














“a brown brush glides through “a blue and white dog sleeps in “a white fire hydrant sitting in a
beautiful blue hair” front of a black door” field next to a red building”

SynGen

Spatial-Temporal
Diffusion

Figure 17: Extended qualitative comparison for prompts from the ABC6K dataset. SynGen and
Spatial-Temporal Diffusion [24]].
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Figure 18: Extended qualitative comparison for prompts from the Attend-and-Excite dataset. SynGen
and Spatial-Temporal Diffusion [24].
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Figure 19: Side-by-side generations of StableDiffusion and StructureDiffusion.

E SynGen Failures

We observe three recurring types of failure SynGen displays Fig. First, when there are many
modifiers and entities in the prompt, despite the results in Fig. gwe note that sometimes the
negative loss component becomes exceedingly large, and thus, pushes the latent out of the distribution
the decoder was trained on. Consequently, images become blurred, or contain concepts which
are successfully separated, but are incoherent. This is likely because our method over-fixates on
incorporating all elements described in the prompt.
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Second, while SynGen typically successfully addresses the possible error cases described in Sec-
tion[4.2] at times it can neglect generating all objects, unify separate entities, or neglect generating
attributes. We conjecture that it is because the cross-attention maps of the modifier and its corre-
sponding entity do not overlap enough. We note it usually occurs when there are many modifiers that
refer to the same entity.

Finally, as common with many diffusion models, we report a recurring issue with faithfulness to the
number of units specified in the prompt, for a certain entity. For instance, upon receiving prompts
containing “a strawberry”, SynGen generates images with multiple strawberries, instead of just one.
One explanation to this problem is that the representation of a certain entity begins “scattered”, and is
never quite formed into a single cluster. Interestingly, the opposite problem, where multiple units are
“merged” into one, occurs far less in the generations of SynGen. Possibly, because of the inherent
objective function of our loss, which “pushes away” foreign concepts from one another.
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Figure 20: Frequent failure modes in SynGen. (a) depicts a case of blurred image, (b) incoherent
image which maintains concept separation. Both are a result of excessive updates to the latent,
resulting from a large negative loss term. In example (c), the zebra and lion are merged into a single
entity and (d) omits the sleepy lion. We conjecture (c) and (d) are a result of too little updates. (e)
and (f) exhibit the well-known issue of flawed mapping between the number of units an entity is
mentioned in the prompt to the generated image.

F The Diverse Multiple Modifiers Prompts (DVMP) dataset

In Section[3.2] we describe DVMP, a new dataset containing rich and challenging combinations, for
the purpose of evaluating improper binding.

In total, DVMP has 18 types of objects, 16 types of animals, and 4 types of fruit. There are four
animal modifiers, 7 object modifiers, two fruit modifiers, and 13 colors. A comprehensive account of
the entities and their possible modifiers is shown in Table [4]

G Extended Evaluation

G.1 Additional Details on Human Evaluation Experiments

In the manual evaluation procedure detailed in Section [3.3]the evaluator is tasked with comparing
various image generations and selecting the optimal image based on multiple criteria. The guidelines
and examples given to the evaluators are presented in Fig. 21| and Fig. 22] Fig. 23] provides a
screenshot of the rating interface. The full results of the human evaluation are given in Table[3]

Rater Compensation. Raters were selected based on their performance history, requiring a mini-
mum of 5,000 approved HITs with an approval rate exceeding 98%. They were required to pass a
qualification exam with a perfect score before given access to the task. The hourly compensation was
$10, ensuring fair renumeration for their contributions.
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Table 4: List of entities and their modifiers in the DVMP dataset. Colors are not restricted to

categories.
Category Entities Modifiers
General backpack, crown, suitcase, chair, modern, spotted, wooden, metal,
balloon, bow, car, bowl, bench, clock, curved, spiky, checkered
camera, umbrella, guitar, shoe, hat,
surfboard, skateboard, bicycle
Fruit apple, tomato, banana, strawberry sliced, skewered
Animals cat, dog, bird, bear, lion, horse, furry, baby, spotted, sleepy

elephant, monkey, frog, turtle, rabbit,
mouse, panda, zebra, gorilla, penguin

In

Color Modifiers

red, orange, yellow, green, blue, purple, pink, brown,
gray, black, white, beige, teal

structions

« Please read the following instructions carefully:

« In this task, you will be given a description and two images. Your job is to evaluate the images based on two criteria:
« 1. Concept Separation: How well does the image match the given description?

« 2. Visual Appeal: Which image looks overall better or more natural?

« Concept Separation: For each image, ask yourself:
- Do you see all objects from the description?
- Are all objects’ details correct?
- Are there any details on objects that should not be there?
Choose the image that best matches the description. If they are equally good, choose 'equally good' and if they are equally bad, choose

‘equally bad'.

« Visual Appeal: After evaluating Concept Separation, decide which image looks better or natural to you.
» Please choose the images based on Concept Separation first, and then consider their Visual Appeal.

Figure 21: The instructions that were given to the raters.

Table 5: The population vote of three raters was normalized to sum to 100 and the standard error
mean was added. The table reports the scores for concept separation (how well the image matches

the prompt) and visual appeal for different models on each dataset.

Concept Separation  Visual Appeal

Dataset Model
SynGen (ours) 38.80 +0.48  40.11 +0.49
A&E 22.60 £0.41  21.474+0.41
A&E Structured Diffusion 09.98 £0.29 11.87+£0.32
Stable Diffusion 08.85+0.28  09.79 +£0.29
No majority winner 19.77£0.39  16.76 £ 0.37
SynGen (ours) 2922 +£0.45  23.55+0.42
DVMP A&E - 19.83+£0.39  19.00 £+ 0.39
(challenge set) Stmcture.d Dl.ffuswn 09.00 £0.28  15.56 £0.36
Stable Diffusion 09.894+0.29  15.56 + 0.36
No majority winner 32.06 £0.46 26.33£0.44
SynGen (ours) 33.00 £ 0.47  25.72+0.43
A&E 17.84 £0.38  17.28 +0.37
ABC-6K Structured Diffusion 13.444+0.34 14.50 = 0.35
Stable Diffusion 11.72+0.32  14.50+£0.35
No majority winner 24.00+£0.42  28.00 £0.44
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“a blue balloon and an orange bench”

This is a good match because the image
clearly shows a BLUE balloon and an
ORANGE bench (even though we only see
a part of the bench), which matches the
description.

Good match

This is a bad match because the image
shows a BLUE bench, which does not match

"a blue suitcase and an orange car"

This is a good match because the
the image clearly shows an ORANGE
car and a BLUE suitcase (an image
that would show a clearer orange
car or that would not have an orange
fruit would be better)

This is a bad match. While there's an
orange object, it does not look more
like a car than the first option.

the description.

Bad match

Figure 22: Examples given to raters in their instructions. Each example consists
of a prompt and two images: A good match (top) and a bad match (bottom)
for the concept separation criterion. These examples were accompanied by text
explaining why the images are considered a good (or bad) match to the prompt.

Description: "the tan teddy bear has a red bow tied around its
neck"

Image 2 Image 3 Image 4

Equally
Bad

Which image matches better the given - . - o
description? © ~ - -
Which image looks overall better or : o o ¢ °
more natural? © - - - -

‘Submit

Figure 23: A screenshot of the AMT task. The order of images was randomized
per HIT. “equally good” and “equally bad” were merged during post-processing
into "no winner", to simplify presentation of results.

G.2 Phrases-to-Image Similarity

A common approach to automatically assess text-based image generation is by computing the cosine
similarity between an image and prompt, using a vision-language model like CLIP [9]. However, the
very challenge we tackle here is rooted in CLIP’s failure in establishing correct mapping between
syntactic bindings and visual bindings, functioning like a bag-of-words model [10]. As an example,
suppose CLIP is prompted with “a blue room with a yellow window”. If we present CLIP with an
image of a yellow room with a blue window, it may yield a similar score to an image that accurately
depicts a blue room with a yellow window.

In an attempt to address this flaw, we segment prompts to phrases containing entity-nouns and their
corresponding modifiers (e.g., “a blue room” and “a yellow window”), and compute the similarity
between these segmented phrases and the image. We then aggregate the result to a single score by
computing the mean. With this approach, we expect CLIP to properly associate the modifiers (e.g.,
“blue” and “yellow”) with the correct entity-noun (i.e., “room” and “window”) as there is only one
entity-noun in each segment. Unfortunately, this metric achieves relatively low agreement with the
majority selection of human evaluation, only 43.5% of the time, where 25% is random selection.
Despite the low agreement, we note the overall trend of selections of this automatic metric is very
similar to the human majority selection. Table[6]shows the results of our automatic evaluation.
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Task

"a white bicycle and a spiky bow"

How many objects are described in the text?
How many objects which are described in the text appear in the image?
Looking only at the objects that appear in the text and image, how many attributes are correctly assigned to their object?

How many attributes are mapped to something other than the object that they were assigned to in the text prompt?

|:| I'm not confident in my answer

Feel free to leave feedback here (optional)

Figure 24: A screenshot of the fine-grained AMT task.

Table 6: Automatic evaluation of all methods on the three datasets. The table reports scores for
concept separation (how well the image matches the prompt) and visual appeal. Values are the
fraction of majority vote of three raters, normalized to sum to 100.

Method DVMP (ours) ABC-6K A&E

SynGen (ours) 47.33 41.33 44.63

A&E 27.66 2433  27.11

Structured Diffusion 12.84 17.84 11.87

Stable Diffusion 12.17 16.50 16.39
24
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