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ABSTRACT

Fine-tuning text-to-image diffusion models with human feedback is an effective
method for aligning model behavior with human intentions. However, this align-
ment process often suffers from slow convergence due to the large size and noise
present in human feedback datasets. In this work, we propose FiFA, a novel au-
tomated data filtering algorithm designed to enhance the fine-tuning of diffusion
models using human feedback datasets with direct preference optimization (DPO).
Specifically, our approach selects data by solving an optimization problem to max-
imize three components: preference margin, text quality, and text diversity. The
concept of preference margin is used to identify samples that are highly informative
in addressing the noisy nature of feedback dataset, which is calculated using a proxy
reward model. Additionally, we incorporate text quality, assessed by large language
models to prevent harmful contents, and consider text diversity through a k-nearest
neighbor entropy estimator to improve generalization. Finally, we integrate all
these components into an optimization process, with approximating the solution by
assigning importance score to each data pair and selecting the most important ones.
As a result, our method efficiently filters data automatically, without the need for
manual intervention, and can be applied to any large-scale dataset. Experimental
results show that FiFA significantly enhances training stability and achieves better
performance, being preferred by humans 17% more, while using less than 0.5%
of the full data and thus 1% of the GPU hours compared to utilizing full human
feedback datasets. Warning: This paper contains offensive contents that may be
upsetting.

1 INTRODUCTION

Large-scale models trained on extensive web-scale datasets using diffusion techniques (Ho et al., 2020;
Song et al., 2020), such as Stable Diffusion (Rombach et al., 2022), Dall-E (Ramesh et al., 2022),
and Imagen (Saharia et al., 2022), have enabled the generation of high-fidelity images from diverse
text prompts. However, several failure cases remain, such as difficulties in illustrating text content
or incorrect counting (Lee et al., 2023). Fine-tuning text-to-image diffusion models using human
feedback has recently emerged as a powerful approach to address this issue (Black et al., 2023; Fan
et al., 2024; Prabhudesai et al., 2023; Clark et al., 2023). Unlike the conventional optimization strategy
of likelihood maximization, this framework first trains reward models using human feedback (Kirstain
et al., 2024; Wu et al., 2023; Xu et al., 2024) and then fine-tunes the diffusion models to maximize
reward scores through policy gradient (Fan et al., 2024; Black et al., 2023) or reward-gradient based
techniques (Prabhudesai et al., 2023; Clark et al., 2023). More recently, Diffusion-DPO (Wallace
et al., 2023), which directly aligns the model using human feedback without the need for training
reward models, has been proposed. This approach enables fine-tuning diffusion models at scale using
human feedback, with the additional benefit of leveraging offline datasets more effectively.

However, fine-tuning diffusion models using human feedback requires considerable time and com-
putational resources. For instance, even with the relatively efficient Diffusion-DPO (Wallace et al.,
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(a) PickScore by each training step (b) Qualitative examples of generated images

Figure 1: (a) PickScore (Kirstain et al., 2024) at each training step of the SD1.5 model using data
filtered with FiFA, which uses 0.5% of the data, compared to the model trained with full dataset.
Our method significantly outperforms the alternative, converging faster while requiring about 4x
fewer GPU hours to match the performance of the SD1.5-DPO released checkpoint'. (b) Qualitative
evaluation of training on the full data and data selected with our FiFA for various prompts.

2023), it still takes more than thousands of GPU hours to fully fine-tune SDXL model Podell et al.
(2023) on the large-scale Pick-a-Pic v2 dataset (Kirstain et al., 2024). This is attributed to the multiple
denoising processes involved in diffusion models, as large diffusion models must be trained on
multiple timesteps (Fan et al., 2024; Prabhudesai et al., 2023; Clark et al., 2023). Moreover, the noisy
nature of feedback dataset slows down the convergence speed by making it harder for the model to
accurately fit user preferences (Yang et al., 2023b; Chowdhury et al., 2024).

Some model-centric approaches such as model pruning (Fang et al., 2023; Ganjdanesh et al., 2024),
which reduces the size of diffusion models, or alternative scheduling techniques (Luo et al., 2023),
which aim to reduce the number of timesteps, are utilized to improve efficiency. However, the nature
of large-scale feedback datasets diminishes the impact of these methods, as the training cost increases
dramatically with the growth of both model size and dataset, despite improvements in efficiency per
data point. Dai et al. (2023) have attempted to create smaller datasets manually to reduce the need for
large-scale data, but this approach requires significant human effort and is not applicable for reducing
the size of large-scale feedback datasets, which may serve different purposes. This highlights the
need for an automated approach to extract meaningful subsets from large-scale feedback data.

In this paper, we propose a novel automated Filtering framework that selectively integrates human
Feedback, designed for efficient Alignment of diffusion models (FiFA). We frame the filtering
task as an optimization problem, aiming to find a subset that maximizes the three components; (1)
preference margin, (2) text quality, and (3) text diversity. A key component of our optimization is
selecting data pairs that are more informative, as determined by their preference margins, which are
calculated using a proxy reward model. Specifically, training pairs with a low preference margin can
be considered noisy and ambiguous data, as their preferences may easily flip, thereby hindering the
training process (Chowdhury et al., 2024; Yang et al., 2023b; Rosset et al., 2024). Furthermore, to
address the concerns on harmfulness problems and coverage of selected subset induced by relying
only on preference margin, we also consider the quality and diversity of the text prompts in the
objective function. We assess text quality using a Large Language Model (LLM), following Sachdeva
et al. (2024), and measure text diversity by calculating the entropy of embedded text prompts (Zheng
et al., 2020) approximated using a k-nearest neighbor estimator (Singh et al., 2003). To integrate
all these components, we define an objective function that combines the three metrics into a single
optimization problem. Additionally, to improve efficiency, we approximate the solution by assigning
a data importance score for each data pair, making FiIFA efficient and applicable to large-scale
datasets through an automated process.

]https ://huggingface.co/mhdang/dpo-sdl.5-text2image-vl
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In our experiments with open-sourced text-to-image diffusion models Stable Diffusion 1.5 (SD1.5)
and Stable Diffusion XL (SDXL) (Podell et al., 2023), FiFA significantly improves training efficiency
compared to fine-tuning with full datasets. As shown in Figure la, by using only 0.5% of the full
Pick-a-Pic v2 dataset (Kirstain et al., 2024), the SD1.5 model trained using FiFA demonstrates a
significantly faster increase in PickScore (Kirstain et al., 2024) than the SD1.5 model trained on the
full dataset. Moreover, the SDXL model trained using FiFA is preferred 17% more than the model
trained with the full dataset by human annotators when evaluated on the HPSv2 benchmark (Wu
et al., 2023), with the preferred images showing better text-image alignment and higher quality, as
illustrated in Figure 1b. We remark that this is achieved while requiring less than 1% of the GPU
hours. Additionally, FiFA reduces harmfulness by more than 50% for neutral prompts compared to
using full dataset, by prioritizing text quality. Overall, our proposed FiFA allows large text-to-image
diffusion models to be efficiently trained on a small yet important dataset, while showing better
efficacy with high image quality.

2 PRELIMINARIES

Diffusion Models Diffusion models (Ho et al., 2020) are probabilistic models that aim to learn a
data distribution p(X) by performing multiple denoising steps starting from a Gaussian noise. The
diffusion process consists of two parts, forward process and backward process.

In the forward process, noise is progressively injected at each timestep ¢ according to g(X¢|Xo) ~
6 (V@y, (1 — ay)1), where the noise schedule ot is a monotonically decreasing function and & :=

;:0 as. The neural network s trained to learn the denoising process with the following objective:

Lom(0) = Exee MO = (%, 1)II3], M

where A(t) is determined by the noise schedule and is a Gaussian noise. During generation, the
diffusion model takes reverse denoising steps starting from a random Gaussian noise.

The conditional diffusion model (Rombach et al., 2022), such as a text-to-image diffusion model,
aims to learn the data distribution p(X|c), trained using the conditional error (X, ) instead of the
unconditional error (X).

Reward Learning in Text-to-Image Domains Using human preference data, the goal of reward
learning is to train a proxy function aligned with human preferences. In text-to-image domains,
given textual condition C and the generated image Xg from that condition, we assume a ranked pair
with X} as a “winning” sample and X}, with a “losing sample”, that satisfy x}§ > x}|c. Using the
Bradley-Terry (BT) model, one can formulate maximum likelihood loss for binary classification to
learn the reward model r, parameterized by ¢, as follows:

EBT(¢) = *Ec;x‘g;x'o IOgU(T (Cvx\(,)v) -r (CaXB)) ) )
where ¢ is a sigmoid function, C is a text prompt, and image pairs X{, and X}) labeled by humans.

Direct Preference Optimization for Diffusion Models Direct Preference Optimiza-
tion (DPO) (Rafailov et al., 2024) is an approach to align the model using human feedback without
training a separate reward model. Directly applying DPO loss to diffusion models is not feasible,
as an image is generated through the trajectory Xt.9 where T' denotes the number of denoising
steps, and obtaining the probability of this entire trajectory is generally intractable. Following
Diffusion-DPO (Wallace et al., 2023), the DPO loss for diffusion models can be approximated as
follows:

‘CDPO(H) = _Et;c;xg;x{) IOgU(_ﬁTW()‘t) — (X\tNat)H% — | W ref(xrl’t)Hg
[ I [ I
== etE I e IE
where w(\¢t) is a weight function typically set to a constant, X}, X} are the noised inputs of winning
and losing images at timestep ¢ respectively, W, ' ~ A/(0, I) represent the Gaussian noise for the

winning and losing images respectively, and . is a pretrained diffusion model. Detailed derivation
of DPO loss for diffusion is presented at Appendix C.

(€)
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(a) Samples of high/low preference margin (b) Distribution of reward margin

Figure 2: (a) Qualitative analysis of preference margin estimated through PickScore reward model.
(b) Distribution of PickScore reward margins of Pick-a-Pic v2 train set.

3 METHODS

To address the inef ciency and noise in feedback datasets, we pr&jfese which automatically

Iters the full human feedback data to obtain a subset for ef ciently ne-tuning text-to-image
models. Speci cally, our method leverages preference margin as a key component to rapidly increase
the reward value, while also considering the quality and diversity of the text prompts to mitigate
harmfulness and ensure robustness. Additionally, we frame the task as a optimization problem to nd
the best subset that maximize these three components, resulting in an automated ltering framework
applicable to any large-scale dataset.

3.1 PREFERENCEMARGIN

The noisy and ambiguous nature of human preference datasets has been well explored, where a
labeled preference does not re ect the true preference and may contain spurious correlations (Yang
et al., 2023b; Chowdhury et al., 2024). This can be especially problematic for the ef cient ne-
tuning of diffusion models, as such noisy data slow down training and reduce the generalization
capability (Zhang et al., 2021). Inspired by recent papers that highlight the importance of clean
preference pairs (Yang et al., 2023b; Rosset et al., 2024), we use the preference margin to enable
more ef cient and effective ne-tuning of diffusion models to alleviate this issue.

To estimate the preference margin between the winning and losing images, we utilize a proxy reward
modelr trained on the full feedback dataset using the BT modeling approach with Eq. (2). This
process does not pose ef ciency concerns for text-image domains, as training a reward model using
CLIP (Radford et al., 2021) or BLIP architectures (Li et al., 2022) demands signi cantly less time than
training large diffusion models, and open-sourced text-image reward models like PickScore (Kirstain
et al., 2024) and HPSv2 (Wu et al., 2023), trained on human feedback datasets, can also be utilized.

Figure 2a shows samples with different preference margins estimated using the PickScore proxy
model. For example, given the prompt “A cat knight...”, image pairs with high reward margin are
more distinct, clearly showing that the image including a “cat” should be preferred over the one
without it. On the other hand, for the low margin pairs, both images usually differ only in style,
implying that preferences can be ipped depending on the annotator. This demonstrates that selecting
pairs with clear distinctions offer more informative preferences based on the prompt.

Additionally, Figure 2b demonstrates that most pairs in the large-scale Pick-a-Pic v2 dataset are
concentrated in a low-margin region. Fine-tuning diffusion models primarily on these low-margin
samples can lead to slow convergence, as it offers limited bene t from the perspective of G-optimal
design, which will be further elaborated in Section 3.3.

3.2 TEXT QUALITY AND DIVERSITY

While reward margin is a critical component, relying solely on the reward margin may overlook two
critical factors: the quality and diversity of text prompts.
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Subset  |TextQuality’|  TextDiversity"
IS_IEMe Word Sem. Sing.

Full DatasetN/A  6.81 |N/A 8.05 0.56 7.47
High Margin 0.0 5.71 | 0.0 7.18 0.63 7.03

0.1 6.55 |0.1 7.37 0.65 7.18
FiFA 05 7.84 |05 7.46 0.68 7.30
1.0 8.30 |1.0 7.56 0.74 7.48

(a) Samples of harmful images (b) LLM scores and diversity scores of different subsets.

Figure 3: (a) Examples of harmful outputs when training with the full Pick-a-Pic v2 dataset without

considering the quality of text prompts. (b) LLM score and diversity measures of text prompts from

subsets of the full Pick-a-Pic v2 dataset using three metrics: word entropy (calculating the entropy

of words), semantic diversity (measuring average cosine similarity of embedded text prompts), and

singular entropy (entropy of the singular values of the embedded text matrix). When modifying either
or ,the other value is xed ab.

Text Quality The text prompts in human feedback datasets created by real users tend to be of low
quality due to unformatted structures, typos, and duplicated content. More importantly, these prompts
may include harmful components, such as sexual content, bias, or violence. Figure 3a demonstrates
the potential harm caused by naively using all open-sourced Pick-a-Pic v2 dataset for ne-tuning,
motivating us to ensure that the system takes the quality of the text into consideration.

To estimate this text quality, inspired by ASK-LLM (Sachdeva et al., 2024), we evaluate the text
quality using a LLM. Speci cally, we ask the LLM to evaluate whether the text prompt is clearly
formatted, understandable, of appropriate dif culty, and free of harmful content by providing a score.
We scale the scores from 0 to 10, denoted ad.thd score In our experiments, we use OpenAl
gpt-3.5-turbo-0125 model. A detailed explanation on LLM score is available in Appendix D.

Text Diversity The problem with our selection method is that image pairs with a high preference
margin may be focused on certain prompts or families of prompts. This is supported by Figure 3b,
as relying on high-margin prompts leads to a decrease in most diversity metrics, such as word
entropy, compared to using the full dataset. The lack of diversity may limit generalization capability.
Therefore, we also consider text diversity during data Itering.

To estimate text diversity, we employ the entropy of the embedded text prompts (Zheng et al., 2020).
Speci cally, letC denote a random variable with a probability density funcpprepresenting a distri-
bution of a selected subset of text prompts from the full datasethere each text prompt is embedded

in RY space. Text diversity is then estimated thro#tytC), whereH(C) = E, n(c) [logp()].

Additionally, we set the hard constraint on the selected nhumber of pairs for each text prompt, which is
set to 5 and doubled K is not met, to prevent the selection of a large number of duplicate prompts.

3.3 AUTOMATED DATA SELECTION WITH OBJECTIVE FUNCTION

Given the components for data importance, the remaining challenigewisto incorporate all
components into an automated data ltering framewdthnkt could be applied to any dataset. To
achieve this, we formulate data selection as an optimization problem to nd the subset with high
margin, text quality, and diversity. The pseudocode for our algorithm is presented in Algorithm 1.

Objective Function Our objective function should consider the preference margin, text quality and
text diversity. The rst, preference margin®"@® | is calculated using the trained proxy reward
model. Speci cally, given each data pdic; x ; xhg, we calculate the reward margin"ad as
follows:

m"e (X xp) = Jr (€ixg) T (CiXo)i: (4)
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Algorithm 1: Algorithm for FiFA

1: Input: Initial dataseD = fc;;xy;;Xp; gL, , LLM model for scoringLLM _Score( ), Reward
modelr (; ), Hyperparameters for quality and diversity , Number of Itered data point&

: Output: Filtered datase® = fci; XY, ; Xp, oy

.S fg /I Initialize the filtered dataset as empty

: for each data poirfc;; x¥; ; X4,;) in D do

myeward j (Cisxgi) r (ci;x'o;i)j /I Calculate the reward margin for

each data point

flci;x®i;xh;) mewad + LM _Scorg(ci)+  logke; ckNNk;

/I Compute the data importance score f~ for each data point

: end for

: Sort data points i by f{c;; x{; ;x'o;i) in descending order.

. Select the tofX data points based dnto form S.

s return S

o g s wN

o © 0~

wherec is a text prompt. Then, we use the LLM score to evaluate the quality of the text prompts
and text entropyH (C) to measure diversity, as explained in Section 3. Combining all of these
components, our goa;(is to nd the sub&ethat maximizes the following objective functidn

f(S)= m'eaqc. x¥:xy)+  LLM _Scorgc) + H (C); (5)
c;x¥;x}2S
where and are hyperparameters for balancing the three components. Unlike the other terms,

calculatingH (C) is infeasible. To address this issue, we estimate the entropy value using a k-nearest
neighbor entropy estimator (Singh et al., 2003). Speci cMlyC) can be approximated as follows:
1 i)-(NC
H(C)/ - logka ¢ ik; (6)
¢i=1
whereN is the number of text prompts, agftNN is thek-NN of ¢ within a prompt sef cg% .
Although Eq. 6 enables the calculationld{C), nding an optimal set ofC that maximizes this

function is not feasible for large-scale datasets. Therefore, to ef ciently select data, we approximate
the function by calculatingogkc,  c¢NN k, over the entire set of prompts and use this as an
estimator of the diversity score for each data pair. The nal objective fundTitivat represents the

data importance score for each data point is then formulated as follows:

e xy; xp) = m®™@qc; x¥;x,)+  LLM _Scorgc)+  logkc c*NNky:  (7)

Using this objective function, we can select data by choosing th& tdata that have higfrvalue,
with K determined based on the computatio)qal burden, as formulated below:
S = argmax c; xY; xb): (8)
XX =K ow.g
(c;xgixp)2 X
As shown in Figure 3b, by increasingand , the subset selected wiRFA achieves higher LLM

scores and diversity scores, proving that this approximated objective function empirically works. The
analysis of the selected and Itered samples usiitgA is presented in Appendix I.

Interpretation of FiFA  Our method, which considers both diversity and a high preference margin,
is connected to the theoretical interpretation related to G-optimal design (Pukelsheim, 2006). Here,
we establish this connection through the following theorem under a linear reward model assumption.

Theorem 1. Denoting i(c) := (Xg);;C) (x'o;i ; ¢) with feature vector . De ne g as:
o( ):rr(li_ac)§ Kk i(©kG() 1 9)

P
whereV( ) := (i; ¢) i(c) i(c)” is the design matrix with : (i;c) ! [0;1] being a prob-
ability distribution. Assume;(c) = i(c)> »+ ; where , is an unknown parameter and is
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Table 1: Comparison of our methods and baselines trained on Pick-a-Pic v2 and HPSv2 datasets,
Itered using their respective reward models, PickScore (PS) and HPSv2 reward (Pe8in

denotes the pretrained model, d&hdl denotes using the full trainset. PS and HPS values are multipled

by 100 for displaying. GPU hour is based on NVIDIA A6000 GPU. AE represents Aesthetic Score.

| | | | Number | Pick-a-Pic test PartiPrompt ~ HPSv2 benchmark
Trainset | Models |Methods | GPU (h)| Pairs Captions PS HPS AE PS HPS AE PS HPS AE
Pretrain N/A | N/A N/A |20.82 26.26 5.32 21.43 26.60 5.17 20.79 26.76 5.29

SD1.5 | DPO + Full 56.2 |850k 59k |21.19 26.37 5.42 21.68 26.82 5.22 21.23 27.09 5.44
DPO +FiFA | 13.6 | 5k 2k |21.64 26.95 5.52 22.06 27.43 5.35 21.84 27.84 5.59

Pick
Pretrain N/A N/A N/A 22.23 26.85 5.83 22.56 27.24 5.56 22.71 27.63 5.92
SDXL |DPO +Full | 1760.4|850k 59k |22.73 27.32 5.82 22.96 27.67 5.61 23.10 28.09 5.92
DPO +FiFA 18.3 5k 2k 22.76 27.42 5.89 22.97 27.78 5.66 23.17 28.18 5.94
Pretrain N/A N/A N/A 20.82 26.11 5.32 21.39 26.59 5.17 20.79 26.76 5.29
SD1.5 | DPO + Full 52.4 |645k 104k |20.91 26.46 5.3321.45 26.87 5.1421.05 27.19 5.28
HPSV2 DPO +FiFA 12.5 5k 3k 20.90 27.03 5.4021.44 27.43 5.1920.98 27.91 5.41

Pretrain N/A | N/A N/A |22.28 26.85 5.83 22.54 27.23 5.56 22.76 27.63 5.92
SDXL |DPO + Full | 1640.4| 645k 104k |22.32 26.98 5.8422.58 27.39 5.6122.80 27.81 5.92
DPO +FiFA | 17.2 | 5k 3k |22.24 27.26 5.9322.51 27.61 5.8122.75 28.19 6.04

a random noise sampled frotrsubgaussian. Then, witi(i; c) = g2-(i9)et) log Le number of
samples, one can obtain following error bound on the model predictisith probability 1

N

h 2, i(o)i : (10)

The theorem suggests that minimizing model prediction error can be achieved by increasing the
smallest singular value of the design mawik ), which is guaranteed by collecting samples with
diverse feature vectors. This supports intuition on considering text diversityfin . Moreover,
selecting high reward margin pairs is likely to increase the norm @), which, in turn, can increase

the singular values of the design matX ). This can reducg( ) in Eg. (9), thereby requiring

fewer samples for desired level of prediction performance. Further explanation, including more
details and proofs, is provided in Appendix J.

4 EXPERIMENTS

4,1 EXPERIMENTAL SETTINGS

Dataset We use the popular Pick-a-Pic v2 dataset (Kirstain et al., 2024) and the HPS v2 dataset (Wu
et al., 2023) for training in our main experiments. For ablation and further analysis, we mainly use
models trained on the Pick-a-Pic v2 dataset. We primarily use the Pick-a-Pic test set for evaluation.
To ensure safety, we manually Iter out some harmful text prompts from these test prompts, resulting
in 446 unique prompts. Moreover, to test the ability of the model to generalize across diverse prompts,
we utilize text prompts from PartiPrompt (Yu et al., 2022), which consist of 1630 prompts, and the
HPSv2 benchmark (Wu et al., 2023), which consists of 3200 prompts with diverse concepts.

Evaluation We automatically measure performance using PickScore (Kirstain et al., 2024) and
HPSv2 Reward (Wu et al., 2023), as our aim is to rapidly enhance the reward through DPO training.
To also assess image-only quality, we additionally utilize the LAION Aesthetic Score (Schuhmann
et al., 2022). To validate the ef ciency of each method, we calculate the GPU hours using an NVIDIA
A6000 GPU, including the time required to calculate rewards and LLM scordSFér .

Moreover, to validate the results against real human preferences, we conduct a human evaluation
using the HPSv2 benchmark, which includes four concepts: photo, paintings, anime, and concept art.
Speci cally, we randomly select 100 prompts for each concept in the HPSv2 benchmark, totaling
400 prompts. For each prompt, we assign three annotators and ask them three questions: 1) Overall
Quality (General Preference), 2) Image-only Preference, and 3) Text-Image Alignment, following
Wallace et al. (2023). A detailed explanation of the human evaluation is presented in Appendix K.
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Figure 4: Human evaluation results. We compare SDXL trained RiiA against SDXL trained on

the full dataset using the HPSv2 benchmark. The SDXL model KA consistently outperforms

the SDXL model with the full dataset in terms of both aesthetic quality and text-image alignment,
leading to superior overall quality.

Figure 5: Samples from the HPSv2 benchmark, generated using a pretrained model, the model trained
on the full dataset (DPO + Full), and the model trained usiiteA (DPO +FiFA ). Images from the
DPO+iFA model show better alignment to the prompts and higher quality than the others.

For the other ablation studies, we present performance on Pick-a-Pic test prompts, evaluated auto-
matically using PickScore. For the Pick-a-Pic test set, we generate four images for each prompt,
while for the PartiPrompt and HPSv2 benchmarks, we generate one image per prompt. To calculate
the performance, we take the average of the PickScore, HPSv2 Score, and Aesthetic Score for each
prompt. Results with different statistical measures are available in the Appendix F.

Implementation Details We utilize PickScore (Kirstain et al., 2024) for the Pick-a-Pic v2 dataset
and HPSv2 (Wu et al., 2023) for the HPS v2 trainset as proxy reward models, as they have been
trained on their respective full trainsets. In our experiments, we set battd to 0.5. For training

the model with the full dataset, we follow the settings of the original paper (Wallace et al., 2023).
Speci cally, we train SD1.5 with a learning rate ®& 8 and an effective batch size of 2048. To
compare our SDXL models with the model trained on the full dataset, we use the released checkpoint
of the Hugging Face SDXL-DP®When training our models with fewer data we seb 5000 and

have an effective batch size of 128. Additionally, we use a learning rdte of for SD1.5 and?e 8

for SDXL. In our main experiments, we train SD1.5 for 1000 steps and SDXL for 100 steps. For the
ablation studies, we mainly utilize SD1.5. More details are presented in Appendix B and Appendix G.

4.2 MAIN RESULTS

Quantitative Results Table 1 demonstrates the performance of our methods compared to the
baselines across three different reward models. Our method, requiring@¥igf the training time

for SD1.5 and less thath% of the training time for SDXL, consistently outperforms the trained
models that use the full dataset for most metrics on all benchmarks, especially on SD1.5. The
performance increase in both train sets indicate Fifdd is generalizable across different datasets.

2https://huggingface.co/mhdang/dpo-sdxl-text2image-v1
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(a) Comparison with vanilla pruningp) Component analysis #iFA  (c) Ablation on data numbé¢

Figure 6: (a) Comparison &fiFA with vanilla pruning baselines of cores&$), loss (), random R),
and high rewardHIR) based Itering methods. (b) Component analysi$dfA by comparing with
data selection based only on high/low reward margi( LM), text quality TQ), text diversity D),
and random selectioriR}. (c) Ablation on the number of pait§ for FiFA .

Notably, the increases in the Aesthetic Score, in addition to human preference rewards, indicate that
the models trained usingFA robustly enhance image quality.

Moreover,FiFA achieves high scores on PartiPrompt, which tests various compositions, along
with the HPSv2 benchmark, featuring diverse prompts from various concepts and domains. This
demonstrates that our model, trained with the small dataset obtainedriFgdn can generalize well
across a wide range of prompts from different domains and styles.

Human Evaluation We also conduct a human evaluation to see if this higher reward actually leads
to better human preference. As shown in Figure 4, human annotators prefer the images from SDXL
with FiFA 54:8% of the time, compared t87:0% for the model trained on the full dataset, in terms

of overall quality. Moreover, our model outperformed the full dataset modé&I/8gin aesthetics and
15%in text-image alignment, indicating better visual appeal and alignment for humans.

Qualitative Comparison Figure 5 shows the images generated by the SDXL model trained using
the full dataset and the model trained uskigA . One can clearly see that the model trained on the
full dataset and the pretrained model sometimes fail on certain words, highlighted in bold, by missing
objects or counts. In contrast, our models consistently follow the text prompts and provide better
details. More examples are presented in Appendix N.

4.3 ADDITIONAL EXPERIMENTS

Comparison with Vanilla Pruning Methods  In this section, we compaf&FA with multiple
baselines, including traditional data pruning techniques of coreset selection (Mirzasoleiman et al.,
2020) €9 using CLIP embeddings, error score based selectiond@ul et al., 2021) using DPO

loss, and random selectioR)( We also compare it with the baselines of naively utilizing samples with
high rewards IR) of winning images. As shown in Figure @aFA outperforms all the baselines,
demonstrating its effectiveness. Speci cally, traditional baseli@3gndL) perform poorly as

they are not designed for diffusion model alignment while requiring more ltering time. Random

or absolute reward-based ltering also underperforms, showing that smaller datasets alone do not
ensure ef cient training, underscoring the value of our method.

Analysis of Each Component We analyze each componentfeéfA ; preference margin (highiM)

and low (M)), text quality TQ), and text diversity TD). Figure 6b shows that the high reward
margin is crucial, as its removal signi cantly reduces performance, and a low margin leads to the
worst score. Although text quality and diversity alone do not have speci ¢ impacts, when combined
with a high margin, they outperform the other baselines, suggesting that sacri cing some margin for
higher text diversity and quality could slightly boost performance while providing additional bene ts.

Ablation on the Number of DataK  We conduct an ablation study on the number of data points,
K, selected usin§iFA . As depicted in Figure 6¢, performance increases Withut decreases when
K exceed; 000. The lower performance with smaller datasets occurs because such datasets lack
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(a) Ablation on and (b) Assessing harmful images (c) Impact of text diversity

Figure 7: (a) Ablation on hyperparametersind . (b) Comparison of harmful images generated
by the models trained using different methods with three prompts: “a woman stanBifjg™#
beautiful woman” P2), and “a hot girl” P3). (c) Analysis of samples generated by models trained
on subsets that either ignore or consider text diversity across different artistic styles.

diversity, leading to over tting on too few prompts and images. In contrast, a larger dataset might
include data with low margins or poor prompt quality, which are less informative and can degrade
overall performance. The results may depend on the original dataset, as including more data will be
bene cial if the original set is of high quality.

4.4 ABLATION ON TEXT QUALITY AND DIVERSITY

Ablationon and Here, we explore how different and values, that control the effects of text
quality and diversity, affect the performance of trained models. The results are illustrated in Figure 7a.
Since a preference margin is used in all con gurations, performance remains high compared to the
model trained on the full dataset, demonstratiiigA 's robustness to hyperparameters. However,
extremely high orlow and values are ineffective, either reducing the total margin or compromising
text quality and diversity. An range of 0.1-1.0 and arange of 0.5-1.5 ensure effective alignment,
with the optimal con guration of (0.5, 0.5) marked in red that also works well for HPSv2 dataset.

Can FiFA Reduce Harmful Contents? In this section, we evaluate whetH&FA can prevent

models from generating harmful images by considering text quality. To estimate the harmfulness, we
generated 200 images from three neutral prompts about “woman” and “girl” and manually labeled
the harmfulness of each image (see Appendix E for more details). As shown in Figure 7b, when
ne-tuned on the entire Pick-a-Pic v2 dataset, the harmfulness of images generated by the ne-tuned
model increases signi cantly, showing at leas3@bincrease for all three prompts compared to
those produced by the pretrained model. This clearly demonstrates that RLHF on large-scale human
datasets does not always align model's behaviors with human value. In contrast, images generated
by the ne-tuned model usin§iFA demonstrate reduced levels of harmfulness compared to the
pretrained model, indicating th&tFA effectively enhances model safety.

Impact of Text Diversity To demonstrate the importance of text diversity, we compare samples
generated by models trained on subsets of the Pick-a-Pic v2 dataset that either consider only high
margin with text quality or also include text diversity, using prompts including “raccoon” with
different artistic styles. As shown in Figure 7c, incorporating diversity leads to a better understanding
of concepts like “Vincent van Gogh” and “abstract cubism” compared to models trained without
diversity. This demonstrates that adding text diversity improves the generalization of trained models.

5 CONCLUSION

In this paper, we propodeaFA , a new automated data Itering approach to ef ciently and effectively
ne-tune diffusion models using human feedback data with a DPO objective. Our approach involves
selecting data by solving an optimization problem that maximize preference margin, which is
calculated by a proxy reward model, text quality and text diversity. In our experiments, the model
trained usingd=iFA , utilizing less tharl% of GPU hours, outperforms the model trained on the full
dataset in both automatic and human evaluations across various models and datasets.
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