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Introduction

Text-to-image diffusion models have advanced significantly in recent years. Different models show
strong performance across various generation tasks. Choosing the right model is becoming increasingly
important since no single model consistently outperforms others in all cases. However, existing model
selection approaches are typically evaluated only at the dataset level. Such evaluation overlooks
prompt-level variation, where different models may excel on different prompts. In this thesis, we
investigate diffusion model selection during inference. The goal is to pick the best model for each
individual prompt. We first examine the online setting, where model selection occurs adaptively during
deployment. In this context, we create a framework for online diffusion model selection and test it
against recent methods from the literature. Our findings show that this approach outperforms existing
online selection strategies, highlighting the benefits of prompt-aware model selection. In addition to
the online setting, we present an offline approach to diffusion model selection, where decisions are
made without online interaction. Overall, this thesis claims that diffusion model selection should be
viewed as a prompt-level decision rather than a dataset-level comparison. By exploring both online and
offline settings and providing empirical results alongside detailed ablations, we aim to promote a more
practical and adaptable approach to diffusion model selection.
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Figure 2. Example of 16 images generated by 4 different diffusion models. For each prompt, a different diffusion
model performs best according to the Reinforcement Learning with Human Feedback (RLHF) Scores [1].

Displayed Prompts are from Pic-a-Pick dataset [2].

Abstract -

No two text-to-image diffusion models perform equally
well across all prompts. Although existing model selec-
tion frameworks benchmark models by their average perfor-
mance across datasets, this overlooks the prompt-level com-
plementarity between models, where one model may excel for
a given prompt while underperforming on another. In this
paper, we formulate prompt-level diffusion model selection
as a Contextual Multi-Armed Bandit (CMAB) problem and
propose an online framework that dynamically selects the
best diffusion model for each incoming prompt. More specif-
ically, we design a novel ensemble of predictors built on top
of a CLIP encoder, capable of both: predicting image qual-
ity for a given model and estimating the uncertainty of that
prediction to guide Upper Confidence Bound (UCB) explo-
ration. We validate our approach by demonstrating how the
performance of our selecting agent improves as more prompts
are observed, eventually outperforming a single strong diffu-
sion model after relatively few prompts from the Pick-a-Pic
dataset. We further benchmark and outperform other re-
cent diffusion model selection frameworks using 5 different
diffusion models across 3 different image quality metrics. Fi-
nally, we verify the effectiveness of each component through
various ablation studies

1 Introduction

In recent years, text-to-image diffusion models have gar-
nered a lot of popularity and have seen a lot of advance-
ments. For example diffusion models have seen use in
super resolution [3, 4, 5], inpainting [6, 7, 8], restora-
tion [9, 10], domain translation [11] and editing [12].
Further applications of text-to-image Diffusion Models
involve data generation [13, 14] or as an artistic output
[15, 16].

The common diffusion model selection framework con-
siders selecting the model that outperforms all others given
specific benchmark datasets. Notably, CLIPScore [17] is
a well known metric that evaluates a text-to-image diffu-
sion models’ ability to produce images alignment with its
respective input text. With CLIPScore, Diffusion models
are benchmarked against each other with the better model
considered to be the one that has the higher average CLIP-
Score throughout all text-image pairs on a specific dataset
[18]. However, this approach does not take into account
that Diffusion Models can perform better than others for



specific prompts while underperforming on others on some
specific image evaluation metric. Consider the examples
of prompts shown in figure 2, for each prompt, a different
Diffusion Model displays the highest RLHF score while
underperforming on others [2]. RLHF is an image evalua-
tion metrics that, similarly to CLIPScore, measures seman-
tic alignment as well as aesthetic human preference score.
In that example, PixArt produces the highest RLHF score
for the prompt “a cat in a forest” while underperforming
for the prompt “Antarctica as drawn by Van Gogh.”

Therefore, we consider the problem of prompt-level dif-
fusion model selection: given a pool of pretrained dif-
fusion models and a stream of input prompts, select the
model that maximizes image quality for each prompt while
minimizing cumulative regret over time. We formulate this
setting as an online learning problem, where at each round
the system observes a prompt, selects a diffusion model
from the available pool, and receives feedback based on
the generated image quality. The objective is to learn and
predict the image quality score of each diffusion model at
inference, balancing exploration of different models (for
training the predictor) with exploitation of those that per-
form well (to increase the overall image metric average).

More specifically, we break down the contributions of
this paper in the following aspects:

We introduce a novel ensemble-based explo-
ration—exploitation strategy for online prompt-level
diffusion model selection.

We propose a neural prediction model trained on on-
line streaming data to estimate diffusion model sam-
ple quality scores together with uncertainty. The
uncertainty of prediction aids to the decision making
of exploring or exploiting diffusion model samples.
We introduce an Ordinary Least Squares (OLS) re-
gression method trained on warm start samples to
initialise the weights of our neural prediction models.
This method reduces the number of initial sampling
rounds that would be required for the neural network
to converge to accurate predictions.

We provide empirical results showing that our strat-
egy outperforms both the best single diffusion model
from the selection pool and recent online diffusion
model selection strategies.

2 Background and Related Work

Text-to-Image Diffusion Model. Text-to-Image Dif-
fusion models have been established to be the standard
approach to synthesising images from text compared to
GANSs [19], due to their superior image quality and di-
versity measured through standard image quality metrics
such as FID and IS [20]. On a high level, diffusion mod-
els synthetize images through a series of denoising steps,

starting from a random Gaussian image x7 and ending
with a clear image xo. Each denoising step slightly de-
noises each image x; into image x,_; by predicting and
removing the noise € through a function parametised as
€g(x;, 1) [20, 21].

In text-to-image generation, the denoising process is
conditioned on a textual prompt, typically encoded using
a pretrained text encoder and incorporated into the denois-
ing network through cross-attention mechanisms. This
conditioning guides the generation process so that the re-
sulting image aligns with the semantic content of the input
prompt [22].

Multi Armed Bandit Problem.

The multi-armed bandit problem is a decision making
framework in which, given n potential profitable actions
(or arms), an agent must balance exploration and exploita-
tion to maximise cumulative reward while minimising the
regret incurred from exploring suboptimal actions.

One of the earliest formulations of this problem con-
siders G gambling machines (or armed bandits), each of
which yields a reward X; ; drawn from an unknown dis-
tribution with an unknown expectation y;, where i is the
index of the the machine and ¢ the trial number [23] [24].
Consecutive pulls from these armed bandits would yield
rewards X; 1, X; 2, ..., which are assumed to be indepen-
dent and identically distributed (i.i.d.).

An exploratory strategy would consider pulling arms
from multiple bandits to estimate the global distribution
of rewards y; at the cost of exploitation. On the other hand
an exploitative strategy would consider frequently pulling
the arm of the known most profitable bandit at the risk of
missing out on other unknown more profitable bandits.

A key framework commonly employed in MAB to bal-
ance between exploration and exploitation is the Upper
Confidence Bound (UCB) [25]. The key principle of UCB
is to act optimistically in the face of uncertainty by se-
lecting the arm that has the combined highest estimated
reward (exploitation) and uncertainty in that estimate (ex-
ploration). The UCB framework ensures exploration of
uncertain arms showing high estimated upper bound while
exploiting those that show less uncertainty but high overall
expected reward.

A more sophisticated version of MAB is the CMAB
(Contextual Multi Armed Bandit) where, agents use con-
text or feature vectors along with past observations to
choose which arm to pull in the current iterations [26].
Applications of CMAB are commonly seen in personal-
ized recommendation systems [27, 28, 29] or reinforce-
ment learning settings [30], where contextual information
about users or environments is used to sequentially select
actions that maximize cumulative reward while balancing
exploration and exploitation.

Image Quality Metrics for Text-to-Image Mod-



els. Diffusion Model performance is often benchmarked
through metrics such as CLIPScore [17], IS [31] and FID
[32]. CLIPScore evaluates text—image alignment by mea-
suring the cosine similarity between CLIP text and image
embeddings, while FID assesses image realism by com-
paring the feature distribution of generated images to real
images using Inception-v3 features. More recent metrics
such as ImageReward [33], PickScore [2], and HPDv2
[34] take into consideration aspects such as the aesthetic
appeal of an image by using human preference evalua-
tions in their training dataset. Moreover, RLHF [1] and
MPS [35] further account for additional factors such as un-
natural artefacts and fine-grained alignment between the
generated image and the prompt text.

Generative Model Selection. Diffusion model selec-
tion is an emerging and relatively unexplored domain. Re-
cent works by Lewandowski et al. [36] propose a novel
framework for selecting the most appropriate diffusion
model to fine-tune by leveraging image datasets and model
features. On the other hand, Zhang et al. [37] propose
AdabDiff, a denoising step prediction model that reduces
the number of denoising steps for image sampling de-
pending on the prompt difficulty, achieving overall faster
sampling with minimal quality drop. Finally, Luo et al.
[38] propose Stylus, a retrieval system that finds diffusion
model adapters from a database by matching user prompt
encodings with adapter metadata encodings.

More well known offline approaches have been explored
in other domains such as LLMs in Mixture-of-Experts
(MoE) [39]. In MoE, LLM tokens are routed to separate
submodels, enabling scalable models with billions of pa-
rameters while keeping computation efficient. Similarly,
Ding et al. [40] propose a routing algorithm that redirects
prompts to pre-trained LLM models to reduce inference
costs with minimal loss in sampling quality.

Finally, a branch of Diffusion Model selection in Online
Learning settings is emerging through the works of Hu et
Al through PAK-UCB and Daux et Al throguh BALROG
[41].

PAK-UCB [42] proposes a per-arm kernelized contex-
tual bandit algorithm for prompt-aware online selection
of generative models such as text-to-image, text-to-video,
image-captioning models, and LLMs. PAK-UCB learns
an individual kernel ridge regression estimator and uncer-
tainty for each model and uses UCB framework to balance
exploration-exploitation over time.

Similarly, BALROG [41] uses a UCB-based selection
framework, where predictions and uncertainties are in-
ferred using a k-NN approach. The expected reward is
estimated by averaging the rewards observed for similar
prompts in the embedding space. On the other hand, the
confidence bonus is estimated from both, statistically un-
explored arms and the distance between the current prompt

and previously seen prompts.

3 Problem Definition

We formalize the process of online selection of diffu-
sion models as a CMAB problem where an agent selects,
evaluates and trains on samples X, ; from a set of diffusion
models G = {g1, ..., &n}, where each model corresponds
to an arm in a CMAB setting. At each sampling round
t = 1,...,T the learner observes context vector x € X
representing the embedding of an input text prompt.

At each round ¢, the agent selects a diffusion model
g observing r,; € R representing the image-quality re-
ward (e.g. CLIPScore, MPS or RLHF) from the generated
image.

The expected reward for model g under context x is
given by an unknown function:

pg(x) =E [res | x; =x]

The objective is to maximize the cumulative reward
over T rounds, or equivalently, to minimize the cumulative
regret accumulated by skipping arms yielding the highest
reward:

T
Ry = Z (f;leag Mg (xe) = pg, (xr)

t=1

This formulation captures the fundamental explo-
ration—exploitation trade-off: the learner must explore
uncertain models to accurately estimate their context-
dependent reward functions, while exploiting models be-
lieved to yield high image quality for the current prompt.

3.1 Key Challenges

1) Predicting the image reward of Diffusion Models
Samples: One key challenge in an online diffusion model
selection setting is training a contextual reward prediction
model ug(x;) given model g and prompt input x. Pre-
dicting expected reward 1, (x,) is particularly challenging
due to the stochastic nature of diffusion-based image gen-
eration, where repeated samples from the same model
and prompt can yield images with varying quality scores.
Moreover, diffusion models often exhibit closely matched
performance, requiring highly accurate reward estimation
to reliably distinguish the optimal model under a given
context.

2) Estimating the UCB of prediction models: An-
other key challenge in our setting is constructing reliable
UCB index for non-linear parametric reward predictors.
This is particularly difficult because neural models do not
naturally provide calibrated uncertainty estimates. As are-
sult, predictive uncertainty must be carefully approximated
to reflect out-of-distribution uncertainty arising from finite
observations.
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input prompt.
4 The Proposed Method

The proposed solution considers a gating network that
selects Diffusion Models based on their respective esti-
mate UCB indexes for a text prompt at timestep . More
specifically, the gating network selects and trains a pre-
diction model (arms) based on the sampled image quality
reward. Model selection is based on the prompt features
that expect the highest estimated UCB index as shown in
figure 4. The UCB index itself reflects a balance of ex-
ploitation and exploration gain from that image: during
early stages UCB index is higher for models that need
exploring, on later stages the UCB is higher for models
that need exploiting. We further explore in more detail
the implementation details of the image reward predictor
in section 4.1 addressing key challenge 1 and the UCB
estimation in sections 4.2 4.3 addressing key challenge 2.

4.1 Diffusion Model Image Reward Predictor

We build our diffusion model image reward predictor on
top of CLIP-ViT/L14, partially freezing the text-encoder
backbone during training. The final layer of the encoder
is a linear layer that takes the encoded features concate-
nated with the normalised token number of the prompt to
estimate the final reward value. Empirically, we find that
both (i) fine-tuning the CLIP text encoder and (ii) aug-
menting the embedding with normalized prompt length
independently yield a relative RMSE improvement of ap-
proximately 10% when predicting image score values on
the validation dataset.

Gating Network ucs

--------- —. Index PixArt
PixArt i}
ucB X
Estimator .
' SSD-1B
. SSD-1B '
“ 0.667 1
fA ca:"/n a UGB .
ores Estimator H
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Figure 4. Model selection at inference for prompt "A
cat in a forest”. The gating network selects PixArt

Diffusion Model due to its UCB Estimator measur-
ing the highest UCB Index (0.824) out of the model

pool.

4.2 Ensemble of Branches for UCB Estimation

To balance exploration and exploitation when select-
ing which diffusion model to use for a given prompt, we
employ the UCB framework from multi-armed bandit the-
ory. Classical UCB approaches rely on concentration in-
equalities that require strong distributional assumptions
and yield conservative, data-independent bounds. In-
stead, we leverage an ensemble of reward regressors to
obtain data-dependent uncertainty estimates that adapt to
the prompt difficulty and prevalence. When presented with
a prompt at round ¢, we obtain K predictions {1, ..., Jx}
from the K branches of model g € G. The disagreement
among these predictions serves as our uncertainty measure
where high variances indicate high uncertainty about the



prompt’s reward while low variances indicate higher con-
fidence. Due to the computational cost of maintaining an
ensemble of full models, we train and sample K indepen-
dent branches that act as proxies for K distinct prediction
models as shown in figure b. Each branch k € %K shares
a common frozen CLIP text encoder as its backbone, but
maintains its own set of trainable weights in the upper
layers. This design means that while all branches process
the same input representation, they produce independently
calibrated reward predictions y} for a prompt p and model
g. Notably, the variance between predictions of the K
branches shrinks the more data is used for training. We
use the notion that a high variance in branches k; € K,
correlates with uncertainty in the embedding space to con-
struct our UCB.

Algorithm 1 Model Selection

Require: Model set G, Exploration parameter 3, Model
Timestep set T, prompt input x, Model branch sets K

Best_.m « (
Highest UCB < 0

forall g € G do
Plist — {}
x < FrRozZENLAYERS(x)
for all k € %K, do
p < TRAINABLELAYERS(K, X)
Append p to Pijs
end for

UCB,;, < EstiMATEUCB (Pyig:, X, B, tn)

tm — tm+1

if UCB,, > Highest_UCB then
Highest UCB <« UCB,,

return Best_m

4.3 UCB Index Construction

At round ¢, we construct the UCB index I, (X;) for each
model g € G to approximate the expected reward. Follow-
ing the bootstrapped UCB framework of Hao et al. [43],
our index combines three components: a mean prediction,
an uncertainty estimation, and a finite-sample correction
term.

We first obtain the mean prediction j, ; by averaging
the predictions across branches k; € K, of model g’s
reward predictors:

1
K <
12

M=

Vi € Yo, ey

)_’g,z =

where {J; fi , are the predictions from the K independent
branches. This serves as our point estimate of the expected
reward.

To quantify the uncertainty estimation in our predic-
tion, we compute the bootstrap quantile of the centered
branch predictions.

2)

where gg(-) computes the S-th quantile of the centered
branch predictions Y, ; — J¢.;, and 8 € (0, 1) is a fixed
hyperparameter controlling the degree of optimism. Since
the branches actively learn via online updates, the quan-
tile naturally concentrates around the true reward func-
tion over time. As branches converge, the centered pre-
dictions tighten around zero, causing this term to shrink
organically without requiring an explicit decay schedule.
When branches disagree (high variance), this quantile is
large, encouraging exploration while exploitation is en-
abled when branches agree (low variance).

Finally, we include a correction term to account for
finite-sample uncertainty:

Qﬁ(yg,t - yg,t)

log(t+1) 3)
Ig

Where 6 controls the factor of this term. This term is
governed by two independent mechanisms: the ng ; de-
nominator shrinks the bonus as model g is pulled more
frequently, while the log(z + 1) numerator grows slowly
with global time, preserving a persistent exploration bonus
for rarely pulled arms and ensuring no arm is permanently
neglected.

Combining these three components, we obtain the com-
plete UCB index:

_ _ log(t+1)
UCBg(t) = Vng, +(’Iﬁ(~yg,t _yg,t)+9 l‘—
—_—  — 8
mean uncertainty —_—
prediction quantile correction
term
“4)
At each round, we select the model g, =

argmaxgeg UCB,(¢) with the highest index, balancing
exploitation of models with high estimated rewards against
exploration of uncertain models.

4.4 OLS-Based Warm Start

We initialize each branch by fitting Ordinary Least
Squares (OLS) on disjoint subsets of warmup data to pro-

mote early ensemble diversity. Given Nyamup prompt—

. Nwarmu e .
reward pairs {(x;, rj)}j:1 P, we partition them into K

subsets of equal size and fit a separate linear model on
each subset to predict rewards from encoded represen-
tations. The resulting weights initialize the linear head
of each branch as shown in algorithm 2. We find that



this approach facilitates training when reward signals span
different scales. For example, I}ZIPS (X;) € [0,20] and
IgLIP(Xt) € [0,1] lie on substantially different ranges,
which would otherwise require significant optimization to
adapt to during training.

Algorithm 2 Initialize Models with OLS

Require: Model set G, prompt set X, branch sets
{Wg}geg
Ensure: Initialized linear regressors for all branches
forall g € G do
K «— 9|
Partition X into K disjoint subsets {X|, ..
equal size
fori=1to K do
Collect reward set R; for prompts in X;
Bi — (XTX)T'XTR;
Initialize branch linear regression weights of
k; € K, with weights ﬁi
end for
end for

.,XK}Of

5 Evaluation

We evaluate our approach using metrics established in
prior work [44, 41]:

OutScore (Gap vs Best Single Model). We measure
the performance gain over the best static model baseline.
Let g* = argmaxgcg % Ztrzl rq(p;) denote the model
with the highest average reward across all prompts. The
OutScore is:

LI
OutScore = T Z (rg,(pe) —re-(ps))

t=1

()

where g; is the model selected at round . A positive
OutScore indicates that adaptive selection outperforms
the best fixed model, demonstrating the value of context-
dependent model choice.

Regret. We report the average per-round regret, defined
as the difference between the reward of the optimal model
for each prompt and the selected model’s reward:

T

1
Regret = T ; (gleag rg(pr) —rg, (pr) (6)

Lower regret indicates more accurate model selection,
where no regret would imply perfect model selection at
eachr eT.

Optimal Pick Ratio. We track the percentage of rounds
where the algorithm selects the optimal model for each
prompt, providing a direct measure of selection accuracy.

Dynamic Model Pool. To evaluate adaptability, we
expand the model pool during evaluation by introducing
SD-Flash at round ¢ = 10,000 and Image-Turbo at round
t = 15,000. This tests whether the algorithm can quickly
explore new options while maintaining performance on
existing models.

5.1 Setup

Dataset. We sample images from the Pick-a-Pic dataset
[2], which contains prompts submitted by real users, pro-
viding the semantic diversity necessary to evaluate gener-
alization across a wide range of text-to-image generation
scenarios. For each evaluation run, we randomly select
disjoint subsets of prompts for OLS warm-up and online
training from the total 35,000 unique prompts available in
the dataset, ensuring no overlap between initialization and
evaluation data.

Model Pool. We evaluate our method across six text-
to-image diffusion models: SDXL Turbo [45], SSD-1B,
Sanal.5 [46], Pixart-a-XL [47], Kolors [48], and Z-Image-
Turbo [49]. All models are run using the diffusers
library[50] with each model’s recommended default pa-
rameters, ensuring a fair comparison without model-
specific tuning.

Hyperparameters. Our reward predictor is initialized
using Ordinary Least Squares (OLS) regression on 500
warm-up prompt-reward pairs per model, providing a data-
driven starting point before online updates begin. We use
the AdamW optimizer with a learning rate of 3 x 107 for
all online updates. Each UCB estimator maintains K = 10
independent branches to quantify predictive uncertainty,
with 90% of the CLIP encoder frozen during training to
preserve the pretrained text representations while keep-
ing computational cost tractable. The UCB confidence
parameter is set to 8 = 0.95 across all evaluations.

5.2 Baselines

We evaluate our online learning framework against other
online diffusion model selection strategies. Specifically,
we measure performance against random selection a poly-
nomial kernel regression of degree 3 adopted in PAK-
UCB [44] and against a kNN strategy adopted in Balrog
[41]. Both PAK-UCB and Balrog frame the online learn-
ing framework of model selection as a contextual multi-
armed bandits problem where the agent selects the best
diffusion model according to the contextual prompt.

5.3 Results Overview

Figure 5 shows performance across three key metrics
over 20,000 rounds. Our bootstrap-UCB method (red) is
the only approach to consistently outperform the best sin-



gle model baseline, achieving positive advantage after ap-
proximately 2,500 rounds of exploration with CLIPScore.

The instantaneous regret (center) shows our method’s
learning curve: high initial regret during exploration de-
creases steadily as the algorithm learns which models per-
form best for different prompt types. The optimal pick ratio
(right) rises from the random baseline of 20% (5 models)
to approximately 35%, indicating the algorithm correctly
identifies the optimal model for half of all prompts by the
end of training.

In contrast, BALROG (blue) and PAK-UCB (orange)
fail to outperform the baseline throughout training, with
PAK-UCB showing the largest negative gap of approxi-
mately —0.018. This suggests that bootstrap-based un-
certainty estimation is better suited for this task than the
kNN and kernel-based approaches used by BALROG and
PAK-UCB, as it more effectively balances exploration of
uncertain models with exploitation of known high per-
formers.

Moreover, we plot OutScore to Best for MPS and RLHF
respectively in figure 7. Notably we see that BALROG
and our approach both achieve a positive OutScore to Best
results, indicating the viability of MPS as a metric for
model selection.

5.3.1 Dynamic Model Pool Addition

Figure 6 demonstrates the algorithm’s adaptability when
the model pool expands mid-evaluation. We introduce SD-
Flash at round 10,000 and Image-Turbo at round 15,000.

CLIP OutScore to Best T

Regret per Round |

As expected, each addition causes a temporary perfor-
mance drop as the UCB framework explores the new model
with high uncertainty. However, the algorithm recovers
within approximately 2,500 rounds after each addition,
returning to positive advantage.

The regret plot (right) confirms this pattern: sharp
spikes at rounds 10,000 and 15,000 correspond to ex-
ploration of new models, followed by steady decline as
the predictor learns when each new model is appropriate.
This recovery demonstrates that the online learning frame-
work can quickly adapt to expanded model pools without
catastrophic performance degradation, a crucial property
for real-world deployment where new models are regularly
released.
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Figure 6. Dynamic model pool expansion. Models
4 and 5 are added at rounds 10,000 and 15,000 re-
spectively, demonstrating exploration through large
dips in average scores quickly followed up by posi-
tive OutScore to Best.
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improvement after exploration phase. optimal selections. (20%) to 35%, demonstrating learning progress.
Figure 5. Prompt based selection among 5 diffusion models reporting OutScore to Best, Regret and Optimal Pick
Ratio over 20000 prompts for CLIPScore Image Quality Metrics.

Metric Balrog Pak-UCB Ensemble (ours) Best Model Random
Avg Score T 0.3590 £ 0.0001 0.3551 £0.0001  0.3727 £0.0002 0.3720 £ 0.0003 0.3548 £ 0.0002
Avg Regret | 0.0392 + 0.0001  0.0432 +0.0002  0.0255 £ 0.0002 0.0000 -
Cumulative Regret | 784.04 £2.89 863.33 £4.78 510.21 = 4.06 0.00 -
Selection Accuracy (%) T 22.51 +£0.21 20.13 £ 0.37 31.62 + 0.28 100.00 -

Table 1. Numerical results from figure 5 showing average score and average regret on the last 500 averaged
datapoints, and cumulative regret on the total 20,000 datapoints.
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Figure 7. Prompt based selection among 5 diffusion models reporting OutScore to Best over 20000 prompts for

MPS and RLHF.

5.4 Ablation Studies

In Appendix we explore other warmup and branch num-
ber parameters. More specifically, we show how increas-
ing the number of branches or OLS warmup datapoints
can increase overall performance. Furthermore, we show
the effectiveness of using the normalised token number
as one of our features as well as showing the decreasing
uncertainty during training.

6 Conclusion

We presented an online framework for prompt-level dif-
fusion model selection that formulates the problem as a
Contextual Multi-Armed Bandit and addresses it through
an ensemble of CLIP-based reward predictors with boot-
strapped uncertainty estimation. Our approach achieves
positive advantage over the best single static model after
approximately 2,500 rounds, demonstrating that adaptive
model selection can effectively exploit prompt-level com-
plementarity among diffusion models.

Our key contributions are threefold. First, we intro-
duced a novel UCB index construction that combines en-
semble disagreement with bootstrap quantiles to obtain
data-dependent uncertainty estimates without requiring
strong distributional assumptions. Second, we introduced
fine-tuning CLIP text encoders with OLS warm-start ini-
tialization enabling accurate reward prediction across di-
verse quality metrics (CLIPScore, MPS, RLHF) and dif-
fusion models. Third, we showed that the framework
gracefully adapts to dynamic model pools, recovering per-
formance within 2,500 rounds after new model introduc-
tions, a critical capability for real-world deployment where
models are regularly updated.

Our experimental results across 20,000 prompts from
the Pick-a-Pic dataset validate that bootstrap-based uncer-
tainty estimation outperforms kNN and kernel-based ap-
proaches (BALROG and PAK-UCB) for this task, achiev-
ing final OutScore improvements of +0.0015+0.0014 and

optimal pick ratios near 35%. The method’s ability to
balance exploration and exploitation makes it practical for
scenarios where different diffusion models excel at differ-
ent prompt types, offering a path toward more efficient and
higher-quality text-to-image generation.

6.1 Limitations

While our approach demonstrates consistent improve-
ments over static model selection, several limitations war-
rant discussion. First, the method requires an initial
warmup period per model before achieving competitive
performance, which may be impractical when computa-
tional budgets are severely constrained or when deploying
many models simultaneously. Second, our evaluation fo-
cuses exclusively on text-to-image diffusion models; the
framework’s effectiveness for other generative tasks (e.g.,
text-to-video, text-to-3D) remains unexplored. Third, the
ensemble-based uncertainty estimation incurs computa-
tional overhead proportional to the number of branches
(K = 10 in our experiments), though this cost is off-
set across inference when models are reused for multiple
prompts. Finally, our evaluation uses a fixed set of quality
metrics (CLIPScore, MPS, RLHF); the framework’s sen-
sitivity to metric choice and its performance under multi-
objective reward scenarios (e.g., jointly optimizing quality
and diversity) remain open questions.

6.2 Future Work

Several promising directions extend this work. First,
investigating more efficient warm-start strategies could
reduce the initial data requirements, potentially through
transfer learning from related model selection tasks or
meta-learning across prompt distributions. Second, adapt-
ing this method to other domains such as LLM or text-
to-video selection. Third, extending the framework to
balance hardware budget constraints, combining our ap-
proach with model cascades or early-exit strategies could
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enable adaptive compute allocation, selecting not only
which model to use but also how many diffusion steps
to run per prompt. Finally, exploring multi-armed bandit
algorithms with lower regret guarantees (e.g., Thompson
Sampling variants or information-directed sampling) may
further improve sample efficiency.
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Appendix

2.1. Ablation Study on Ensemble-UCB Components

In this section, we explore a set of ablation studies exploring each component of our proposed method.
Namely, we evaluate Ensemble-UCB on other image quality metrics, the OLS-based warmup method,
the regression model, and finally we test out different amounts of branch numbers.

2.1.1. Multiple OLS Warmup Set Sizes

We investigate the effect of warmup data size on learning dynamics by comparing initialization with
20, 100, and 500 datapoints. Figure 2.1 shows that larger warmup sets enable faster convergence,
the 500-datapoint configuration achieves positive OutScore-to-Best within 2,500 rounds, while the
20-datapoint variant requires approximately 5,000 rounds to reach baseline performance on CLIPScore.
However, all three configurations converge to similar long-term performance (gap ~ 0.002), suggesting
that warmup size primarily affects exploration efficiency rather than asymptotic reward. This pattern is
confirmed by regret plot per round, decreasing more rapidly for larger warmup sets but stabilizing at
comparable levels after 10,000 rounds.
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Figure 2.1: Multiple Online Learning metrics to evaluate OLS Warmup Sizes

2.1.2. Online Training Without OLS Warmup

We evaluate the effectiveness of our OLS weight initialisation method by benchmarking online training
against other weight initialization methods. Following standard practice in neural network weight
initialization, we consider LeCun [7] and Xavier [3] methods as baseline weight initialization schemes.
Both methods initialize neural network weights following a normal distribution around 0. More
specifically LeCun variance are sampled from:

Var(W) = ni-' Wij ~ N (0, L) (2.1)

in in
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Whereas Xavier layer weights are sampled from:

Var(W) = #, Wij ~ N (0, #) (2.2)

Nin + Nout Nin + Nout

Where n;, are the number of input features, n,,; are the number of output features and W;; are
the weights of all neurons i connected to j. To further demonstrate the effectiveness of OLS weight
initialisation we show that even 20 warmup samples (2 datapoints per branch) are enough to beat the
best model in the pool when training on 20,000 total learning prompts as shown in figure 2.2. Notably,
we see that the optimal pick ratio from LeCun [7] and Xavier grow marginally above the random chance
(20%) highlighting the importance of non-naive linear layer weight initialization.
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Figure 2.2: Multiple Online Learning metrics to evaluate OLS Warmup Strategy

2.1.3. Online Model Selection with Different Amounts of Branches

We investigate the effect of ensemble size on exploration quality by varying the number of branches
from 2 to 10. Figure 2.3 reveals a clear positive relationship between branch size and performance:
configurations with more branches consistently achieve higher OutScore-to-Best, with 10 branches
outperforming 2 branches. We reason that these findings are results of (i) more accurate mean reward
estimates through variance reduction, and (ii) more reliable UCB quantification through better-sampled
bootstrap distributions. The regret curves confirm that 10 branches maintains substantially lower
instantaneous regret throughout training compared to 2 or 3 branches but gain diminishing returns
compared to 5 branches.
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Figure 2.3: Performance metrics for bootstrapped UCB algorithm

2.1.4. Online Training Without Normalised Token Number

We evaluate the effectiveness of concatenating the normalised token number to prompt encoding by
benchmarking online training with and without this feature. We run this experiment on CLIPScore
online as shown in figure 2.4, showing that normalised token length is a generally beneficial feature
for image-quality prediction, improving overall outscore to best, regret and opr. We reason that token
count influences CLIPScore since image generation models struggle to preserve all semantic content
from longer, more compositionally complex prompts. Therefore, the image quality predictor assimilates
that the longer the text prompt, the worse CLIPScore performs.
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Figure 2.4: CLIPScore Optimal Pick Ratio

2.1.5. Shrinking Uncertainty and Frozen Layers Choice.

In this section, we justify the frozen layer parameter choice, as well as showcase the shrinking nature of
uncertainty on image predictions over 10,000 prompts with MPS image quality score using 500 OLS
Warmup Datapoints. Specifically, in Figure 2.5a, we demonstrate two key properties of our reward
predictor. First, the mean squared error decreases rapidly in the early training steps, dropping from
an initial MSE of 42 to below 12 within the first 2,000 prompts, indicating that the OLS warm-start
provides a strong initialization that the online updates quickly refine. Second, the +30 uncertainty
band, which reflects disagreement across the K = 10 branches, narrows consistently as more datapoints
are observed. This is a desirable property for our UCB formulation: early in training, wide uncertainty
bands encourage exploration across models, while the narrowing uncertainty in later rounds drives the
bandit towards exploitation of the best-performing model.

To determine the optimal frozen layer ratio, we conduct a grid search over freezeratios 8 € {0.4,0.5, ..., 1.0}
and compare two activation functions for the reward head: ReLU and linear (no activation), as shown
in Figure 2.5b. The heatmap reports validation MSE on CLIPScore predictions, where darker cells
indicate higher error. Both activation functions produce comparable MSE across most freeze ratios, with
values remaining stable between 0.0022 and 0.0026 for g € [0.4, 0.9]. Performance degrades noticeably
at f = 1.0 for both ReLU (0.0031) and linear (0.0034), suggesting that completely freezing the encoder
and relying solely on the linear head is insufficient to capture the reward signal.

Based on these results, we select f = 0.9 with a linear activation for all subsequent evaluations. While
B = 1.0 yields the lowest computational cost, its higher MSE makes it unsuitable. At = 0.9, only
the final encoder layer remains trainable, keeping the additional parameter count minimal while still
achieving competitive prediction accuracy.
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Figure 2.5: Shrinking Uncertainty and Frozen Layers Choice.



Offline Diffusion Model Selection

In contrast to the online setting, offline model selection operates under a full-scope regime in which
all candidate models are trained using the complete set of available prompts. This allows for a
comprehensive evaluation of each model’s capacity to predict image quality. Inspired by similar works
in LLM Model Selections and in MoE (Mixture of Expert) systems, we adopt a simple routing logic to
select the best predicted model at inference. More specifically, we follow algorithm 1 and the high level
representation as shown in figure 1. The selection agent operates as follows: given an incoming text
prompt, it queries each model’s reward predictor and selects the diffusion model expected to produce
the highest image-quality reward, from which the final image is then sampled.

RLHF

Predictions PXArt
PixArt
0.824
Quality
Predictor
SSD-1B
“Acatina SSD-1B 0.667
forest” Quality
ores Predictor
SDXL

SDXL
Quality
Predictor

0.687 @

Figure 3.1: Offline Diffusion Model Selection

Algorithm 1 Diffusion Model Selection

Require: Model set G, reward function Reward(:, -), prompt p
Ensure: Selected model g*
> Step 1: Find highest-reward model
best_reward « —o
best_model < None
forall g € G do
if Reward(g, p) > best_reward then
best_reward « Reward(m, p)
best_model «— g
end if
end for
return selected_model
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3.1. Image Quality Predictor

The key component of offline diffusion model selection is the image-quality predictor. We argue that the
performance of the selection agent is fundamentally bounded by the accuracy of this reward predictor.
In other words, more accurate image-quality estimates lead directly to better model selection decisions.
Accordingly, we build our diffusion model image reward predictor on top of CLIP-ViT/L14 [11], partially
freezing the text-encoder backbone during training. The final layer of the encoder is a linear layer that
takes the encoded features concatenated with the normalised token number of the prompt to estimate
the final reward value.
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Figure 3.2: MPS Prompt Augmentation for training [18]

3.2. Evaluation

Training Parameters

To train the image quality predictor we finetune a text encoder model with a linear regressor head.
We adopt AdamW optimizer with a decay of 0.01. We set the learning rate to 1e — 5, batch size 8 and
number of epochs to 30. We use the full Pic-a-Pick dataset for the training data due to its diverse and
large set of user generated prompts.

Prompt Dataset

We train the image-quality predictor using images generated and evaluated from 35,000 unique
Pick-a-Pic prompts [6]. Pick-a-Pic contains prompts submitted by real users, providing the semantic
diversity needed to assess generalization across a broad range of text-to-image generation scenarios. For
evaluation, we use the Pick-a-Pic benchmark split containing 500 prompts. In addition to Pick-a-Pic
we evaluate our methods on PartiPrompts dataset [16]. PartiPrompts is a diverse benchmark for
text-to-image generation that containing over 1600 prompts spanning different categories, levels of
complexity, and compositional structures. We use it to evaluate whether our method generalizes beyond
the prompt distribution of Pick-a-Pic.

Diffusion Model Pool

We evaluate our method across six text-to-image diffusion models: SDXL Turbo[10], SSD-1B, Sana1.5[14],
Pixart-a-XL[1], Kolors[12], and Z-Image-Turbo [13]. All models are run using the diffusers library[9]
with each model’s recommended default parameters, ensuring a fair comparison without model-specific
tuning.
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3.2.1. Evaluation Metrics

To asses the performance of offline training we evaluate 2 main components: (i) the image-quality
prediction model trained on the full prompt dataset and (ii) the overall meta model composed of a pool
of diffusion models and image-quality predictions. We use specifically, MPS, CLIPScore and RLHF due
to their popularity among image quality metrics and due to their ability to measure human preference
score.

To assess prediction performance, we employ two complementary metrics: Mean Squared Error (MSE),
which quantifies the magnitude of prediction errors, and Pearson Correlation Coefficient, which
measures the linear relationship between predicted and ground-truth quality scores. To demonstrate
the effectiveness of our selection method, we report two aggregate performance indicators: the Optimal
Pick Ratio, which reflects how frequently our method identifies the best-performing model across
evaluation instances, and the Average Metric Score, which captures the expected quality of the selected
model over the full evaluation set. Together, these measures provide a rigorous assessment of our
method’s ability to reliably identify the most suitable model in an offline regime.

3.2.2. Baselines

We evaluate our offline image quality predictor against other predictors adopted in online diffusion
model selection strategies. Specifically, we measure performance against a Cubic Kernel regression
adopted in PAK-UCB [5] and against a kNN strategy adopted in BALROG [2]. Additionally, we find
that a simpler Linear Kernel can outperform a Polynomial Kernel in this setting. Motivated by this
observation, we also include a Linear Kernel predictor as an additional baseline in our evaluation.
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3.2.3. Results

CLIPScore Image-Quality Predictor Evaluation

PixArt SSD-1B Sana SD-Flash Image-Turbo
Spearman’s Spearman’s Spearman’s Spearman’s Spearman’s
Model Dataset MSE | MSE | MSE | MSE | MSE |
Correlation T Correlation T Correlation T Correlation T Correlation T
o Parti-Prompts | 0.0017 0.7625 | 0.0012 0.7694 | 0.0013 0.8077 | 0.0013 0.7448 | 0.0017 0.7459
urs
Pick-a-Pic 0.0014 0.8183 | 0.0011 0.7744 | 0.0012 0.8430 | 0.0012 0.7343 | 0.0022 0.7472
. Parti-Prompts | 0.0017 0.7076 | 0.0014 0.7118 | 0.0017 0.7472 | 0.0015 0.6931 | 0.0019 0.7051
Linear Kernel
Pick-a-Pic 0.0019 0.7416 | 0.0014 0.7117 | 0.0018 0.7608 | 0.0015 0.6692 | 0.0025 0.6915
. Parti-Prompts | 0.0018 0.7013 | 0.0015 0.7123 | 0.0017 0.7284 | 0.0016 0.6710 | 0.0024 0.6246
Cubic Kernel
Pick-a-Pic 0.0018 0.7757 | 0.0013 0.7382 | 0.0013 0.8110 | 0.0014 0.6815 | 0.0024 0.7099
KNN (k=8) Parti-Prompts | 0.0021 0.6663 | 0.0018 0.6732 | 0.0021 0.7186 | 0.0020 0.6689 | 0.0030 0.6722
Pick-a-Pic 0.0023 0.6919 | 0.0018 0.6710 | 0.0022 0.7077 | 0.0019 0.6506 | 0.0032 0.6162
Table 3.1: MSE and Spearman’s Correlation on CLIPScore Image Quality Predictor
MPS Image-Quality Predictor Evaluation
PixArt SSD-1B Sana SD-Flash Image-Turbo
Spearman’s Spearman’s Spearman’s Spearman’s Spearman’s
Model Dataset MSE | MSE | MSE | MSE | MSE |
Correlation T Correlation T Correlation T Correlation T Correlation T
o Parti-Prompts 8.6972 0.7030 8.4021 0.7805 8.8385 0.6918 8.3805 0.6922 8.5947 0.6816
urs
Pick-a-Pic 8.5254 0.7897 8.2898 0.8084 8.0794 0.7787 8.1508 0.7623 8.2256 0.7672
. Parti-Prompts 8.8867 0.7021 9.3675 0.7119 9.2506 0.6782 9.1983 0.6702 9.4189 0.6647
Linear Kernel
Pick-a-Pic 8.6124 0.7958 9.0280 0.7833 9.3670 0.7452 8.9875 0.7501 9.0560 0.7475
. Parti-Prompts 9.6802 0.6810 | 10.0431 0.7013 9.8238 0.6692 9.3972 0.6748 9.8145 0.6578
Cubic Kernel
Pick-a-Pic 10.1052 0.7440 | 10.1238 0.7439 | 10.1556 0.7128 9.6815 0.7130 | 10.1731 0.7037
KNN (ke8) Parti-Prompts | 12.5444 0.5839 | 12.5494 0.6230 | 12.3454 0.5699 | 122777 0.5756 | 12.3947 0.5675
Pick-a-Pic 12.7028 0.6872 | 13.3153 0.6707 | 12.6473 0.6402 | 12.6144 0.6362 | 12.9459 0.6144
Table 3.2: MSE and Spearman’s Correlation on MPS Image Quality Predictor
RLHF Image-Quality Predictor Evaluation
PixArt SSD-1B Sana SD-Flash Image-Turbo
Spearman’s Spearman’s Spearman’s Spearman’s Spearman’s
Model Dataset MSE | MSE | MSE | MSE | MSE |
Correlation T Correlation T Correlation T Correlation T Correlation T
o Parti-Prompts | 0.0033 0.8001 | 0.0036 0.8515 | 0.0034 0.8248 | 0.0038 0.8163 | 0.0041 0.8168
urs
Pick-a-Pic 0.0025 0.8327 | 0.0030 0.8539 | 0.0025 0.8350 | 0.0033 0.8178 | 0.0031 0.8155
. Parti-Prompts | 0.0045 0.7267 | 0.0056 0.7734 | 0.0048 0.7562 | 0.0053 0.7471 | 0.0060 0.7237
Linear Kernel
Pick-a-Pic 0.0036 0.7320 | 0.0044 0.7841 | 0.0038 0.7332 | 0.0043 0.7683 | 0.0043 0.7201
. Parti-Prompts | 0.0043 0.7533 | 0.0053 0.7720 | 0.0045 0.7790 | 0.0054 0.7475 | 0.0057 0.7457
Cubic Kernel
Pick-a-Pic 0.0038 0.7459 | 0.0042 0.8016 | 0.0037 0.7661 | 0.0042 0.7754 | 0.0043 0.7669
KNN (k=8) Parti-Prompts | 0.0057 0.6404 | 0.0077 0.6661 | 0.0066 0.5699 | 0.0067 0.6396 | 0.0074 0.6508
Pick-a-Pic 0.0052 0.6547 | 0.0070 0.6826 | 0.0061 0.6402 | 0.0062 0.6624 | 0.0058 0.6454

Table 3.3: MSE and Spearman’s Correlation on RLHF Image Quality Predictor
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Model Selection Evaluation

One Model

Random  Oracle Ours Linear Kernel Polynomial Kernel kNN
Fits All
. Average | Average | Average Average Average Average Average
Metric | Dataset OPR T OPR T OPR T OPR T
Score T Score T Score T Score T Score T Score T Score T
MPS Parti-Prompts 12.0910 13.2465 12.2478 12.6226  0.3940 12.5778  0.3700 12.5372  0.3280 12.4512  0.3260
Pick-a-Pic 11.6501 13.1532 12.0124 12.1803  0.3407 12.1665  0.3321 12.1543  0.3358 12.1051  0.3021
RHFL Parti-Prompts 0.6041 0.6566 0.6161 | 0.62451 0.3680 | 0.62322  0.3600 0.6185  0.3120 0.6216  0.3080
Pick-a-Pic 0.6201 0.6751 0.6201 0.64990  0.3180 0.64711  0.2990 0.6458  0.2739 0.6449  0.2782
CLIP Parti-Prompts 0.3493 0.3837 0.3642 | 0.36748 0.356 | 0.36750  0.3760 0.3683  0.3940 0.3652  0.3240
Pick-a-Pic 0.3321 0.3842 0.3531 | 0.36396 0.296 | 036254 0.2917 0.3629  0.2874 0.3608  0.2819

Table 3.4: Selection Average Score and Optimal Pick Ratio (OPR) against baselines

Result Overview

Our strategy consistently performs better than the competing image-quality predictors across all
evaluation settings. Compared with the Linear Kernel, Cubic Kernel, and kNN baselines, it repeatedly
achieves lower MSE and higher Spearman’s correlation across diffusion models and datasets. These
results indicate that our predictor not only improves accuracy, but also generalizes more reliably across
different models and prompt distributions.

The improvement is even clearer when considering OPR, where our method also performs best in five of
the six settings. Compared with the strongest competing baseline, it improves OPR by +6.49% for MPS
on Parti-Prompts, +1.46% for MPS on Pick-a-Pic, +2.22% for RLHF on Parti-Prompts, +6.35% for RLHF
on Pick-a-Pic, and +1.47% for CLIP on Pick-a-Pic. These gains indicate that our approach is not only
competitive in average reward, but also more effective at selecting the optimal model for each prompt.

The only exception is CLIP on Parti-Prompts, where the Polynomial Kernel slightly exceeds our method,
by 0.22% in average score and 9.64% in OPR. Nevertheless, the overall trend across metrics and datasets
consistently favors our approach, showing that it provides the most reliable selection strategy among
the evaluated baselines.



Evaluation of Image Quality Metrics

4.0.1. CLIPScore

CLIPScore measures the semantic alignment between a text prompt and a generated image by leveraging
the pretrained CLIP model [11] [4], which learns a shared embedding space where semantically similar
text-image pairs are mapped to nearby points through contrastive learning on large-scale web data.
Formally, given a prompt pp p and a generated image II I, CLIPScore is computed as the cosine similarity
between their normalised CLIP embeddings:

CLIPtext(p) CLIPimage(I)
Vp =, vl = T T (41)
| CLIPtext(p)|2 |CLIPimage(I)|>
CLIPScore(p, I) = max(0, 100 - v, vr) (4.2)

where higher values indicate stronger semantic alignment between the prompt and the generated image.

4.0.2. RLHF

RLHEF is image quality metric scoring image-text pairs based on plausibility, image-text alignment,
aesthetics and overall rating [8]. RLHF is trained from a multimodal transformer (built on ViT + T5X) to
automatically predict all of the previously mentioned scores from an image-text pair. This image quality
metric is trained from 18k rich human annotated Pick-a-Pic generated images. Annotations include
marking of implausible or misaligned regions, and labeled keywords from the text prompt that are
missing or misrepresented in the image. Each image is annotated by three raters, with scores averaged
and spatial annotations merged into heatmaps.

4.0.3. MPS

Similarly to RLHF, MPS introduces a text-image pair quality score evaluating its aesthetic appeal, text-
image alignment, detail quality and overall score [18]. MPS model is trained on 607,541 prompts collected
from DiffusionDB, PromptHero, Kolors and augmented with GPT4. Notably, GPT4 agumentated prompt
add up to 66,389 covering underepresented prompt categories as shown in figure. Images are then
generated through 9 distinct text-to-image models and annotated with a score ranging from 1 to 5
for each criteria. MPS introduces a preference condition setting, allowing a single unified model to
evaluate images across multiple dimensions by conditioning on dimension-specific descriptor words
that selectively focus the model’s attention on the most relevant parts of the prompt (e.g. Aesthetics:
light, color, clarity, tone, style, ambiance, artistry).

4.0.4. Evaluating Image Quality Metrics on Prompt Category

In this section, we investigate the sensitivity of image quality metrics to prompt category and model
choice. Specifically, we examine whether image quality scores vary primarily as a function of the
generative model used, or whether they are significantly influenced by the semantic category of the
input prompt. Understanding this distinction is important for model selection: if scores are largely
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Figure 4.1: MPS Prompt Augmentation for training

model-dependent, a single best model can be reliably identified regardless of prompt type. However, if
scores vary substantially across prompt categories, this would support the need for prompt-level model
selection, where different models are preferred for different types of prompts. To this end, we evaluate a
set of diffusion models across prompts spanning multiple semantic categories and analyse the variance
in image quality scores both within and across categories.

4.1. RHFL and MPS have Better Distinguibility than CLIPScore

As highlighted by the authors in [15], RHFL evaluation metric shows a much higher granulanity than
CLIPScore, showing an overall much higher variance across different models. We observe similar results
when comparing RHFL and MPS to CLIPScore using different prompt types (anime, cat, elephant, bicycle
and train), suggesting that CLIPScore yields relatively uniform performance across prompt domains.
For instance, the average CLIPScore remains largely invariant across prompt types, whereas RHFL and
MPS display varying sensitivities and results across these categories as shown in figure 4.2. This finding
suggests that RHFL and MPS benefit the most from a model selection framework: as multiple models
have different strong prompt types, a selection framework can exploit these complementary strengths to
consistently route each prompt to its most suitable model.

Score Distributions per Topic

104 MPS
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CLIPScore

ARTIE])
it L

0.2

Normalized Scores (0-1)

T T T T T
anime 5 tok cat 5 tok train 5 tok elephant 5 tok bicycle 5 tok
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Figure 4.2: Boxplot of MPS, RHFL and CLIPScore across

We extend our analysis by examining multiple diffusion model performance across different prompt
types. Specifically, we observe that certain diffusion models excel at generating images for specific
prompt types while performing poorly on others. At the same time, we find that RHFL and MPS
are more effective than CLIPScore in distinguishing each model’s strong and weak prompt domains.
To quantify this, we rank diffusion models using RHFL, MPS, and CLIPScore for each prompt type
and observe that RHFL and MPS produce more diverse rankings across prompts, reflecting greater
sensitivity to domain-specific differences as shown in the example below 4.1.1.
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4.1.1. Example of Model Ranking across different prompt types

In this particular diffusion model rankings, we rank SSD-1B, Kandinsky 3, PixArt & and Kolors-Diffusers
on 5 different prompt types using CLIPScore, MPS and RHFL. We quantify the variability in rankings
by applying Shannon entropy of the distribution of ranks. Specifically, we apply equation 4.3 to get
entropy H, with a higher value indicating higher unpredictability in the rankings.

R M
H=2)H, H=-) pimlogpm) (43)

r=1 m=1

Where H, is the rank specific entropy, R is the number of rank positions (e.g., 1-4), M is number of
models, and p,(m) is the measured probability that model m appears at rank r across prompt types.
Finally the entropy is normalised so that it lies within [0, 1] following equation 4.4.

H
Hnorm = T— 4.4
© log M “4
For example table 4.1 shows that CLIPScore rankings stays almost invariant across all prompt types, and
the invariability is also shown by the low entropy of 0.1805. MPS and RHFL, on the other hand, have a
much more unpredictable rankings showing an entropy of 0.7232 and 0.7421 each in tables 4.2 and 4.3.

Model . . .

Ranking Anime Cat Train Bicycle Elephant

1 SSD-1B SSD-1B SSD-1B SSD-1B SSD-1B

2 Kandinsky 3 Kandinsky 3 Kandinsky 3 Kandinsky 3 PixArt a

3 PixArt o PixArt o PixArt o PixArt o Kandinsky 3

4 Kolors-Diffusers Kolors-Diffusers Kolors-Diffusers Kolors-Diffusers Kolors-Diffusers

Table 4.1: CLIPScore Model Ranking for prompt types. Entropy of this rankings is 0.1805, indicating low variability in model
performance across different prompt types.

Model . . .

Ranking Anime Cat Train Bicycle Elephant

1 SSD-1B Kandinsky 3 PixArt Kolors-Diffusers  Kolors-Diffusers
2 Kandinsky 3 SSD-1B Kolors-Diffusers  Kandinsky 3 PixArt a

3 PixArt a PixArt a Kandinsky 3 PixArt a Kandinsky 3

4 Kolors-Diffusers ~ Kolors-Diffusers SSD-1B SSD-1B SSD-1B

Table 4.2: MPS Model Ranking for prompt types. Entropy of this ranking is 0.7232, indicating high variability in model
performance across different prompt types.

Model

Ranking Anime Cat Train Bicycle Elephant

1 SSD-1B Kandinsky 3 Kolors-Diffusers Kandinsky 3 PixArt o

2 Kandinsky 3 PixArt o PixArt o PixArt o Kolors-Diffusers
3 PixArt a SSD-1B Kandinsky 3 Kolors-Diffusers Kandinsky 3

4 Kolors-Diffusers Kolors-Diffusers SSD-1B SSD-1B SSD-1B

Table 4.3: RHFL Model Ranking for prompt types. Entropy of this ranking is 0.7421, indicating high variability in model
performance across different prompt types.

We further analyze the entropy of diffusion model selection across different prompt types by plotting
MPS, ImageReward and CLIPScore across varying number of diffusion models and prompt types in
figures 4.3a and 4.3b.
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Figure 4.3: Entropy of Increasing Models and Prompt Types

In figure 4.3a, as the the number of prompt types increases, the average normalised entropy increases as
well. This effect can be attributed due to models showing diversified strong and weak metric scores
in new incoming prompt types. Notably CLIPScore, has a much lower entropy level than MPS and
ImageReward.

In figure 4.3b, on the other hand, the number of models does not affect entropy. The constant entropy
could mean that the ranking diversity pattern doesn’t fundamentally change when more models are
added.

4.2. Prompt Length Effect on Image Score

Recent literature on diffusion model parameter selection [17, 19] suggests that prompt difficulty
influences ImageReward scores. Specifically, [17] demonstrates that prompts containing a large number
of words or objects benefit from more diffusion denoising steps, whereas simpler prompts perform best
with fewer steps. Similarly, [19] shows that adjusting the classifier-free guidance (CFG) scale based on
prompt difficulty (quantified by prompt length and entropy) can enhance image quality.

Our work further extends these findings by showing that both prompt length and prompt type affect
image scores as shown in figures 4.4 and 4.5. We illustrate this by plotting ImageReward and MPS
scores across four prompt-length ranges for two prompt types (“cat” and “anime”), using 400 images
sampled from distinct DiffusionDB prompts per range. These results indicate that image score depends
jointly on prompt type and prompt length.
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Figure 4.4: Changing RHFL and MPS scores with varying prompt lengths
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Conclusion

This thesis framed diffusion model selection as a prompt-level decision problem, showing that adaptive
routing consistently outperforms committing to a single best model. In the online setting, Ensemble-UCB
achieves positive advantage over the best static model after roughly 2,500 rounds, outperforming both
BALROG and PAK-UCB across all three metrics. The bootstrapped UCB index and OLS warm-start
together enable efficient exploration without requiring explicit decay schedules, and the framework
adapts gracefully when new models are introduced mid-deployment. In the offline setting, our
CLIP-based reward predictor outperforms kernel and kNN baselines in five of six evaluation settings,
translating to consistent gains in both average score and optimal pick ratio. A consistent finding across
both settings is that MPS and RLHF are better suited for model selection than CLIPScore, as their higher
sensitivity to prompt-level variation makes the selection problem more tractable. Overall, the results
validate that prompt-aware model selection is a practical and effective alternative to static model choice,
with clear benefits across both online and offline deployment regimes.

5.0.1. Explored Directions and Unsuccessful Attempts

Throughout the course of this thesis, several research directions were explored that ultimately did not
yield the desired results. One such direction involved the development of a multi-dimensional diffusion
model selection framework, in which candidate models would be selected not solely based on generative
performance, but also according to hardware-aware criteria. Specifically, the framework aimed to jointly
consider model size, sampling speed, and image quality as orthogonal dimensions of a composite
selection criterion, thereby rendering model selection dependent not only on the model’s generative
capabilities but also on the constraints and characteristics of the target hardware environment.

We also explored a topic-driven model selection approach, where the goal is to identify the best diffusion
model for a specific user-defined topic rather than across general prompts. Given a fixed evaluation
budget, a multi-armed bandit agent using the Sequential Halving (SH) algorithm iteratively generates
topic-relevant images and progressively eliminates underperforming models across rounds until a
single winner is identified. Prompts are generated on-the-fly by a fine-tuned LLM, conditioned on
the target topic and a desired prompt length, ensuring that all models are evaluated on semantically
consistent inputs throughout the selection process.

26



(1]

(2]

(3]

[4]

(5]

(6]

[7]

(8]

[9]

(10]

(11]

(12]

(13]

(14]

(15]

[16]

(17]

(18]

(19]

References

Junsong Chen et al. PixArt-a: Fast Training of Diffusion Transformer for Photorealistic Text-to-Image
Synthesis. 2023. arXiv: 2310.00426 [cs.CV].

Jules Damidaux et al. BALROG: Contextual Bandits meets Active Learning for Online Generative Model
Selection. 2026. UrL: https://openreview.net/forum?id=6a2CJrizrh.

Xavier Glorot and Yoshua Bengio. “Understanding the difficulty of training deep feedforward
neural networks”. In: Proceedings of the thirteenth international conference on artificial intelligence and
statistics. JMLR Workshop and Conference Proceedings. 2010, pp. 249-256.

Jack Hessel et al. “Clipscore: A reference-free evaluation metric for image captioning”. In:
Proceedings of the 2021 conference on empirical methods in natural language processing. 2021, pp. 7514~
7528.

Xiaoyan Hu, Ho-fung Leung, and Farzan Farnia. “PAK-UCB contextual bandit: An online
learning approach to prompt-aware selection of generative models and LLMs”. In: arXiv preprint
arXiv:2410.13287 (2024).

Yuval Kirstain et al. “Pick-a-pic: An open dataset of user preferences for text-to-image generation”.
In: Advances in neural information processing systems 36 (2023), pp. 36652-36663.

Yann LeCun et al. “Efficient backprop”. In: Neural networks: Tricks of the trade. Springer, 2002,
pp- 9-50.

Youwei Liang et al. “Rich human feedback for text-to-image generation”. In: Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024, pp. 19401-19411.

Patrick von Platen et al. Diffusers: State-of-the-art diffusion models. https://github.com/huggingf
ace/diffusers. 2022.

Dustin Podell et al. “Sdxl: Improving latent diffusion models for high-resolution image synthesis”.
In: arXiv preprint arXiv:2307.01952 (2023).

Alec Radford et al. “Learning transferable visual models from natural language supervision”. In:
International conference on machine learning. PmLR. 2021, pp. 8748-8763.

Chitwan Saharia et al. “Photorealistic text-to-image diffusion models with deep language under-
standing”. In: Advances in neural information processing systems 35 (2022), pp. 36479-36494.

Tongyi-MAI Z-Image: An Efficient Image Generation Foundation Model with Single-Stream Diffusion
Transformer. https://huggingface.co. 2025.

Enze Xie et al. Sana: Efficient High-Resolution Image Synthesis with Linear Diffusion Transformer. 2024.
arXiv: 2410.10629 [cs.CV]. urL: https://arxiv.org/abs/2410.10629.

Jiazheng Xu et al. “Imagereward: Learning and evaluating human preferences for text-to-image
generation”. In: Advances in Neural Information Processing Systems 36 (2023), pp. 15903-15935.

Jiahui Yu et al. “Scaling autoregressive models for content-rich text-to-image generation”. In:
arXiv preprint arXiv:2206.10789 2.3 (2022), p. 5.

Hui Zhang et al. “AdaDiff: adaptive step selection for fast diffusion models”. In: 39.9 (2025),
pp. 9914-9922.

Sixian Zhang et al. “Learning multi-dimensional human preference for text-to-image generation”.
In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024, pp. 8018—
8027.

Xuanhao Zhang and Chang Li. “Prompt-aware classifier free guidance for diffusion models”. In:
arXiv preprint arXiv:2509.22728 (2025).

27


https://arxiv.org/abs/2310.00426
https://openreview.net/forum?id=6a2CJrizrh
https://github.com/huggingface/diffusers
https://github.com/huggingface/diffusers
https://huggingface.co
https://arxiv.org/abs/2410.10629
https://arxiv.org/abs/2410.10629

	Preface
	Summary
	Nomenclature
	Research Paper
	Appendix
	Ablation Study on Ensemble-UCB Components
	Multiple OLS Warmup Set Sizes
	Online Training Without OLS Warmup
	Online Model Selection with Different Amounts of Branches
	Online Training Without Normalised Token Number
	Shrinking Uncertainty and Frozen Layers Choice.


	Offline Diffusion Model Selection
	Image Quality Predictor
	Evaluation
	Evaluation Metrics
	Baselines
	Results


	Evaluation of Image Quality Metrics
	CLIPScore
	RLHF
	MPS
	Evaluating Image Quality Metrics on Prompt Category

	RHFL and MPS have Better Distinguibility than CLIPScore
	Example of Model Ranking across different prompt types

	Prompt Length Effect on Image Score

	Conclusion
	Explored Directions and Unsuccessful Attempts

	References

