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Appendix

In our appendix, we first present the details of human experts guiding GPT-3.5
in discovering LC-Mis concept pairs, with a focus on the instruction prompts
used by human experts. Next, we provide the implementation details of binary
search in our method, MoCE.Finally, we present statistical experimental results,
ablation analysis examples, and some visualization results.

A Interaction Details in Interactive LLMs Guidance
System

In this section, we describe the detailed process of interaction between human re-
searchers and GPT-3.5 within our workflow. Utilizing block diagrams for clarity,
we model the engagement between human experts and GPT-3.5. To illustrate
the variation in data volume within the Interactive LLMs Guidance System,
we present several diagrams, in Figure 1. In these diagrams, pairs of spheres
along the same axis denote concept pairs associated with a particular pattern,
distinguishable by their color.

Phase 1: Identifying Initial Concept Pairs as Seeds After developing
an initial set of 50 concept pairs and categorizing them into 8 unique patterns
(among them, 4 patterns match our LC-Mis issue), human researchers direct
GPT-3.5 to generate additional concept pairs. We specify both the researcher-
provided prompt and the GPT-3.5 response. The format of the patterns deduct-
ing concept pairs are depicted in Table 1.

Midjourney text-to-image generation, in conjunction with human researcher
validation, then confirms a total of 50 concept pairs. Throughout the evaluation
conducted by human experts, 5 impartial human experts are tasked to identify
the generated images. If minor differences, a majority opinion will be adopted.
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(a) Round 1 (b) Round 2-3 (c) Round 4-5 (d) Round 6
Come up with concept pairs Guide GPT-3.5 to extend concept pairs Guide GPT-3.5 to create new patterns Guide GPT-3.5 to blend exsiting patterns

Fig. 1: Schematic diagrams of different rounds of Socratic Reasoning. The complete
procedure contains coming up with concept pairs (Figure a), guiding GPT-3.5 to extend
concept pairs (Figure b), guiding GPT-3.5 to create new patterns (Figure c) and guiding
GPT-3.5 to blend exsiting patterns (Figure d).

Table 1: Patterns summarized manually by human researchers.

Pattern

Beverage and erroneous container
Local cuisine and non-native location

Mismatched outfits
Animal and incorrect habitat

...

Otherwise, a senior expert will come to re-identify the image. Human expert
evaluation prove to be accurate under certain circumstances as discussed in
Section 5.3 of our paper.

Prompt: I want you to act as an AI creative assistant helping users generate
pairs of nouns on cue: pairs of Beverage and erroneous container (e.g. iced coke,
tea cup). Each pair occupies one line, in 1 ˜ 3 words, separated by commas.
Answer: Certainly, I can help you generate pairs of nouns as requested. Here
are some pairs of beverages and wrong containers:

1. Coffee, Champagne Flute
2. Orange Juice, Coffee Mug
3. Hot Chocolate, Martini Glass
4. Iced Tea, Shot Glass
5. Lemonade, Beer Stein
......

These pairs should provide some creative and humorous combinations of bever-
ages and the erroneous containers for your use. If you need more pairs or have
any specific preferences, feel free to let me know!
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Here, we leverage GPT-3.5 to generate 5 detailed text prompts for each
concept pair and input them into the text-to-image model to generate images.
Our instructions for GPT-3.5 are as follows:

Prompt: I want you to act as an AI creative assistant helping users generate
images using Midjourney. Your job is to generate a prompt for text-to-image
generation model. You are good at text-image concept grounding, visual con-
cept understanding, text-to-image diffusion models’ prompt engineering. Don’t
be verbose in your answers, only provide the proposed prompt itself and avoid
including explanations. I’ve provided you with a pair of visual concepts, and I
want you to provide me with detailed prompts to feed into Midjourney that one
given concept would show up with the other one in the corresponding generated
image. It will be your job to come up with five prompts that closely integrate
two concepts visually, yet each remains a distinct entity. Remember there is
NO extra object or human in the prompt, NOR any explanatory sentences,
according to the user’s specifications.
Now, the given two visual concepts are: Iced coke, tea cup
Answer:
1. Ice coke bubbling in a tea cup.
2. A tea cup of ice coke.
3. Ice coke poured into a tea cup.
4. Iced coke in a tea cup.
5. Tea cups filled with iced coke, cold fogging up.
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Phase 2 - Generating and Verifying Additional Concept Pairs On
the basis of known patterns, we encourage GPT-3.5 to explore more concept
pairs. Our instructions for GPT-3.5 are as follows:

Prompt: I want you to act as a concept pair generator for text-to-image gen-
eration model, midjourney. You are good at text-image concept grounding, vi-
sual concept understanding, text-to-image diffusion models’ prompt engineer-
ing. Don’t be verbose in your answers, but do provide details and examples
where it might help the explanation. I’ve provided you with a bunch of ex-
isting positive and negative noun-concept pairs. The existing positive pairs
comprise a common beverage and an unconventional common container that is
not typically used to hold or serve that beverage, making them positive pairs.
Specifically, given noun-concept pair like "iced coke" and "tea cup", they are
both common in the real world. However, the resultant text-to-image synthesis
unexpectedly refers to "a glass cup containing iced coke", with the concept of
"tea cup" ignored. It will be your job to come up with 30 such new positive
noun-concept pairs following the given pairs. You need to remember that nouns
cannot be repeated between different concept pairs.
[positive] Coffee, Champagne Flute
[positive] Orange Juice, Coffee Mug
[positive] Iced Tea, Shot Glass
[positive] Milkshake, Whiskey Tumbler
[positive] Coca-Cola, Water Bottle
[positive] Green Tea, Red Solo Cup
[positive] Hot Coffee, Cocktail Shaker
[positive] Iced Coffee, Shot Glass
[positive] Pina Colada, Beer Stein
[positive] Iced Latte, Soda Can
[positive] Espresso, Water Bottle
[positive] Hot Tea, Coffee Mug
[positive] Apple Cider, Cocktail Shaker
[positive] Hot Chocolate, Red Solo Cup
[positive] Pumpkin Latte, Water Bottle
[positive] Mojito, Highball glass

[negative] Smoothie, Tea cup
[negative] Iced Cola, Glass
[negative] Orange Juice, Juice Glass
[negative] Hot Coffee, Coffee Mug
[negative] Beer, Beer Mug
[negative] Lemonade, Pitcher
[negative] Water, Water Bottle
[negative] Wine, Wine Glass
[negative] Iced Mocha, Soda Can
[negative] Cold Brew, Wine Glass
[negative] Mojito, Pint Glass
[negative] Cider, Champagne Flute
[negative] Iced Milk Latte, Pint Glass

Answer: Sure! Based on the examples you provided, I will generate 30 new
positive noun-concept pairs (beverage, uncommon vessel). I will ensure that
the nouns are not repeated. Here are the pairs:
1. [positive] Ginger Ale, Martini Glass
2. [positive] Root Beer, Teapot
3. [positive] Soda, Whiskey Flask
4. [positive] Chocolate Milk, Wine Carafe
5. [positive] Matcha Latte, Beer Boot
6. [positive] Bloody Mary, Coffee Carafe
7. [positive] Seltzer, Whiskey Decanter
8. [positive] Lemonade, Margarita Glass
9. [positive] Sprite, Tea cup
10. [positive] Lassi, Martini Shaker
11. [positive] Fruit Punch, Whiskey Flask
12. [positive] White Wine, Shot Glass
13. [positive] Champagne, Milk Jug
14. [positive] Red Wine, Milkshake Glass
15. [positive] Diet Coke, Teapot

16. [positive] Pepsi, Champagne Bucket
17. [positive] Mountain Dew, Wine Decanter
18. [positive] Black Tea, Margarita Glass
19. [positive] Mint Julep, Coffee Carafe
20. [positive] Rum, Tea Kettle
21. [positive] Whiskey, Juice Box
22. [positive] Vodka, Soup Bowl
23. [positive] Gin and Tonic, Coffee Thermos
24. [positive] Sprite, Wine Bucket
25. [positive] Protein Shake, Wine Carafe
26. [positive] Kombucha, Martini Glass
27. [positive] Grey Tea, Champagne Bucket
28. [positive] Cappuccino, Margarita Glass
29. [positive] Fanta, Coffee Pot
30. [positive] Tonic Water, Teapot
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Phase 3 - Discovering New Patterns for Concept Pair Generation
The proliferation of repetitive concept pairs has prompted researchers to inves-
tigate innovative approaches. Engaging with GPT-3.5, scholars aim to automate
the discovery of new patterns. Our instructions for GPT-3.5 are as follows:

Prompt: I want you to act as a bot summarizing the pattern rule and gen-
erating more patterns. You are good at text-image concept grounding, visual
concept understanding, text-to-image diffusion models’ prompt engineering.
Don’t be verbose in your answer, but do provide details and examples that
might help the explanation.
I have provided you with a series of existing positive and negative patterns,
where "pattern" refers to a generalization of certain noun pairs, A and B.
Where A and B are very common concepts, such as coke and tea cup. Moreover,
these noun pairs are closely related to visual imagery, rather than being two
independent objects, such as the wrapper and the wrapped item, background
and foreground, etc.
In the provided positive and negative patterns, the noun pairs in the positive
pattern are combinations that almost never appear in the text-to-image train-
ing dataset, such as beverage and erroneous container (e.g., iced cola and tea
cup) or local cuisine and non-native location (e.g., sushi and New York City).
Specifically, for a positive noun pair "A" and "B", there will usually be a hid-
den concept "C". "A" always appears with "C" in the text-to-image training
dataset, "B" and "C" belong to the same category or are of the same kind but
their visual effect is very different. Therefore, because of the strong association
between "A" and "C," it leads to "B" being obscured or occupied in the gen-
erated image with prompts "A" and "B". For example, in the positive pattern
"Beverage and erroneous container", "A" (iced coke) and "B" (tea cup) are a
good example pair. Because "A" (iced coke) is strongly bound to the latent
concept "C" (glass), telling the model to generate "a tea cup of iced coke" will
generate a glass of iced coke instead of a tea cup of iced coke.
Conversely, the noun pairs in the negative pattern are combinations that fre-
quently appear in the text-to-image training dataset, such as animal and their
corresponding external covering or jackets and their appropriate inner gar-
ments. Your task is to come up with some new positive patterns based on the
given positive and negative patterns:
(see next page)
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[positive] Beverage and erroneous container
[positive] Animal and incorrect external covering
[positive] Mismatched outfits
[positive] Endangered species and historical sites
[positive] Local cuisine and non-native location
[negative] Food and its appropriate container
[negative] Furniture and its corresponding setting
[negative] Endangered animals and their habitats.

Answer: Certainly, here are some new positive patterns based on the
provided guidelines:

1. [positive] Musical Instrument and Inappropriate venue
- Example: Violin and Football stadium
- Explanation: Visualize a violin being in a football stadium, creating a
striking visual contrast between the delicate instrument and the sports
arena.
2. [positive] Fruit and Unrelated seasoning
- Example: Orange and Salt shaker
- Explanation: Imagine an orange paired with a salt shaker, where the
seasoning doesn’t match the typical use for the fruit.
3. [positive] Spacecraft and Terrestrial landscape
- Example: Rocket and Desert landscape
- Explanation: Picture a rocket placed in a desert landscape, highlighting the
visual discord between space technology and earthly terrain.
4. [positive] Jewelry and Improper storage
- Example: Diamond necklace and Toolbox
- Explanation: Visualize a valuable diamond necklace stored in a toolbox, em-
phasizing the incongruity between luxury jewelry and a utilitarian container.
5. [positive] Sports Gear and Wrong sport
- Example: Baseball bat and Ice hockey rink
- Explanation: Picture a baseball bat in an ice hockey rink, where the sporting
equipment is out of place for the chosen location.
...... These patterns create visual contradictions by juxtaposing related concepts

in unexpected ways, following the same principles as the given positive patterns.

Due to the lack of guidance from information that has been validated in visual
space, the new concept pairs answered by GPT-3.5 don’t achieve the expected
effect. So human researchers propose a shift toward necessitating concepts within
the linguistic domain rather than demanding concept pairs specifically. In this
way, human researchers only need to select suitable conflicting concepts from
two sets of concepts and combine them for verification, drawing from their ac-
cumulated experience with text-image interactions. This avoids both unguided
exploration and excessive guidance, see the instruction prompt in the next page.
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Prompt: What storage is the most unlikely to put jewelry like a pearl ring
necklace in? Help me list some of the most unlikely.

Answer: When considering containers that are highly unlikely choices
for storing a precious item like a pearl ring necklace, we can think creatively.
Here are some of the most unlikely containers:

1. Bird’s Nest: Placing a delicate pearl ring necklace in a bird’s nest would be
highly impractical and unexpected.
2. Fish Tank: The underwater environment of a fish tank would be detrimental
to a pearl ring necklace.
3. Toilet Bowl: Using a toilet bowl as a storage place for jewelry is not only
unhygienic but also absurd.
4. Compost Bin: Pearls and organic waste do not mix, making a compost bin
a truly improbable choice.
5. Dog’s Food Bowl: Storing jewelry alongside pet food is both unclean and
unusual.
6. Fireplace Ashes: The ashes from a fireplace are the last place one would
think of storing a delicate necklace.
7. Shoe Sole: Tucking a pearl necklace into the sole of a shoe is an unexpected
and risky choice.
8. Fishing Tackle Box: A tackle box designed for fishing equipment is far from
suitable for jewelry storage.
9. Hollowed-Out Watermelon: Hiding jewelry inside a watermelon would be a
whimsical and impractical choice.
10. Tool Shed Toolbox: Storing jewelry in a toolbox designed for tools is un-
conventional and risky.

These containers not only provide an answer to your question but also illustrate
the unusual and impractical nature of storing a precious item like a pearl ring
necklace in them.

We have also present the new patterns given by GPT-3.5 in Tabel 2 as follows:

Table 2: New patterns created by GPT-3.5 and the levels of their concept pairs.

Category New Pattern Num of Pairs
Rated at Level 5

LC-Mis

Jewelry and improper storage 11 / 15
Flower and unconventional vase 10 / 15

Sport and unconventional equipment 13 / 15
Musical instrument and inappropriate venue 11 / 15
Sports equipment and mismatched locations 10 / 15
Household appliances and incorrect room 8 / 15
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Phase 4 - Creating Novel Concept Pairs by Merging Patterns Two
straight lines determine a plane. Once the points on the two lines are defined,
it’s available to guide GPT-3.5 to expand the new plane. This means GPT-3.5
can blend newly generated patterns with previous patterns, thereby generating
more LC-Mis concept pairs. Our instructions for GPT-3.5 are as follows:

Prompt: I found that the text-to-image model cannot draw some images spec-
ified by patterns. For example, the pattern "Beverage and wrong beverage con-
tainer" ("A and B") and the pattern "Jewelry and Impre storage" ("C and
D").
The pattern "Beverage and erroneous container" includes many concept pairs,
such as "iced coke in a tea cup", "green tea in a red solo cup", "Orange juice
in a coffee mug", and so on.
And another pattern "Jewelry and improper storage" also includes many con-
cept pairs, such as "Diamond necklace in toolbox", "Ruby earings in bird nest",
"Silver anklet in toilet bowl", and so on.
I hope to come up with more patterns that cannot be drawn based on these two
patterns. Can you help me come up with a few more patterns based on these two
patterns. In other words, I mean you to generate new patterns by recombining
the items in the two patterns I provided to you, rather than providing new
concept pairs in the patterns I gave. You need to use only the two patterns I’ve
provided and regroup things.
In the current case, "A" refers to beverage, "B" refers to beverage containers,
"C" refers to Jewelry, and "D" refers to storage. Give me the appropriate 2
patterns "A and D" and "B and C". Where "A" and "D" almost never occur
together, and "B" and "C" never occur together. For each new pattern, please
give me detailed concept pairs belonging to this pattern that the model may
fail to draw such an image.
Answer: Certainly, I can help you generate two new patterns "A and D" and
"B and C" based on your provided patterns "Jewelry and improper storage"
and "Beverage and erroneous container" These new patterns will involve combi-
nations that are less likely to occur together, and the model may have difficulty
drawing corresponding images.

Pattern 1: "A and D" - Beverage and Imperial Storage
In this pattern, we combine "Beverage" (A) with "Imperial storage" (D). These
two elements are quite different, and the challenge here would be to depict
beverages in an imperial storage setting.
1. Champagne in a treasure chest
2. Coffee in a fish tank
3. Soda in a bird nest
4. Tea in an ornate jewelry box
5. Red wine in a toolbox
......
(see next page)
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Pattern 2: "B and C" - Beverage Container and Jewelry
This pattern combines "Beverage container" (B) with "Jewelry" (C).
These elements typically have no connection, so the challenge would be
to depict jewelry inside beverage containers.
1. Diamond ring in a soda can
2. Gold necklace in a coffee thermos
3. Pearl bracelet in a beer mug
4. Sapphire earrings in a wine bottle
5. Ruby brooch in a cocktail shaker
......

These new patterns should provide a creative challenge for the text-to-
image model by combining elements that are not usually associated with
each other.

Human researchers then repeat the verification process used in Phase 1 to
verify these concept pairs. After thorough verification, we report the number of
concept pairs rated as Level 5 for each blended pattern in Table 3. It’s quite
surprising to discover that the validation results closely align with the expecta-
tions of human researchers, indicating that GPT-3.5 successfully integrates two
mutually orthogonal patterns.

Table 3: Blended patterns created by GPT-3.5 and the levels of their concept pairs.

Category Blended Pattern Num of Pairs
Rated at Level 5

LC-Mis

Jewelry and beverage container 12 / 15
Beverage and jewelry storage 10 / 15
Flower and beverage container 10 / 15

Beverage and flower vase 11 / 15
Sport and wrong beverage container 15 / 15

Unconventional equipment and beverage 12 / 15
Musical instrument and historical sites 10 / 15
Endangered species and musical scenes 9 / 15

Sports equipment in the wrong type of room 10 / 15
Locations with misplaced household appliances 12 / 15

Household appliances and location outside of origin 11 / 15
Incorrect room and local food 12 / 15

The whole process
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B Interaction in Sequential Concept Introduction

Here, we present the detailed interaction to guide GPT-3.5 to provide the most
logical sequence of two concepts and the description of them.

Prompt: I want you to act as an AI creative assistant. I have two concepts A
and B, and a sentence combining these two concepts together. I want you to
help me generate a brief visual description of each concept. Namely, a concise
description of what a given noun itself looks like, such as color, shape, or other
visual features. As short as possible. No background. No other objects.
In addition, if I tend to draw a picture using the sentence, please tell me which
concept I should draw first. For example, if a concept is a type of container,
we should draw such a container first. If a concept is a type of background, we
should draw such background first.
Now, the concept A is "a tea cup", B is "iced coke", and the sentence is "A
tea cup filled with iced coke". Please answer me with the descriptions of A
and B, and tell me which one to draw first.

Answer: Certainly, I can help you.
Concept A: Tea cup - A small, usually white or pastel-colored cup, often with
a handle, designed to hold hot beverages.
Concept B: Iced Coke - Dark, fizzy liquid with translucent ice cubes floating
within.

To draw the sentence "A tea cup filled with iced coke":
1. Draw the tea cup first (Concept A), as it acts as the container.
2. Then, fill the tea cup with the iced coke (Concept B).

C Comprehensive Explanation of MoCE

The whole process of MoCE actually contains two phases. For the first phase,
as depicted in Figure 2, Diffusion Models was asked to generate the image for
the selected substance to form a preparatory list including images of different
timestamps tT . From there, the second phase of MoCE, as shown in Figure 3 gets
in effect, which takes an image of specific timestamp tn from the preparatory
list as the input for the Diffusion Models in the second stage where the whole
sentence containing both substances was taken as the prompt. The selection of
the specific candidate from the preparatory list was determined by our scoring
model introduced in paper Section 4.

D Score Evaluation

By convention, evaluation metrics such as Clipscore and Image-Reward are usu-
ally used to gauge the correspondence between the generations and the input
entities quantitatively. These metrics utilize the cosine similarity between em-
beddings produced by Deep Neural Networks (DNNs). Nonetheless, they often
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A tea cup of
iced coke.

GPT-3.5

First draw:
“a tea cup”

First stage of
Diffusion Models

User

[               … …]tT tT-1 tn-1tnPreparatory List

Fig. 2: First phase of MoCE. Provided with a prompt, GPT-3.5 determines drawing
order. SDXL generates latent images at each step, storing them in a preparatory list.

[               … …]tT tT-1 tn-1tnPreparatory List

tn

Second stage of
Diffusion Models Scoring Model

Score of
“tea cup”

Score of
“iced coke”

If the score difference
is significant, repeat;
else output the image.

A tea cup of
iced coke.

Fig. 3: Second phase of MoCE. The second stage model takes an image from the
preparatory list and performs denoising. A specific selection process, utilizing the Multi-
Concept Disparity and binary search, was used to select a better image from the list.

fail to discern numerical values, transparent objects, and other crucial elements
readily identifiable by humans. In our paper Section 4, our proposed MoCE
uses the Multi-Concept Disparity (D) between the scores of 64 images (M) with
respect to 2 concepts (A and B) as the basis for performing a binary search:

D = S(M;A)� S(M;B) (1)

We use this metric to assist the demonstration our MoCE performance. Specifi-
cally, we assess the generation performance of both the baseline model (SDXL)
and our MoCE using the metric, D, in Equation 1, where D is calculated using
Clipscore or Image-Reward, denoted as D - Clipscore‡ and D - Image-Reward
respectively. Experiments are conducted on both the set of concept pairs at Level
5 and Level 1 to 4. We report the experimental results in Table 4. In comparison
to the baseline model, D - Clipscore of images generated by our MoCE is reduced
by more than half, and the D - Image-Reward is reduced by more than 1

3 , in

‡ To facilitate easier observation by human experts, we demonstrate the established
D - Clipscore at a magnification of 10�.
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either set of levels. It demonstrates MoCE’s ability to effectively restore the lost
concepts in images.

Table 4: Score Evaluation for our MoCE using both D - Clipscore (#) and D - Image-
Reward (#). We use concept pairs originally rated as Level 5 and Level 1 - 4.

Original Level Method D - Clipscore (#) D - Image-Reward (#)

Level 1 - 4 Baseline 0.91 1.10
MoCE 0.45 0.75

Level 5 Baseline 1.09 1.21
MoCE 0.55 0.79

E Ablation Demo

Here, we first demonstrate the ablation test on computational time. Figure 4
shows that the prompt switching time can be set between 20% and 40% of the
steps to optimize the time-performance tradeoff, thus optimizing the cost to 1�
or 2� at the same time.

Moreover, ablation test on dataset size is also conducted. Here we compare
3 models from datasets of varying sizes, as shown in Figure 5. Since DALL·E 3
is not open-sourced, we cannot apply MoCE to it. DALL·E 3 does perform well.
However, its detailed labeling process is labor-intensive,while at the same time,
our MoCE can be easily integrated into current models.

0 10% 25%

50% 100%75%

Fig. 4: Analysis for different prompt switching times on “a tea cup of iced coke."



Latent Concept Misalignment in Text-to-Image Diffusion Models 13

B
as
el
in
e

M
od
el

O
ur

M
oC
E

Conceptual Captions
Latent Diffusions

LAION – 5B
SDXL 1.0

Finely Labeled Dataset
DALL·E 3

Fig. 5: Comparison between baseline models and MoCE on various datasets with dif-
ferent sizes.

F Restoration Visualizations of Level 5

Here, we demonstrate more visualizations of images of Level 5 restored using
our MoCE. In spite of the given additional rich information, Midjourney fails
to correctly generate these images. While using the same text prompts, our
MoCE successfully retrieves the lost concepts as presented in Figure 6 and 7.
We also propose that in Figure 6 and 7, human experts judge “Hot Tea” based
on the transparency of the liquid and “Shanghai” based on landmarks such as
the Oriental Pearl TV Tower. These judgments are based on verified model
tendencies.

G Restoration Visualizations of Level 1 - 4

For images restored by baseline models by adding rich information, our MoCE
can also easily retrieve the lost concepts and increase the frequency of correct
generation, as presented in Figure 8 and 9.
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