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Reference Image

Figure 1. Various remarkable places depicted with the style taken from Bruegels’ “The Tower of Babel”.
Top row: Rome Colosseum, Rio de Janeiro, Seattle Space Needle.

A. Additional Reuslts
Figure 1 shows our techniques being applied for style

transfer for the Peter Bruegels’ ”The Tower of Babel” to
multiple places around the world. As for the prompt we
always use the places’ followed by ”Pieter Bruegel Paint-
ing”, e.g.“Rome Coliseum, Pieter Bruegel Painting”. Even
though the original masterpiece is known to model, it fails
to reproduce its style with only text guidance. Fig. 2 shows
some of the places generated with the direct instruction to

*Equal contribution.
†Equal Advising.

resemble the original painting, without self-attention shar-
ing. Notably, the model fails to produce an accurate style
alignment with the original picture.

Further examples of style transferring from real exam-
ples are presented in Fig.s 10 and 11.

Attention scaling. We also noticed that once the style
transfer is performed from an extremely famous image, the
default approach may sometimes completely ignore the tar-
get prompt, generating an image almost identical to the ref-
erence. We suppose that this happens because the outputs
of the denoising model for the famous reference image have
very high confidence and activations magnitudes. Thus in
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…, in style of Bruegels’ “the Tower of Babel” Painting

Figure 2. Text-to-image generation with explicit style descrip-
tion. Unlike our approach, this fails to produce fine and style-
aligned results. See Fig. 1 to inspect our method results.
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Figure 3. Reference attention rescaling factor variation used
for extremely popular reference image assets.

the shared self-attention, most of the attention is taken by
the reference keys. To compensate for it, we propose the
simple trick of the attention scores rescaling. In the self-
attention sharing mechanism, for some fixed scale λ < 1,
we rescale the queries and keys products conducting the
new scores λ · ⟨Q,Ktarget⟩. We apply this only to the ref-
erence image keys. First, this suppresses extra-high keys.
Also, this makes the attention scores more uniformly dis-
tributed, encouraging the generated image to capture style
aggregated from the whole reference image. Fig. 3 demon-
strates the rescaling factor variation effect for the particu-
larly popular reference ”Starr Night” by Van Gogh. No-
tably, without rescaling, the model generates an image al-
most identical to the reference, while the scale relaxation
produces a plausible transfer.

Style prompt selection. For style transfer from an input
image, we use an automated method to caption the input im-
age. However, our method can be used with different style
descriptions (different columns). As can be seen in Fig. 4,
our method produces valid results for different prompts.

Shared self-attention visualization. Figure 5 depicts
the self-attention probabilities from a generated target im-
age to the reference style image. In each of the rows, we
pick a point on the image and depict the associated proba-
bilities map for the token at this particular point. Notably
probabilities mapped on the reference image are semanti-
cally close to the query point location. This suggests that the

Reference image ”…smooth 3d rendering” ”…3d” no style prompt

Figure 4. Style transfer results using StyleAligned with different
style prompts (different columns) describing the reference image
(left column).

self-attention tokens sharing do not perform a global style
transfer, but rather match the styles in a semantically mean-
ingful way [4]. In addition, Figure 6 visualizes the three
largest components of the average shared attention maps of
the rhino image, encoded in RGB channels. Note that the
shared attention map is composed of both self-attention and
cross-image attention to the giraffe. As can be seen, the
components highlight semantically related regions like the
bodies, heads, and the background in the images.

B. Integration with Other Methods
Below, we show different examples where our method

can provide style aligned image generation capability on top
of different diffusion-based image generation methods.

Style aligned subject driven generation. To use our
method on top of a personalized diffusion model, first, given
a collection of images (3-6) of the personalized content, we
follow DreamBooth–LoRA training [8, 12] where the lay-
ers of the attention layers are fine-tuned via low-rank adap-
tation weights (LoRA). Then, during inference, we apply
our method by sharing the attention of personalized gener-
ated images with a generated reference style image. During
this process, the LoRA weights are used only for the gen-
eration of personalized content. The results of our method
on top of different personalized models are shown in Fig. 9
where in each column we fine-tuned the SDXL model over
the image collection on top and generated the personalized
content with the reference images on the left. It can be seen
that in some cases, like in the backpack photos on the right,
the subject in the image remains in the same style as in the
original photos. This is a known limitation of training-based
personalization methods [13] which we believe can be im-
proved by applying our method over other T2I personal-
ization techniques [6, 9] or more careful search for training
hyperparameters that allow better generalization of the per-
sonalized model to different styles.

Style aligned MultiDiffusion image generation. Bar
et al. [5] presented MultiDiffusion, a method for generat-
ing images in any resolution by aggregating diffusion pre-
dictions of overlapped squared crops. Our method can be
used on top of MultiDiffusion by enabling our shared at-
tention between the crops to a reference image that is gen-
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Key locations Probabilities map

“A car …”
“A train,
simple wooden statue” “A bull …”

Figure 5. Self-Attention probabilities maps from different gener-
ated image locations (Key locations column) to the reference train
image with the target style (top-left).

Reference image Target image Principle components of 

Figure 6. Principle components of the shared attention map.
On right, we visualize the principle components of the shared at-
tention map between the reference giraffe and the target rhino gen-
erated images. The three largest components of the shared maps
are encoded in RGB channels.

erated in parallel. Fig. 12 shows style aligned panorama
images generated with MultiDiffusion in conjunction with
our method using the public implementation of MultiDiffu-
sion over Stable Diffusion V2 [3]. Notice that compared
to a vanilla MultiDiffusion image generation (small im-
ages in 12), our method not only enables the generation of
style aligned panoramas but also helps to preserve the style
within each image.

StyleAligned with additional conditions. Lastly, we
show how our method can be combined with ContolNet [17]
which enriches the conditioning signals of diffusion text-
to-image generation to include additional inputs, like depth
map and pose. ContolNet injects the additional informa-
tion by predicting residual features that are added to the
diffusion image features outputs of the down and middle
U-Net blocks. Similar to previous modifications, we ap-
ply StyleAligned image generation by sharing the attention
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Figure 7. Comparison of StyleAligned applied with (second
row) and without (third row) AdaIN applied on keys and queries.
Columns represent StyleAligned applied for style transfer from
reference image (col. 1), StyleAligned applied on Latent Consis-
tency Model (col. 2), ControlNet (col. 3-4)

of ControlNet conditioned images to a reference image that
isn’t conditioned on additional input. Fig. 13 shows style
aligned image set (different rows) that are conditioned on
depth maps (different columns) using ControlNet depth en-
coder over SDXL [1]. Fig. 14 shows style aligned image
set (different rows) that are conditioned on pose estimation
obtained by OpenPose [14] (different columns) using Con-
trolNet pose encoder over SDXL [2].

C. Additional Comparisons
We provide additional comparisons of our method to

encoder-based text-to-image personalization methods and
editing approaches over the evaluation set presented in Sec-
tion 4 in the main paper. Table 1 summarized the full quan-
titative results presented in the paper and here.

Ablation comparisons Beyond the quantitative advan-
tage of the use of Query-Key AdaIN, it also qualitatively
improves style consistency and makes our method robust
across various applications, as demonstrated in Fig. 7. Ad-
ditionally, we evaluate its importance by performing a user
study, similar to the one reported in main paper. The default
approach is preferred over No-AdaIN in 75% of cases, and
over Full attention sharing in 81% of cases.

Encoder based approaches As reported in the paper, we
compare our method to encoder-based text-to-image per-
sonalization methods: BLIP-Diffusion [10], ELITE [15],
and IP-Adapter [16]. These methods train an image en-
coder and fine-tune the T2I diffusion model to be condi-
tioned on visual input. Fig. 15 shows a qualitative compar-
ison on the same set shown in the paper (Fig. 7). As can be
seen, our image sets are more consistent and aligned to the
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Table 1. Full quantitative comparison for style aligned image
generation. We evaluate the generated image sets in terms of of
text alignment (CLIP score) and set consistency (DINO embed-
ding similarity). ±X denotes the standard deviation of the score
across 100 image set results.

Method
Text Alignment

(CLIP ↑)
Set Consistency

(DINO ↑)
StyleDrop (SDXL) 0.272± 0.04 0.529± 0.15
StyleDrop (unofficial MUSE) 0.271± 0.04 0.301± 0.14
DreamBooth-LoRA (SDXL) 0.276± 0.03 0.537± 0.17
IP-Adapter (SDXL) 0.281± 0.03 0.44± 0.13
ELITE (SD 1.4) 0.253± 0.03 0.481± 0.13
BLIP-Diffusion (SD 1.4) 0.245± 0.04 0.475± 0.12
Prompt-to-Prompt (SDXL) 0.283± 0.03 0.454± 0.18
SDEdit (SDXL) 0.274± 0.03 0.453± 0.16

StyleAligned (SDXL) 0.287± 0.03 0.51± 0.14
StyleAligned (W.O. AdaIN) 0.289± 0.03 0.428± 0.14
StyleAligned (Full Attn.) 0.28± 0.03 0.55± 0.15

reference. Notice that, currently, only IP-Adapter provides
an encoder model for Stable Diffusion XL (SDXL). Nev-
ertheless, BLIP-Diffusion and ELITE struggle to produce
consistent image sets that match the text descriptions.

Zero–shot editing approaches Other baselines that can
be used for style aligned image set generation are diffusion-
based editing methods when applied over the reference
images. However, unlike our method, these methods as-
sume structure preservation of the input image. We re-
port the results of two diffusion-based editing approaches:
SDEdit [11] and Prompt-to-Prompt (P2P) [7] in Fig. 8. No-
tice that similar to our method, these methods provide a
level of control that trade-off between alignment to text and
alignment to the input image. To get higher text alignment,
SDEdit can be applied over an increased percentage of dif-
fusion steps, and P2P can reduce the number of attention
injection steps. Our method can achieve higher text align-
ment, as described in Section 4 in the main paper, by us-
ing our shared attention over only a subset of self-attention
layers. Fig. 8 presents the trade-off of the results over the
different methods. As can be seen, only our method can
achieve text alignment while preserving high set consis-
tency.

D. User Study and Evaluation Settings
As described in the main paper, we generate the images

for evaluation using a list of 100 text prompts where each
prompt describes 4 objects in the same style. The full list is
provided at the end of supplementary materials D. We eval-
uated the results of the different methods using the auto-
matic CLIP and DINO scores and through user evaluation.
The format of the user study is provided in Fig. 16 where the
user has to select between the results of two methods. For
each method from StyleDrop (SDXL), StyleDrop (unoffi-
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Figure 8. Quantitative Comparison to zero shot editing ap-
proaces. We compare the results of the different methods in terms
of text alignment (CLIP score) and set consistency (DINO embed-
ding similarity).

cial Muse), and DreamBooth-LoRA (SDXL), we collected
800 answers compared to our results. In total, we collected
2400 answers from 100 participants.
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Figure 9. Personalized T2I diffusion with StyleAligned. Each row shows style aligned image st using the reference image on the left,
applied on different personalized diffusion models, fine-tuned over the personalized content on top. The top two rows were generated using
the prompt ”[my subject] in the style of a beautiful papercut art.“ The bottom two rows were generated using the prompt ”[my subject] in
beautiful flat design.“ where [my subject] is replaced with the subject name.
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Reference image Space rocket Boy riding a bicycle Matterhorn mountain Mime artist Seattle needle Twin boys on a balcony

Figure 10. Samples of the proposed style transfer techniques applied for a variety of different images and target prompts.
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Reference image A bear eating honey Cats on a roof in Paris Woman selling fruits Wolf howling to the moonMan fishing from a boat Snowman

Figure 11. Samples of the proposed style transfer techniques applied for a variety of different images and target prompts.
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Reference image

“A poster in a flat design 
style.”

Reference image

“A poster in 
a papercut art style.”

“Houses in a flat design style.”

“Mountains in a flat design style.”

“Girrafes in a flat design style.”

“A village in a papercut art style.”

“Futuristic city scape in a papercut art style.”

“A jungle in a papercut art style.”

Figure 12. MultiDiffusion with StyleAligned. The panoramas were generated with MultiDiffusion [5] using the text prompt beneath and
the left image as reference. The small images in the bottom right corners are the results of MultiDiffusion results without our method.
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Depth condition 

Reference image

Figure 13. ControlNet Depth with StyleAligned.
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Pose condition 

Reference image

Figure 14. ControlNet pose with StyleAligned.
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Reference image StyleAligned IP-Adapter (SDXL) ELITE (SD 1.4)

A mooseA cute bear A baby penguin

A cute koala

A moose A baby penguin

A cute koala

A moose A baby penguin

A cute koala

A moose A baby penguin

A cute koala

A friendly robotA woman walking her dogs Cherryblossom

Read in the park

A friendly robot Cherryblossom

Read in the park

A friendly robot Cherryblossom

Read in the park

A friendly robot Cherryblossom

Read in the park

A camera A tall hill

A cabin

A tall hill

A cabin

A tall hill

A cabin

A tall hill

A saxophone A compass A compass A compass A compass

Scones Scones Scones

A cabin

Socks Socks Socks Socks

Full moonA wise owl A book Full moon A book Full moon A book Full moon A book 

An armchair An armchair An armchair An armchair

A laptop A laptop A laptop A laptop

A hot air balloonA guitar A mountain

A sailboat

A hot air balloon A mountain

A sailboat

A hot air balloon A mountain

A sailboat

A hot air balloon A mountain

A sailboat

A shipA duck A rocket

A pineapple

A ship A rocket

A pineapple

A ship A rocket

A pineapple

A ship A rocket

A pineapple

Figure 15. Qualitative comparison to encoders based personalization methods.
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Figure 16. Screenshot from the user study. Each row of images represents the result obtained by different method. The user had to assess
which row is better in terms of style alignment and text alignment.
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List of prompts for our evaluation set generation:
1 . {A house , A temple , A dog , A l i o n } i n s t i c k e r s t y l e .
2 . {Flowers , Golden Gate b r i d g e , A c h a i r , Trees , An a i r p l a n e } i n w a t e r c o l o r p a i n t i n g s t y l e .
3 . {A v i l l a g e , A b u i l d i n g , A c h i l d r u n n i n g i n t h e park , A r a c i n g c a r} i n l i n e drawing s t y l e .
4 . {A phone , A k n i g h t on a horse , A t r a i n p a s s i n g a v i l l a g e , A tomato i n a bowl} i n c a r t o o n l i n e drawing s t y l e .
5 . { S l i c e s o f wate rmelon and c l o u d s i n t h e background , A fox , A bowl wi th c o r n f l a k e s , A model o f a t r u c k} i n 3d

r e n d e r i n g s t y l e .
6 . {A mushroom , An El f , A dragon , A dwarf} i n g lowing s t y l e .
7 . {A thumbs up , A crown , An avocado , A b i g s m i l e y f a c e} i n g lowing 3d r e n d e r i n g s t y l e .
8 . {A bear , A moose , A c u t e koa la , A baby pengu in} i n k i d c r a yo n drawing s t y l e .
9 . {An o r c h i d , A Vik ing f a c e wi th beard , A b i r d , An e l e p h a n t} i n wooden s c u l p t u r e .
1 0 . {A p o r t r a i t o f a p e r s o n wea r ing a ha t , A p o r t r a i t o f a woman wi th a long h a i r , A p e r s o n danc ing , A p e r s o n f i s h i n g }

i n o i l p a i n t i n g s t y l e .
1 1 . {A woman walk ing a dog , A f r i e n d l y r o b o t , A woman r e a d i n g i n t h e park , Cher ryb los som} i n f l a t c a r t o o n i l l u s t r a t i o n

s t y l e .
1 2 . {A b i t h d a y cake , The l e t t e r A, An e s p r e s s o machine , A Car} i n a b s t r a c t ra inbow c o l o r e d f l o w i n g smoke wave d e s i g n .
1 3 . {A f lower , A piano , A b u t t e r f l y , A g u i t e r } i n m e l t i n g go ld en 3d r e n d e r i n g s t y l e .
1 4 . {A t r a i n , A car , A b i c y c l e , An a i r p l a n e } i n m i n i m a l i s t round BW logo .
1 5 . {A r o c k e t , An a s t r o n a u t , A man r i d i n g a snowboard , A p a i r o f r i n g s} i n neon g r a f f i t i s t y l e .
1 6 . {A t e a p o t , A teacup , A s t a c k of books , A cozy a r m c h a i r} i n v i n t a g e p o s t e r s t y l e .
1 7 . {A mounta in range , A bear , A campf i r e , A p i n e f o r e s t } i n woodblock p r i n t s t y l e .
1 8 . {A s u r f b o a r d , A beach shack , A wave , A s e a g u l l } i n r e t r o s u r f a r t s t y l e .
1 9 . {A p a i n t b r u s h , A s u n f l o w e r f i e l d , A sca rec row , A r u s t i c ba rn} i n a minimal o r i g a m i s t y l e .
2 0 . {A c i t y s c a p e , Hover ing v e h i c l e s , Dragons , Boa t s} i n cyberpunk a r t s t y l e .
2 1 . {A t r e a s u r e box , A p i r a t e sh ip , A p a r r o t , A s k u l l } i n t a t t o o a r t s t y l e .
2 2 . {Music s t a n d , A v i n t a g e microphone , A t u r t l e , A saxophone} i n a r t deco s t y l e .
2 3 . {A t r o p i c a l i s l a n d , A mushroom , A palm t r e e , A c o c k t a i l } i n v i n t a g e t r a v e l p o s t e r s t y l e .
2 4 . {A c a r o u s e l , C o t t on candy , A f e r r i s wheel , B a l l o o n s} i n r e t r o amusement pa rk s t y l e .
2 5 . {A s e r e n e r i v e r , A rowboat , A b r i d g e , A wi l low t r e e } i n 3D r e n d e r , a n i m a t i o n s t u d i o s t y l e .
2 6 . {A r e t r o g u i t a r , A jukebox , A c h e s s p i e c e , A m i l k s h a k e} i n 1950 s d i n e r a r t s t y l e .
2 7 . {A snowy cab in , A s l e i g h , A snowman , A w i n t e r f o r e s t } i n S c a n d i n a v i a n f o l k a r t s t y l e .
2 8 . {A bowl wi th a p p l e s , A p e n c i l , A b i g armor , A m a g i c a l s u n g l a s s e s} i n f a n t a s y p o i s o n book s t y l e .
2 9 . {A kiwi f r u i t , A s e t o f d0rums , A hammer , A t r e e } i n Hawai ian s u n s e t p a i n t i n g s t y l e .
3 0 . {A g u i t a r , A h o t a i r b a l l o o n , A s a i l b o a t , A mounta in} i n p a p e r c u t a r t s t y l e .
3 1 . {A c o f f e e cup , A t y p e w r i t e r , A p a i r o f g l a s s e s , A v i n t a g e camera} i n r e t r o h i p s t e r s t y l e .
3 2 . {A board o f backgammon , A s h i r t and p a n t s , Shoes , A c o c k t a i l } i n v i n t a g e p o s t c a r d s t y l e .
3 3 . {A r o a r i n g l i o n , A s o a r i n g e a g l e , A d o l p h i n , A g a l l o p i n g h o r s e} i n t r i b a l t a t t o o s t y l e .
3 4 . {A p i z z a , Cand le s and r o s e s , A b o t t l e , A c h e f} i n J a p a n e s e ukiyo −e s t y l e .
3 5 . {A wise owl , A f u l l moon , A m a g i c a l c h a i r , A book of s p e l l s } i n f a n t a s y book c o v e r s t y l e .
3 6 . {A cozy cab in , Snow− c o v e r e d t r e e s , A warming f i r e p l a c e , A s t e a m i n g cup of cocoa} i n hygge s t y l e .
3 7 . {A b o t t l e o f wine , A scone , A muff in , P a i r o f s o c k s} i n Zen g a r de n s t y l e .
3 8 . {A d i v e r , Bowl o f f r u t i s , An a s t r o n a u t , A c a r o u s e l} i n c e l e s t i a l a r t w o r k s t y l e .
3 9 . {A horse ,A c a s t l e , A cow , An o l d phone} i n m e d i e v a l f a n t a s y i l l u s t r a t i o n s t y l e .
4 0 . {A m y s t e r i o u s f o r e s t , B i o l u m i n e s c e n t p l a n t s , A g r a v e y a r d , A t r a i n s t a t i o n } i n e n c h a n t e d 3D r e n d e r i n g s t y l e .
4 1 . {A globe , An a i r p l a n e , A s u i t c a s e , A compass} i n t r a v e l agency logo s t y l e .
4 2 . {A p e r s i a n c a t p l a y i n g wi th a b a l l o f wool , A man s k i i n g down t h e h i l l , A t r a i n a t t h e s t a t i o n , A b e a r e a t i n g

honey} i n c a f e logo s t y l e .
4 3 . {A book , A q u i l l pen , An i n k w e l l , An u m b r e l l a} i n e d u c a t i o n a l i n s t i t u t i o n logo s t y l e .
4 4 . {A hat , A s t r a w b e r r y , A screw , A g i r a f f e } i n m e c h a n i c a l r e p a i r shop logo s t y l e .
4 5 . {A notebook , A r u n n i n g shoe , A r o b o t , A c a l c u l a t o r } i n h e a l t h c a r e and m e d i c a l c l i n i c logo s t y l e .
4 6 . {A r u b b e r duck , A p i r a t e sh ip , A r o c k e t , A p i n e a p p l e} i n do od l e a r t s t y l e .
4 7 . {A trumpe t , A f i s h b o w l , A palm t r e e , A b i c y c l e} i n a b s t r a c t g e o m e t r i c s t y l e .
4 8 . {A t e a p o t , A kangaroo , A s k y s c r a p e r , A l i g h t h o u s e} i n mosaic a r t s t y l e .
4 9 . {A n i n j a , A h o t a i r b a l l o o n , A submar ine , A wate rmelon} i n p a p e r c o l l a g e s t y l e .
5 0 . {A saxophone , A s u n f l o w e r , A compass , A l a p t o p} i n o r i g a m i s t y l e .
5 1 . {A penguin , A b i c y c l e , A t o r n a d o , A p i n e a p p l e} i n a b s t r a c t g r a f f i t i s t y l e .
5 2 . {A magic ian ’ s ha t , A UFO, A r o l l e r c o a s t e r , A beach b a l l } i n s t r e e t a r t s t y l e .
5 3 . {A c a c t u s , A s h o p p in g c a r t , A c h i l d p l a y i n g wi th cubes , A camera} i n mixed media a r t s t y l e .
5 4 . {A snowman , A s u r f b o a r d , A h e l i c o p t e r , A c a p p u c c i n o} i n a b s t r a c t e x p r e s s i o n i s m s t y l e .
5 5 . {A r o b o t , A cupcake , A woman p l a y i n g b a s c k e t b a l l , A s u n f l o w e r} i n d i g i t a l g l i t c h a r t s t y l e .
5 6 . {A t r e e h o u s e , A d i s c o b a l l , A s a i l i n g boa t , A c o c k t a i l } i n p s y c h e d e l i c a r t s t y l e .
5 7 . {A f o o t b a l l he lmet , A p laymob i l , A t r u c k , A watch} i n s t r e e t a r t g r a f f i t i s t y l e .
5 8 . {A cab in , A l e o p a r d , A s q u i r r e l , A r o s e} i n pop a r t s t y l e .
5 9 . {A bus , A drum , A r a b b i t , A s h o p p i ng ma l l} i n m i n i m a l i s t s u r r e a l i s m s t y l e .
6 0 . {A f r i s b e e , A monkey , A snake , s k a t e s} i n a b s t r a c t cubism s t y l e .
6 1 . {A piano , A v i l l a , A snowboard , A r u b b e r duck} i n a b s t r a c t i m p r e s s i o n i s m s t y l e .
6 2 . {A l a p t o p , A man p l a y i n g s o c c e r , A woman p l a y i n g t e n n i s , A r o l l i n g c h a i r} i n pos t −modern a r t s t y l e .
6 3 . {A c u t e puppet , A g l a s s o f beer , A v i o l i n , A c h i l d p l a y i n g wi th a k i t e } i n neo − f u t u r i s m s t y l e .
6 4 . {A dog , A b r i c k house , A l o l l i p o p , A woman p l a y i n g on a g u i t e r } i n a b s t r a c t c o n s t r u c t i v i s m s t y l e .
6 5 . {A k i t e s u r f i n g , A p i z z a , A c h i l d do ing homework , A p e r s o n do ing yoga} i n f l u i d a r t s t y l e .
6 6 . { I c e cream , A v i n t a g e t y p e w r i t e r , A p a i r o f r e a d i n g g l a s s e s , A h a n d w r i t t e n l e t t e r } i n macro p h o t o g r a p h y s t y l e .
6 7 . {A gourmet bu rge r , A s u s h i , A mi lkshake , A p i z z a} i n p r o f e s s i o n a l food p h o t o g r a p h y s t y l e f o r a menu .
6 8 . {A c r y s t a l vase , A p o c k e t watch , A compass , A l e a t h e r −bound j o u r n a l } i n v i n t a g e s t i l l l i f e p h o t o g r a p h y s t y l e .
6 9 . {A sake s e t , A s t a c k of books , A cozy b l a n k e t , A cup of h o t cocoa} i n m i n i a t u r e model s t y l e .
7 0 . {A r e t r o b i c y c l e , A sunha t , A p i c n i c b a s k e t , A k i t e } i n o u t d o o r l i f e s t y l e p h o t o g r a p h y s t y l e .
7 1 . {A group of h i k e r s on a mounta in t r a i l , A w i n t e r e v e n i n g by t h e f i r e , A hen , A p e r s o n e n j o y i n g music} i n r e a l i s t i c

3D r e n d e r .
7 2 . {A t e n t , A p e r s o n k n i t t i n g , A r u r a l farm scene , A b a s k e t o f f r e s h eggs} i n r e t r o music and v i n y l p h o t o g r a p h y s t y l e

.
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7 3 . {A g i r a f f e , A b l a n k e t , A f o r k and k n i f e , A p i l e o f c a n d i e s} i n cozy w i n t e r l i f e s t y l e p h o t o g r a p h y s t y l e .
7 4 . {A w i l d f l o w e r , A ladybug , An i g l o o i n a n t a r c t i c a , A p e r s o n r u n n i n g} i n bokeh p h o t o g r a p h y s t y l e .
7 5 . {A c o f f e e machine , A l a p t o p , A p e r s o n working , A p l a n t on t h e desk} i n minimal f l a t d e s i g n s t y l e .
7 6 . {A camera , A f i r eman , A wooden house , A t a l l h i l l } i n minimal v e c t o r a r t s t y l e .
7 7 . {A p e r s o n t e x t i n g , A p e r s o n s c r a w l i n g , A cozy c h a i r , A lamp} i n minimal p a s t e l c o l o r s s t y l e .
7 8 . {A smar tphone , A book , A d i n n e r t a b l e , A g l a s s o f wine} i n minimal d i g i t a l a r t s t y l e .
7 9 . {A brush , An a r t i s t p a i n t i n g , A g i r l h o l d i n g umbre l l a , a poo l t a b l e } i n minimal a b s t r a c t i l l u s t r a t i o n s t y l e .
8 0 . {A p a i r o f r u n n i n g shoes , A m oto rcyc l e , Keys , A f i t n e s s machine} i n minimal monochromat ic s t y l e .
8 1 . {A compass rose , A c a c t u s , A zebra , A b l i z z a r d } i n woodcut p r i n t s t y l e .
8 2 . {A l a n t e r n , A t r i c y c l e , A s e a s h e l l , A swan} i n c h a l k a r t s t y l e .
8 3 . {Magni fy ing g l a s s , G o r i l l a , A i r p l a n e , Swing} i n p i x e l a r t s t y l e .
8 4 . {Hik ing boo t s , Kangaroo , I c e cream cone , Hammock} i n comic book s t y l e .
8 5 . {Horseshoe , V i n t a g e t y p e w r i t e r , S n a i l , Tornado} i n v e c t o r i l l u s t r a t i o n s t y l e .
8 6 . {A l i g h t h o u s e , A h o t a i r b a l l o o n , A c a t , A c i t y s c a p e} i n i s o m e t r i c i l l u s t r a t i o n s t y l e .
8 7 . {A compass , A v i o l i n , A palm t r e e , A k o a l a} i n w i r e f r a m e 3D s t y l e .
8 8 . {Beach umbre l l a , Rocket sh ip , Fox , W a t e r f a l l} i n p a p e r c u t o u t s t y l e .
8 9 . {Tree stump , Harp , Chameleon , Canyon} i n b l u e p r i n t s t y l e .
9 0 . {Elephan t , UFO toy , Flamingo , L i g h t n i n g b o l t } i n r e t r o comic book s t y l e .
9 1 . {Robot , Temple , J e l l y f i s h , Sofa} i n i n f o g r a p h i c s t y l e .
9 2 . {Microscope , G i r a f f e , Laptop , Rainbow} i n g e o m e t r i c s h a p e s s t y l e .
9 3 . {Teapot , Dragon toy , S ka t eboa rd , Storm c l o u d} i n c a r t o o n l i n e drawing s t y l e .
9 4 . {C r y s t a l b a l l , C a r o u s e l hor se , Hummingbird , G l a c i e r} i n w a t e r c o l o r and i n k wash s t y l e .
9 5 . {F e a t h e r q u i l l , S a t e l l i t e d i sh , Deer , D e s e r t s c e n e} i n dreamy s u r r e a l s t y l e .
9 6 . {Map , Saxophone , Mushroom , Dolph in} i n s teampunk m e c h a n i c a l s t y l e .
9 7 . {Anchor , Clock , Globe , B i c y c l e} i n 3D r e a l i s m s t y l e .
9 8 . {Clock , H e l i c o p t e r , Whale , S t a r f i s h } i n r e t r o p o s t e r s t y l e .
9 9 . {B i n o c u l a r s , Bus , P i l l ow , Cloud} i n bohemian hand −drawn s t y l e .
1 0 0 . {Rhino , Te le scope , S t o o l , Panda} i n v i n t a g e stamp s t y l e .
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