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ABSTRACT

In the supplementary, we expand our work in several ways. First, we
analyze the impact of the diffusion step at which we switch the origi-
nal U-Net in Stable Diffusion with our model, to generate images faithful
to the text prompts. Next, we present another direct application of our
framework, namely image captioning. Then, we discuss related work on
curriculum learning and compare our approach with other state-of-the-art
curriculum learning methods. We continue by showcasing some train-
ing examples with various difficulty levels, illustrating that the proposed
difficulty scores are correlated with the alignment levels between images
and prompts. Then, we present details about the hyperparameters of our
method, and report additional results with the DAKL method using var-
ious parameter combinations. Finally, we present results with additional
neural architectures.

1 WaxEeN 1o ReEpLace U-NET IN STABLE Dirrusion?

We hereby present a qualitative analysis of the impact of the denoising step at which we
substitute the original U-Net with ours. To illustrate how this change affects the final
samples, we showcase two prompt examples and several images in Figure 1. We vary the
number of denoising steps performed by our U-Net. Specifically, we use it to perform the
last 49, 40, and 25 denoising steps, respectively. The illustrated examples indicate that the
optimal text-to-image alignment is achieved for both prompt examples, when only a single
denoising step is performed with the original U-Net. However, when we make the switch
in the later stages of the denoising diffusion process, the impact on the final image becomes
less meaningful. In the first example, when we introduce the model after the first 10 steps,
the output is still aligned with the text, but for the second example, the horse is removed
when performing 10 steps with the original model. Overall, we conclude that the first part
of the denoising process has the highest impact on the content of the final image. When we
switch the model in the second half of the denoising process, the results are very similar to
the case when we use only the original U-Net. Based on these observations, we decided to
replace the original U-Net with our own right after the first sampling step in our application
to image generation discussed in the main article.

2 QuaLitaTive EvaruatioN oF THE NovEL CoMPONENTS ADDED TO U-NET

To study the effect of our novel components on the alignment of images generated by
the fine-tune U-Net, we generated several images with the fine-tuned U-Net, before and
after introducing our extra techniques, namely the multi-label classification head and the
curriculum learning strategy. We present the images in Figure 2. The figure shows several
cases where the enhanced version of U-Net produces images that are better aligned with
the prompts. For example, in the right-hand side example from the first row, the vanilla
fine-tuned U-Net does not generate the man. Similarly, in the left-hand side example from
the second row, it does not generate the hat on the bird’s head. The vanilla model also fails
to generate the female android in the right-hand side example from the second row. In all
these cases, our enhanced version of U-Net generates the objects referred in the prompts,
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Figure 1: Examples that demonstrate the impact of replacing the original U-Net in Stable
Diffusion with our U-Net on text prompt generation, at various steps of the denoising
diffusion process.

confirming the benefits of adding our novel components. Note that, in the main paper, we
showed quantitative results demonstrating that the enhanced U-Net achieves higher cosine
similarity scores. Hence, the qualitative results shown in Figure 2 are consistent with the
quantitative results from the main paper.

3 APPLICATION TO GENERATED IMAGE CAPTIONING

In the main paper, we studied the task of prompt embedding prediction, which is a well-
posed reverse engineering task. Predicting the actual prompt is also possible, but we
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Figure 2: Images generated by the fine-tuned U-Net, before and after adding our novel
components, namely the multi-label classification (MLC) head and the curriculum learning
(CL) strategy. Best viewed in color.

consider this task ill-posed. This is because we have only one prompt for each generated
image, while image captioning benchmarks typically have several alternative ground-truth
captions for each image (Chen et al., 2015), and models are evaluated against the best match-
ing ground-truth caption. Hence, predicting the exact prompt is significantly more difficult
than predicting the prompt embedding. In the embedding space, we essentially allow the
models to predict semantically related prompts without being needlessly penalized.

Nevertheless, we next study two approaches to apply our framework on generated image
captioning. Given a generated image, one naive approach is to assign a caption via a 1-
nearest neighbor (1-NN) model applied on the prompt embedding space learned by our
joint framework. We obtain a prompt embedding for the query image and compare the
resulting embedding with every embedding in the training set, keeping the most similar
one in terms of the cosine similarity. This approach does not involve any fine-tuning on
prompt generation. A more sophisticated approach is to employ our framework based on
curriculum learning (CL) and an extra multi-label classification (MLC) head to fine-tune
the BLIP model on the image captioning task.

We qualitatively compare our approaches with a fine-tuned vanilla BLIP. We display a set
of representative samples in Figure 3. Our 1-NN method showcases comparable results
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Ground truth. tall, security guard checks the bags of a
worried looking woman, art, satire.

1-NN. criminal sketch of a clown.

BLIP. cartoon of a man and woman standing in a doorway
with a bag, a cartoon, net art, an illustration, hotel room, film
still from an cartoon

BLIP MLC+CL. a man in a suit and tie standing in front of a
woman in a dress, a comic book panel by david cronenberg,
tumblr contest winner, gothic art.

Ground truth. joe biden riding an elephant
1-NN. an elephant

BLIP. elephants are walking down the road with
a man riding on the back of a cart, a digital
rendering, magic realism, joe biden riding a
dragon, emperor biden.

BLIP MLC+CL. joe biden riding an elephant.

Ground truth. photograph of a ginger male, middle aged
balding superhero.

1-NN. portrait photo of a yellow - skinned bald wrinkly man
with stubble and big eyes, he wears blue overalls no shirt, he
looks like a human minion, moody cinematic lighting, realistic
facial features, hyper detailed, crisp image.

BLIP. there is a man with a beard and a white shirt, a portrait,
renaissance, red beard, reddish beard, acting headshot

BLIP MLC+CL. a balding man with a red beard, wearing a
white shirt, studio lighting.

Ground truth. Field of skeletons, award winning
horror photography.

1-NN. barrel of skeletons, horror scene, detailed,
photorealistic

BLIP. arafed skeleton standing in a field of bones
with a man in the middle, digital art, surrealism,
with a skeleton army, skeletal omens, all skeletons
BLIP MLC+CL. a man standing in front of a bunch
of skeletons, behance contest winner, gothic art.

Ground truth. Sky full of travel balloon and stars.
1-NN. hot air balloon flying through the sky, double
rainbow, illustration by dr seuss, oh! the places
you'll go, watercolor

BLIP. there are two hot air balloons flying in the sky
with stars, a storybook illustration, naive art, hot air
balloons, floating among stars

BLIP MLC+CL. A hot air balloon floating in the sky, a
storybook illustration by chiho aoshima, behance
contest winner, space art, storybook illustration.

Ground truth. handsome Danny DeVito in an Iron Man
suit, western, D&D, fantasy, intricate, elegant, highly
detailed

1-NN. Iron Man Giant Armor, pencil sketch, concept art.
BLIP. a close up of a cartoon iron man in a suit, vector art,
process art, iron man, superior iron man, ironman

BLIP MLC+CL. iron man, trending on artstation.

Ground truth. A Landscape by Charles Addams and
salvador dali

1-NN. geometric painting of tomorrowland by hieronymus
bosch

BLIP. painting of a landscape with a tree, a yellow apple, and
adog, a surrealist painting, surrealism, surrealist landscape,
surrealist landscape painting, painting of a dreamscape

BLIP MLC+CL. a landscape with trees, a storybook illustration
by charles addams, behance contest winner, american scene
painting, storybook illustration.

Ground truth. Harry Maguire as a Brighton
soccer player

1-NN. football player in the style of
Michaelangelo

BLIP. there are two men playing soccer on a field
with a crowd watching, a picture, renaissance,
tyrell wellick, max prentis, tom burke

BLIP MLC+CL. Harry Kane playing for Reading
FC.

Figure 3: Examples of captions for generated images. We compare the prompts returned
by a fine-tuned vanilla BLIP with those of a 1-NN model applied on pre-trained prompt
embeddings, and those of an enhanced version of BLIP based on multi-label classification
(MLC) and curriculum learning (CL). Best viewed in color.

with those of BLIP (Li et al., 2022). For the less complex images, a matching prompt is
usually found by our nearest neighbor approach. The predicted prompts for the harder
examples are still representative and depict certain nuances of the text, but they often fail to
precisely describe all aspects of the input images. A similar behavior is often observed for
the vanilla BLIP. Our version of BLIP (based on MLC+CL) produces improved prompts in
a number of cases, e.g. the first image on the first column, the second image on the second
column, or the last image on the second column. Although the prompts of our best model
are representative, they are still far from the ground-truth prompts, suggesting that the
generated image captioning task is indeed ill-posed. A representative ill-posed case is the
third image on the second column, depicting Iron Man, where it is impossible to predict
the prompt, as Danny DeVito is hidden by the Iron Man suit. Indeed, there is no visual clue
to indicate the presence of Danny DeVito in the source prompt.

We further perform a quantitative analysis on the entire test set to compare our approaches
with vanilla BLIP. As evaluation metric, we use the reference-augmented version of the
recently proposed CLIPScore (Iessel et al., 2021), namely the RefCLIPScore. The corre-
sponding results are presented in Table 1. The BLIP model is a state-of-the-art captioning
model that obtains a RefCLIPScore of 30.93. Although our 1-NN approach is not partic-
ularly tuned for image captioning, it produces competitive captioning results, reaching a
RefCLIPScore of 25.53. The proposed version of BLIP based on multi-label classification
and curriculum learning yields superior results, increasing the RefCLIPScore of BLIP from
30.93 to 31.88. These results show that our framework can improve image captioning re-
sults, thus extending its applicability from prompt embedding generation to generated
image captioning.
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Table 1: Comparison between a fine-tuned vanilla BLIP and the proposed image caption-
ing approaches. Our first approach is based on a 1-NN applied on pre-trained prompt
embeddings. Our second approach is an enhanced version of BLIP, which integrates our
multi-label classification head and curriculum learning strategy. The best score is high-
lighted in bold.

[ Model | Multi-Label Classification | Curriculum Learning | RefCLIPScore |

1-NN (ours) v v 25.53

BLIP - - 30.93
BLIP (ours) v - 31.77
BLIP (ours) v v 31.88

Table 2: Comparison between our curriculum learning method and two state-of-the-art
curriculum learning approaches, CBS ( , ) and LeRaC ( , ).
The best score is highlighted in bold.

[ Backbone | Curriculum learning method | Cosine similarity |

No curriculum 0.6526

. LeRaC ( , ) 0.6521
Vit CBS ( , 2020) 0.6254
Ours 0.6544

4 ReLATED WORK ON CURRICULUM LEARNING

Since we employ a novel curriculum learning regime to boost the performance of the

studied models, we can also consider work on curriculum learning as related. The research

community has extensively utilized this learning paradigm across a range of domains,

mcludmg both computer vision ( , ; , ; ,
, ) ‘and natural language processing (

, )- However, given the unique nature of each apphcatlon distinct data
organization approaches have been developed to ensure optimal results. For example,
in vision, the number of objects in the image is one criterion ( , ;

, ), while, in natural language processmg, both word frequency ( )
and sequence length ( , ) are utilized.
Other contributions tried to avoid estlmatmg sample dlfflculty by 1mp1ement1ng curriculum
learning on the model itself ( , ), or
by selectmg the samples dynamically, based on the performance of the model (

, ). Different from related approaches based on ordermg data samples
accordmg to their difficulty (
we propose to employ a novel approach to assess the dlf'flculty level. More spec1f1cally,
we utilize the mean cosine similarity between the prompt embedding produced by the
model and the ground-truth embedding vector, measured at various stages of the standard
training process.

5 ComrarisoN wiTH OTHER CURRICULUM LEARNING METHODS

To assess the performance of our proposed curriculum learning technique, we compare it
with other curriculum learning methods from the recent literature. We choose two state-of-
the-art methods, namely Curriculum by Smoothing (CBS) ( , ) and Learning
Rate Curriculum (LeRaC) ( , ). Each of these methods have additional
hyperparameters, which we tried to carefully tune via grid search. Unfortunately, we did
not manage to make them surpass the performance of the vanilla training regime. As shown
in Table 2, the results demonstrate the net superiority of our curriculum learning method in
image-to-prompt generation with the ViT backbone. The success of our technique relies on
harnessing the misalignment level between the image and the prompt in each training pair
to create the curriculum schedule. In contrast, CBS and LeRaC do not take the misalignment
into account. We believe this explains why our results are better.
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Figure 4: Examples labeled as easy, medium and hard by our difficulty estimation procedure
based on monitoring the cosine similarity of samples during conventional training. Best
viewed in color.

Table 3: Varying the number of k-means clusters r and the parameter ~y of the RBF kernel
used in DAKL.

[DAKL| r [ ~ [ Cosine similarity |
- - - 0.6900
v 1,000 0.001 0.6899
v 5,000 | 0.001 0.6905
v 10,000 | 0.0001 0.6898
v 10,000 | 0.001 0.6917
v 10,000 | 0.01 0.6909
v 10,000 0.1 0.6878

6 QUALITATIVE ANALYSIS OF PROPOSED DIFFICULTY SCORE

In Figure 4, we illustrate some examples showing how our method categorizes image-
prompt pairs based on their difficulty (easy, medium, or hard). The easy samples contain
short straight-forward descriptions, which are very well aligned with the generated images.
The medium examples involve descriptions that produce abstract images, or descriptions
that require rich creativity. Finally, the hard samples consist of prompts that cannot be
associated with a visual representation, e.g. quotes, or very complex prompts with multiple,
especially unreal, elements. These examples indicate that our difficulty scores are easy to
interpret visually, suggesting a reasonable organization of the easy, medium and hard
example batches, which is correlated with the alignment between images and prompts.

7 HyPERPARAMETER TUNING

We establish the hyperparameters during preliminary experiments on the validation set.
Due to the large scale of the training set, we train all models for three epochs. The image
resolution is either 224 x224 or 256x256, depending on the model, while the mini-batch
size is set to 64. The models are optimized with Adam. We set the learning rate to 10~*
for ViT / Swin models, and 5 - 10~ for CLIP-based models. With the introduction of
the classification head, there are two extra hyperparameters. These are the weight A of
the additional classification loss and the size of the vocabulary m. We set A = 0.1 and
m = 1000. For DAKL, we set the number of k-means clusters to 10K and v = 0.001. To
foster future research and allow others to fully reproduce our results, we release our code
as open source.

To provide a more comprehensive overview of the hyperparameters of our DAKL method,
we present additional results by varying the parameter o of the RBF transformation. Ad-
ditionally, we explore various choices for the number of centroids r used by the k-means
algorithm. We present the corresponding empirical results in Table 3. There are multiple
hyperparameter combinations surpassing the baseline, but the best results are obtained for
r = 10,000 clusters and v = 0.001.
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Table 4: Comparison between several neural architectures, which are divided into two
categories: black box (H) and white box ([J). Black-box models do not have access to the
weights of Stable Diffusion. In contrast, the white-box model starts the fine-tuning process
from the weights of Stable Diffusion.

[ Image Encoder [ Type | Cosine similarity ]
CLIP-Huge + kNN | 0.6189
BLIP | 0.5129
CLIP-Huge ] 0.6725
Swin-L | 0.6624
ViT | 0.6526
U-Netenc g 0.6130

Table 5: Cosine similarity scores between predicted and ground-truth prompt embeddings,
while employing different combinations of neural architectures. Individual models are
compared with combinations of two, three and four models. The top score is highlighted
in bold.

[#Models | CLIP-Huge[ U-Netenc | Swin-L | Vil [Cosine similarity |
v - - - 0.6750
- v - - 0.6497
- - v 0.6671
0.6550
0.6785
0.6887
0.6854
0.6787
0.6732
0.6792
0.6900
0.6901
0.6901
0.6820
0.6917
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8 Resurrs witH OTHER TESTED MODELS

Additional baselines. In the main paper, we reported results with three models having no
knowledge about the internals of Stable Diffusion, treating the diffusion model as a black
box. We also employed the U-Net encoder from Stable Diffusion, which comes with the
pre-trained weights of the diffusion model. Hence, we consider the approach based on
U-Net as a white-box method. As underlying models, we initially considered two more
black-box architectures. The first one is a k-nearest neighbors (k-NN) algorithm, applied in
aregression setting. Leveraging the power of a fine-tuned CLIP to match the image and text
representations, the embedding of the image is compared to all the embeddings obtained
from reference training prompts. Then, based on the distance to the closest neighbors, the
output embedding (in the sentence transformer space) is regressed as a weighted mean.
The second baseline is represented by a BLIP model ( , ), a recent approach with
state-of-the-art results in image captioning, which is fine-tuned on our task.

Results. In Table 4, we compare the four models included in the main paper with the
two additional models. For a fair comparison, all models are trained with the vanilla
training procedure. We emphasize that the three black-box models (CLIP-Huge, Swin-L,
and ViT) chosen as underlying architectures for our novel training framework are the most
competitive ones. Hence, increasing the performance levels of these models by employing
our learning framework is more challenging. This is why our learning framework exhibits
the highest performance boost for the U-Net encoder, which starts from a lower average
cosine similarity compared to the top three black-box models.

Another interesting observation is that the white-box U-Net is not necessarily the best
model. Indeed, the privilege of having access to the weights of the Stable Diffusion model
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seems to fade out in front of very deep architectures, such as Swin-L and CLIP-Huge, that
benefit from large-scale pre-training.

9 ABLATING THE ENSEMBLE

Since our main goal is to assess how well the text embeddings can be recovered from
generated images, we motivate our use of an ensemble of multiple models via the focus on
minimizing the possibility of reporting low cosine similarity scores due to a poor model
choice for the reverse task. In Table 1 from the main paper, there is a noticeable gap
between the individual models and the ensemble. We thus believe the scores reported for
the ensemble better reflect the misalignment of the original Stable Diffusion model. To
better motivate the proposed combination of models, we conduct additional experiments
with various ablated combinations of models. The corresponding results are shown in
Table 5. We observe that combining every two models leads to better results than using the
individual counterparts. Further performance gains are obtained by combining every three
models. Still, the top cosine similarity is reached when we combine all four models. In
conclusion, our results clearly indicate that all individual models contribute to improving
the proposed ensemble.

Furthermore, we observe that the gains saturate each time we increase the number of models
in the ensemble. This suggests that adding even more models would generate marginal
gains. Thus, we limit ourselves to using the proposed ensemble based on four models.
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