RL algorithms, our
method can help each of them to improve alignment to a
greater extent. On the other hand, as shown in Table 2,
while all algorithms reduce the diversity of generated im-
ages, our method can help mitigate the reduction. These ex-
perimental results further illustrate the effectiveness of our
method in terms of both prompt-image alignment and diver-
sity when applied to various RL algorithms.

4.6. Generalization Ability
Models fine-tuned by our method show generalization capa-
bilities. We generate 1,600 images on the prompts based on
the corresponding templates but not belong to the training
lists, and test the prompt-image alignment on CLIPScore.
As shown in Table 3, compared with DDPO, the models
fine-tuned with our method also perform better on these
prompts not used for training. Figure 9 shows examples of
images generated on these prompts, qualitatively illustrat-
ing the good generalization ability of the models fine-tuned
with our method. More samples can be seen in Appendix G.

5. Conclusions
In this work, we mitigated the issues of prompt-image mis-
alignment in text-to-image diffusion models by reinforce-
ment learning (RL). We highlight the challenge of sparse
reward when training diffusion models with RL. By in-
troducing a compatible RL-based fine-tuning framework
B2-DiffuRL that leverages backward progressive training
and branch-based sampling strategies, we effectively mit-
igated the negative effects of sparse reward. Using Sta-
ble Diffusion as backbone, we performed extensive exper-
iments with various kinds of text prompts. Both qualita-
tive and quantitative experimental results demonstrate that,
compared with naive RL-based diffusion model training
method, the proposed framework achieves better prompt-
image alignment while sacrificing less image diversity.
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