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A [o] woman …

A [x] man …

Figure 1. Contrastive Concept Instantiation (CoCoIns) is a generation framework that achieves subject con-
sistency across multiple independent generations without fine-tuning or reference images. Unlike prior work that
requires customization fine-tuning, adopts an additional encoder for references, or generates images in batches, Co-
CoIns creates instances of concepts with unique associations connecting latent codes to subject instances. Given
a latent code (o/x), CoCoIns converts it into a pseudo-word ([o]/[x]) that determines the appearance of a subject
concept. By reusing the same code, users can consistently generate the same subject instances across generations.

Abstract

While text-to-image generative models can synthesize diverse and faithful content, subject
variation across multiple generations limits their application to long-form content generation.
Existing approaches require time-consuming fine-tuning, reference images for all subjects,
or access to previously generated content. We introduce Contrastive Concept Instantia-
tion (CoCoIns), a framework that effectively synthesizes consistent subjects across multiple
independent generations. The framework consists of a generative model and a mapping
network that transforms input latent codes into pseudo-words associated with specific con-
cept instances. Users can generate consistent subjects by reusing the same latent codes. To
construct such associations, we propose a contrastive learning approach that trains the net-
work to distinguish between different combinations of prompts and latent codes. Extensive
evaluations on human faces with a single subject show that CoCoIns performs comparably
to existing methods while maintaining greater flexibility. We also demonstrate the potential
for extending CoCoIns to multiple subjects and other object categories. The source code
and model weights are available at https://contrastive-concept-instantiation.github.io.
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1 Introduction
Text-to-image generation has made remarkable advances (Rombach et al., 2022; Saharia et al., 2022; Podell
et al., 2023), opening up numerous downstream applications, including editing and style transfer. Among
these applications, maintaining subject consistency has been a long-standing challenge in long-form content
creation, including storytelling (Li et al., 2019), comics (Wu et al., 2024a), and movie generation (Tulyakov
et al., 2018; Polyak et al., 2025). These applications consist of sequences of images and clips, where consistent
characters and objects facilitate recognizing subjects across scenes and following narratives.

While numerous approaches have been explored to ensure subject consistency, they are often labor-intensive
or time-consuming. One straightforward approach is to gather all existing generations and manually swap
generated subjects with reference subjects using face swapping (Nirkin et al., 2019; Bitouk et al., 2008).
Another direction is to customize generators by optimizing virtual word tokens or �ne-tuning model weights
to represent reference subjects and produce new generations (Gal et al., 2023a; Ruiz et al., 2022). To reduce
the overhead of tuning generators, recent methods (Wei et al., 2023; Ye et al., 2023) incorporate additional
encoders that convert references into representations. However, these methods still require users to prepare
references for all subjects.

In contrast to addressing each generation individually, one can generate all images in a batch, allowing
samples within the batch to interact and achieve consistency (Tewel et al., 2024; Zhou et al., 2024; Liu et al.,
2025). Speci�cally, the target prompts are merged into the same batch, and the latents of all samples are
processed together, allowing subjects within the batch to converge toward a similar appearance. Although
these approaches achieve promising results, they require storing generated outputs to recreate the same
subjects in the future.

We propose a generation framework that maintains subject consistency across individual generations with-
out manual swapping, �ne-tuning, or preparing references. Building such a framework presents numerous
challenges. While we aim to generate a consistent subject appearance from a concept, preserving diversity
among all instances of the concept remains important. Since the generator is already trained and exhibits
high diversity and generalizability, we need to strike a balance betweenminimizing variation among the same
subject instances across individual generations whilemaintaining diversity between di�erent instances. Addi-
tionally, collecting large-scale, high-quality data organized by subjects is challenging. Training the generator
directly on annotated subjects in low-quality datasets could hamper both output quality and diversity.

To minimize variation among instances of the same subject while preserving diversity among di�erent in-
stances, we introduce a latent space to model the distribution of instances for each concept. The proposed
method is motivated by common practices in natural and programming languages. If a user provides su�cient
descriptions that encompass every intricate aspect of a concept, the generator may be able to consistently
output the same appearance. Although covering comprehensive details is impractical with the limited vocab-
ulary of human language, prior work on customizing generative models has shown the e�cacy of pseudo-words
(Gal et al., 2023a; Ruiz et al., 2022), which can convey essential information to represent particular subject
instances. Our framework is built upon instantiating concepts (Anderson et al., 1976; Dershowitz, 1985) via
pseudo-words. We associate codes in the latent space with speci�c concept instances in the output space, as
if creating instances identi�ed by latent codes. These latent codes are embeddings sampled from the space,
taken as input by the generation framework, and transformed into pseudo-words that guide the generator to
synthesize speci�c instances.

To establish the association between input latent codes and output subject instances, we develop a lightweight
mapping network that converts a latent code into a pseudo-word, which is then combined with a concept
token to represent a speci�c instance of the concept. We then develop a contrastive learning strategy to
train the mapping network. Instead of relying on subject annotations, the model learns to di�erentiate latent
codes by comparing its own outputs generated from various combinations of prompts and latent codes. This
self-supervised paradigm enables scalability and generalizability while avoiding the need to learn directly
from limited data.

We refer to our generation framework asContrastive Concept Instantiation (CoCoIns) . As illustrated
in Figure 1, given a concept in a prompt indicating a subject (e.g. woman), the framework creates an instance
of that concept by transforming a sampled latent code into a pseudo-word (e.g. [o] in the example prompt)
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that describes the concept. Each latent code and its transformed pseudo-word is uniquely tied to a speci�c
instance and can be utilized for future generations. Di�erent latent codes yield di�erent instances, showcasing
the preserved output diversity.

We conduct experiments on human images and perform systematic evaluations, including generating portrait
photographs and free-form images. We achieve favorable subject consistency and prompt �delity compared to
batch-generation approaches. We also demonstrate early success in extending our approach to multi-subject
and general concepts. The main contributions of this work are:

ˆ To the best of our knowledge, we propose the �rst subject-consistent generation framework for multiple
independent generations without �ne-tuning or encoding references.

ˆ We develop a contrastive learning method that avoids reliance on limited subject annotations while
preserving output quality and diversity.

ˆ We perform extensive evaluations and demonstrate favorable performance compared to approaches that
require time-consuming �ne-tuning or batch generation.

2 Related Work

Subject-Driven Generation. One approach to subject consistency is based on subject-driven generation,
which aims to generate customized content according to user-provided input. By learning new tokens (Gal
et al., 2023a; Voynov et al., 2023; Tewel et al., 2023) or model weights (Ruiz et al., 2022; Kumari et al., 2023;
Han et al., 2023; Ruiz et al., 2024), pretrained generative models can be customized to produce outputs
based on speci�c references. Textual Inversion (Gal et al., 2023a) learns virtual tokens that capture subject
information inverted from reference images. DreamBooth (Ruiz et al., 2022) �ne-tunes the parameters of
pretrained models and learns unique identi�ers that represent references. While subject consistency can
be achieved by customizing each target concept with user-provided references, these methods are time-
consuming as they require �ne-tuning for every subject.

To reduce the time and computational cost of tuning-based methods, another line of research incorporates
additional encoders to obtain representations from reference images, which generative models take as con-
ditions via augmented prompt embeddings (Wei et al., 2023; Shi et al., 2024; Xiao et al., 2024; Li et al.,
2023; Wang et al., 2024a; He et al., 2024; Chen et al., 2023; Gal et al., 2023b; Avrahami et al., 2023), self-
attention (Ding et al., 2024; Wang et al., 2024b), or cross-attention (Wei et al., 2023; Shi et al., 2024; Jia
et al., 2023; Ye et al., 2023; Wang et al., 2024b; 2025). In addition, some approaches (Valevski et al., 2023;
Wang et al., 2024d; Li et al., 2024; Peng et al., 2024; Papantoniou et al., 2024; Wu et al., 2024b; Yue et al.,
2024) focus solely on speci�c domains,e.g. human faces, in exchange for adopting more powerful encoders
dedicated to those domains,e.g. face recognition models (Deng et al., 2022). While encoders ease the tuning
process, users still need to prepare reference images for all target concepts. Designing speci�c mechanisms to
insert reference features into generative models is also necessary. In contrast, our approach operates in the
text embedding space, o�ering the potential to be applied to a wide range of text-based generative models.

Subject-Consistent Generation. While subject-driven generation produces new generations featuring
the same subjects as references, another line of work focuses on generating a set of images with consistent
subjects from a set of prompts. The Chosen One (Avrahami et al., 2024) iteratively selects a cluster of similar
images and �ne-tunes the model using that cluster. Consistory (Tewel et al., 2024), JeDi (Zeng et al., 2024),
and StoryDi�usion (Zhou et al., 2024) utilize the self-attention features of all samples in a batch. However,
these approaches are less �exible as they require access to other samples or features when performing new
generations. 1Prompt1Story (Liu et al., 2025) consolidates all prompts into a single lengthy prompt in a
speci�c format, where multiple context settings for a subject follow a single description of that subject. This
format limits the expressiveness of the prompts. In contrast, we achieve subject consistency with greater
�exibility by treating each generation independently while retaining complete prompts.

Storytelling. Generating coherent stories (Li et al., 2019) requires maintaining character consistency over
time. Some approaches (Rahman et al., 2023; Pan et al., 2024; Liu et al., 2024; Shen et al., 2025; Maharana
et al., 2022) utilize cross-attention to access information from previous frames and prompts. Others introduce
a memory bank (Maharana et al., 2021), perform auxiliary foreground segmentation (Song et al., 2020), or
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Figure 2. Overview of Contrastive Concept Instantiation (CoCoIns) . We develop a contrastive learning
approach to build associations between input latent codes and concept instances. For each training image, we
generate two descriptions and randomly sample two latent codes z1 and z2 . The mapping network transforms the
latent codes into pseudo-words w1 and w2 . We then construct a triplet of combinations of descriptions and latent
codes. We build (a) an anchor sample with description embedding e� modulated by inserting w1 before the target
concept token, (b) a positive sample e+ with a similar description modulated with w1 , and (c) a negative sample e�

with the same prompt as the anchor but modulated with a di�erent pseudo-word w2 . The network is trained with a
triplet loss to di�erentiate approximated images x̂ � , x̂ + , and x̂ � from denoiser predictions �̂ � , �̂ + , and �̂ � .

generate particular reference characters (Gong et al., 2023; Shen & Elhoseiny, 2023; Wang et al., 2024e).
These methods often involve training on storytelling datasets and focus on generating complete stories or
continuing existing ones. Our approach emphasizes equipping existing generative models with the ability to
maintain subject consistency.

StyleGAN. Our generation framework shares similar insights with StyleGAN (Karras et al., 2019; 2020).
Both methods use a mapping network to transform input latents into an intermediate and more disentangled
latent space. The space in StyleGAN enables better control over generated image attributes by modulating
the generator through adaptive instance normalization (Huang & Belongie, 2017). In our framework, the
intermediate latents operate in the same space as text embeddings, enabling better manipulation of subject
appearances via text conditions. CharacterFactory (Wang et al., 2024c) also learns a mapping network that
maps random noise to virtual tokens associated with human names in a celebrity dataset. These virtual
tokens can produce consistent identities but lack control over semantics and attributes.

3 Methodology

Our goal is to maintain subject consistency across individual generations without time-consuming �ne-
tuning or labor-intensive reference collection. We introduceCo ntrastive Co ncept In stantiation (CoCoIns),
a generation framework that models concept instances in a latent space and uniquely associates latent
codes with output concept instances via contrastive learning. We introduce the base text-to-image model in
Section 3.1, then describe the framework in Section 3.2 and the contrastive learning strategy in Section 3.3.

3.1 Text-to-Image Di�usion Models

We explore subject consistency in the context of text-to-image generation and base our approach on a latent
di�usion model (Rombach et al., 2022; Podell et al., 2023). We utilize a pretrained text-to-image model
comprising an autoencoder (Kingma & Welling, 2014), a text encoder (Radford et al., 2021), and a denoiser.
Given an imageI and a prompt P, we obtain the latent image representationx and prompt embedding e
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via the autoencoder and text encoder, respectively. The denoiser� � reverses the di�usion process:

x t =
p

� t x +
p

1 � � t �; � � N (0; I ); (1)

where � 1:T 2 (0; 1]T is a decreasing sequence, by predictinĝ� from the noisy image x t , prompt e, and
timestep t:

�̂ = � � (x t ; e; t): (2)

3.2 Instantiating Concepts

To generate consistent instances of a concept, we model the distribution of instances in a latent space and
associate latent codes in the space with concept instances in output images. As illustrated in Figure 2, a
mapping network takes a latent code as input and produces a pseudo-word, which conveys the necessary
descriptive details to create a particular concept instance. The framework thus achieves subject consistency
by generating the same subject with a �xed latent code across multiple generations.

The proposed mapping network transforms a latent code into a virtual word token, which is then inserted into
the prompt embedding and guides generation alongside other words. Lete 2 Rs� d denote the embedding
of a prompt P obtained via dictionary lookup, where s is the sequence length. The concept token that a
user wants to generate consistently (e.g. man in Figure 2) is at location i . Given a latent code z 2 Rc, the
mapping network f : Rc ! Rd produces a pseudo-word embeddingw 2 Rd that represents an instance:

w = f (z); z � N (0; I ): (3)

Then we insert the output w into the prompt embedding e at location i before the concept token and obtain
the modulated prompt embedding ê:

ê = insert (e; w ; i ); (4)

where insert denotes the insertion operation. The modulated prompt embeddingê is further encoded by
the text encoder and serves as the text condition during generation.

3.3 Contrastive Association

We aim to establish unique associations between input latent codes and pseudo-words that represent visual
instances in the output images, such that a latent code can be reused to generate the same concept instance.

A naïve way is to train the network f to synthesize subjects from a dataset with identity annotations, such
as face recognition datasets (Huang et al., 2008; Liu et al., 2015). However, we empirically �nd that training
with common noise prediction (Ho et al., 2020) often compromises the generalizability and output quality
of the generator, as these datasets are typically collected from data domains that are much narrower than
the pretraining data of the generator. The network learns to synthesize subjects from these datasets, but
it may over�t to the limited distributions. Thus, we develop a contrastive learning approach that does not
require identity annotations, allowing us to train the mapping network in a self-supervised manner.

Constructing Triplets. We prepare multiple combinations of prompts and latent codes. As illustrated in
Figure 2, the same prompts (e.g. �a man on a soccer �eld ...�) are paired with di�erent latent codes, and
a similar prompt ( e.g. �an image captures a man playing soccer ...�) is paired with the same latent code.
The network is trained to generate pseudo-words that, when inserted into prompts, guide the synthesis of
speci�c instances.

Speci�cally, we prepare an image and a triplet of prompts for each training sample. The triplet consists of
(a) an anchor prompt, (b) a positive prompt, and (c) a negative prompt. The anchor prompt is a caption
describing the image, modulated by a latent code. The positive prompt is another description of the image,
modulated with the same latent code. The negative prompt has the same caption as the anchor prompt but
is modulated with a di�erent latent code. Formally, let e1 and e2 denote the embeddings of two descriptions
P1 and P2 of the image I . Here, z1 and z2 denote two di�erent latent codes, and i and j are the locations
of target concept tokens ine1 and e2, respectively. We create an anchor prompte� , a positive prompt e+ ,
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and a negative prompt e� via

e� = insert (e1; w1; i ); e+ = insert (e2; w1; j ); w1 = f (z1);

e� = insert (e1; w2; i ); w2 = f (z2):
(5)

Then, we construct three noisy image latents to be paired with the three prompt embeddings. Since, in
practice, a user may perform multiple generations with di�erent initial noises, we obtain the noisy image
latents by adding two di�erent noises, � 1 and � 2, sampled from a normal distribution, to the image latent
x to maintain subject consistency across multiple generations. We add the same noise to the anchor and
negative samples to create a challenging scenario:

x �
t =

p
� t x +

p
1 � � t � 1; x +

t =
p

� t x +
p

1 � � t � 2; x �
t =

p
� t x +

p
1 � � t � 1; (6)

where x �
t , x +

t , and x �
t denote the anchor, positive, and negative noisy image latents, which are then paired

with the modulated prompt embeddings e� , e+ , and e� , respectively, to form the inputs to the denoiser.

Building Association. To encourage the generative model to synthesize subjects associated with pseudo-
words, we apply a triplet loss (Schro� et al., 2015) to the denoiser outputs �̂ � , �̂ + , and �̂ � of the anchor,
positive, and negative samples, pulling the anchor and positive samples closer while pushing the negative
sample away. Since consistency is meaningful only in image latents rather than noise, we �rst obtain the
predicted image latentsx̂ � , x̂ + , and x̂ � with DDIM (Song et al., 2021) approximation. Then, the distances
between the three approximated latents are measured via

L con = L dis (x̂ � ; x̂ + ) + � neg �
1

L dis (x̂ � ; x̂ � )
; (7)

where L dis denotes a distance function. Note that we empirically �nd that the common form of triplet loss
with subtraction leads to less distinction between di�erent input latent codes; thus, our triplet loss is based
on the reciprocal of the distance between the anchor and negative samples.

Subject Masks. Furthermore, since we only pursue subject consistency across images rather than similarity
of entire images, we calculate the loss only in subject regions by applying masks to the output images. Subject
masks can be obtained through an o�-the-shelf referring segmentation model (Kirillov et al., 2023; Liu et al.,
2023b; Ren et al., 2024), which annotates pixels corresponding to input words. Letm denote the mask with
boolean values that covers the pixels of target concepts. We replaceL dis (�; �) with L m

dis (�; �) in Eq. (7) to
denote the masked distance function with maskm, where L m

dis (x; y) = L dis (m � x; m � y).

Background Preservation. With the aforementioned subject mask m, we negate the subject mask to
obtain the background mask ~m = 1 � m. The background preservation loss is de�ned to minimize the
distance between the backgrounds of the images generated with and without the pseudo-words:

L back = L ~m
dis (x̂ � ; x̂ 1) + L ~m

dis (x̂ + ; x̂ 2) + L ~m
dis (x̂ � ; x̂ 1): (8)

Here x̂ 1 and x̂ 2 are DDIM approximations of the denoiser outputs � � (x t ; e1; t) and � � (x t ; e2; t), respectively.
The �nal loss function consists of the contrastive and background preservation losses:

L = � con � L con + � back � L back ; (9)

where � con and � back are weights balancing the two losses.

4 Experimental Results

4.1 Implementation Details

Architecture. We implement the mapping network f as an n-layer MLP and leverage Stable Di�usion
XL (Podell et al., 2023) as the text-to-image di�usion model. We train only the mapping network f , with
all other model weights frozen.
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Figure 3. Qualitative comparisons on Portraits from (a) StoryDi�usion (Zhou et al., 2024), (b) Consistory (Tewel
et al., 2024), (c) 1Prompt1Story (Liu et al., 2025), (d) DreamBooth (Ruiz et al., 2022), and (e) CoCoIns. The left four
columns are generated with a man as the subject, and the right four with a woman. We achieve subject consistency
without generating images in batches or performing reference �ne-tuning.

Negative Distance Weight Schedule. We empirically �nd that the distance between anchor and negative
samples is often too large at the beginning of training. The model tends to ignore the randomly initialized
input latent codes and produces identical outputs. Therefore, we implement the weight of negative distance
� neg = 
 (k=K ) � as an increasing function over training steps, wherek and K are the current and total
training steps, and 
 and � are hyperparameters.

4.2 Experiment Setups

We conduct comprehensive experiments on single-subject human faces with our approach, followed by mul-
tiple subjects and other object categories. More details on data collection can be found in Appendix D.

Training. We train the mapping network using the CelebA dataset (Liu et al., 2015), which comprises
20K images and 10K identities. We generate prompts with the captioning model LLaVA-Next (Liu et al.,
2023a) and masks with the zero-shot referring segmentation model Grounded SAM 2 (Kirillov et al., 2023;
Liu et al., 2023b; Ren et al., 2024).

Evaluation. We design two prompt sets for comprehensive evaluation:

ˆ Portraits : This set evaluates face similarity with clear frontal faces. It contains 1K sentences composed
of the template �A [subject] is looking at the camera.�, where [subject] is one of {man, woman, boy, girl ,
person} . Each subject contains 200 sentences, resulting in a total of 1K samples.

ˆ Scenes: This set represents real-world performance with free-form prompts, where face poses and angles
vary. It comprises 1K sentences generated by a Large Language Model (LLM) (Ouyang et al., 2022). We
prompt the LLM to generate sentences of the same �ve subjects doing something in diverse situations,
including four settings: daily lives, professional environments, cultural or recreational occasions, and
outdoor activities, each with 50 samples.
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Table 1. Quantitative performance on Por-
traits . We achieve comparable consistency and bet-
ter diversity compared to approaches that generate
images in batches.

Sim" Div " CLIP "

CelebA 0.590 0.992 0.299

Consistory 0.356 0.774 0.218
StoryDi�usion 0.637 0.577 0.217
1Prompt1Story 0.307 0.611 0.228

Ours 0.600 0.799 0.193

Table 2. Quantitative performance on Scenes. We
achieve the best face similarity while maintaining similar
subject diversity and prompt �delity compared to other
methods. In addition, we generate images independently,
enabling high �exibility for future generations.

Sim" Div " CLIP " DS"

Consistory 0.098 0.883 0.297 0.383
StoryDi�usion 0.159 0.814 0.290 0.407

Ours 0.256 0.847 0.290 0.388

We measure subject similarity and diversity overPortraits and Scenes. For faces, we estimate face similarity
(Sim) and diversity (Div) of cropped and aligned images. Face similarity is the pairwise cosine similarity of
ArcFace (Deng et al., 2022) embeddings between images with the same identity. To estimate diversity, we
�rst average the face embeddings for each identity. We then calculate the pairwise cosine similarity between
the averaged embeddings of all identities.

Since Scenesconsiders images in real-world applications where faces are not always clear and large, we
calculate DreamSim (Fu et al., 2023) (DS), a learned perceptual distance aligned with human preference,
for subject similarity. We also measure prompt �delity for both sets using CLIP, which computes the cosine
similarity between the projected embeddings of the CLIP text and image encoders.

Evaluated Methods. We evaluate our method against tuning-free subject-consistent generation and
tuning-based customization. Tuning-free schemes include Consistory (Tewel et al., 2024), StoryDi�u-
sion (Zhou et al., 2024), and 1Prompt1Story (Liu et al., 2025). Since tuning-based methods require �ne-
tuning for all subjects, which incurs heavy computational costs, we use DreamBooth (Ruiz et al., 2022) as
an example and present only quantitative results.

4.3 Empirical Results

Table 1 shows the quantitative performance onPortraits , and Figure 3 displays two subjects, a man and
a woman, each with four images, generated by all approaches. We measure the similarity (Sim) and di-
versity (Div) of the training dataset CelebA for reference. Although StoryDi�usion exhibits the highest
similarity, even surpassing CelebA, its diversity remains low. Subjects generated from di�erent batches with
di�erent initial noise converge toward a similar appearance. Our approach achieves comparable similarity
to StoryDi�usion and CelebA while generating diverse subjects.

We demonstrate examples fromScenesin Figure 4 and present the quantitative performance in Table 2.
We compare our approach against Consistory and StoryDi�usion because 1Prompt1Story does not support
free-form prompts. It operates with a speci�c prompt structure where a subject description is followed by
multiple context descriptions. Our model performs favorably on face similarity while performing comparably
on diversity and �delity.

4.4 Ablation Study

Consistency Loss. We analyze the e�cacy of triplet loss in maintaining consistency. We calculate face
similarity and diversity on Portraits and evaluate prompt �delity on Scenes. Table 3 shows the performance
of applying the loss of only positive distance (Pos), positive and negative distance (Pos + Neg), using the
common form of triplet loss with negative distance subtraction (subtract), and setting the weight of negative
distance as an increasing schedule over training iterations. The four settings yield similar prompt �delity,
while implementing negative distance, the reciprocal form, and the weighting schedule enhances performance.

Background Loss. We also evaluate the e�ect of removing background preservation loss under the same
test sets. As shown in Table 4, using only consistency loss results in unsatisfactory face similarity and �delity.
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Figure 4. Qualitative comparisons on Scenes from (a) StoryDi�usion Zhou et al. (2024), (b) Consistory Tewel
et al. (2024), (c) DreamBooth Ruiz et al. (2022), and (d) CoCoIns. 1Prompt1Story Liu et al. (2025) is absent
because it requires a speci�c prompt format with uni�ed subject descriptions. The left and right four columns show
two di�erent subjects in diverse contexts. The prompts can be found in Appendix D.

Table 3. Performance of ablating consistency loss.
We train the network with the distance from the positive
sample (Pos) and the reciprocal of the negative sample
(Neg). Instead of the common triplet loss with subtrac-
tion of negative distances (subtract), we minimize its re-
ciprocal and apply a weighting schedule that increases
over training iterations (Schedule). The �nal setting
achieves the best face similarity and diversity with sim-
ilar prompt �delity.

Sim" Div " CLIP "

Pos 0.394 0.500 0.293
Pos + Neg 0.492 0.750 0.290
Pos + Neg (subtract) 0.380 0.444 0.294
Pos + Neg + Schedule 0.600 0.799 0.290

Table 4. Performance of ablating background
loss. In addition to the triplet loss for consistency
(Consistency Loss), we adopt a segmentation mask
(Mask) to control the variation region and a back-
ground preservation loss (Background) to keep back-
grounds close to the original predictions, thereby sig-
ni�cantly improving face diversity and prompt �delity
while maintaining similar face similarity.

Sim" Div " CLIP "

Consistency Loss 0.444 0.395 0.138
+ Mask 0.619 0.352 0.128
+ Mask + Background 0.600 0.799 0.290

While training with masked distances (+ Mask) without preserving backgrounds yields slightly higher face
similarity, it results in low diversity and �delity. In this setting, although the loss is calculated only within
masked regions, the model modi�es non-masked regions, possibly due to the self-attention mechanism, which
allows information to interact globally. Applying background preservation (+ Background) signi�cantly
improves diversity and �delity.

Prompt and Noise Combinations. We compare strategies for constructing training triplets. We evaluate
the performance of using the same two prompts or creating noisy latent images with the same noise for anchor
and positive samples. Table 5 shows that using di�erent prompts and noise achieves the best similarity and
nearly the same prompt �delity.

Training with Subject Annotations. We show results from directly training the mapping network as a
noise prediction problem on CelebA. Figure 5 shows that the model learns to maintain subject consistency,
but the output quality is also a�ected by the limited, low-quality data.
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Table 5. Performance of prompt and noise com-
binations for constructing training triplets. Com-
pared to using the same prompts (= ) or noise for the
anchor and positive samples, using two di�erent ( 6= )
prompts and noise yields the best face similarity and
diversity with similar prompt �delity.

Prompts Noise Sim" Div " CLIP "

= 6= 0.548 0.686 0.290
6= = 0.306 0.772 0.292
6= 6= 0.600 0.799 0.290

Figure 5. Results of training the mapping network
as a noise prediction problem. The network over�ts
to the dataset and generates low-quality images.

Figure 6. Results of general concept consistency.
Our approach makes no assumptions about object cat-
egories. It can potentially be applied to other concepts
such as cats, dogs, and cars.

Figure 7. Results of multi-subject consistency.
Given two di�erent latent codes, the model trained on
single-subject images can maintain consistency for mul-
tiple subjects.

4.5 Extensions

General Concepts. Since our approach imposes no constraints on subject classes, we also demonstrate
that it can be applied to general concepts. We train the model with animal (Choi et al., 2020) and car (Yu
et al., 2015) images. The examples in Figure 6 show that the model can potentially be applied to more
concept categories beyond humans.

Multi-Subject Consistency. In addition to analyzing single subjects, we demonstrate our ability to
maintain consistency across images with multiple subjects. Figure 7 contains two sets of examples of a man
and a woman in di�erent settings. We use two di�erent input codes for the two subjects and generate the
images with the model trained on single-subject data. While the model has never seen two faces in an image,
it can identify face regions and maintain consistency for multiple subjects. Despite some entanglement
and in�uence between subjects, the results demonstrate the potential to extend the model to multi-subject
scenarios.

5 Conclusion

In this work, we propose Contrastive Concept Instantiation (CoCoIns), the �rst approach to achieve subject
consistency without the need for time-consuming �ne-tuning and labor-intensive reference collection. Our
key idea is to model concept instances in a latent space and train a mapping network using contrastive
learning to associate latent codes with output concept instances. We demonstrate its e�cacy on single-
subject human faces and extend it to multi-subject scenarios and general concepts. We believe this work
establishes a foundation for controllable content creation.
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