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Abstract

The ability to understand visual concepts and replicate and
compose these concepts from images is a central goal for
computer vision. Recent advances in text-to-image (T2I)
models have lead to high definition and realistic image qual-
ity generation by learning from large databases of images
and their descriptions. However, the evaluation of T2I models
has focused on photorealism and limited qualitative measures
of visual understanding. To quantify the ability of T2I mod-
els in learning and synthesizing novel visual concepts (a.k.a.
personalized T2I), we introduce CONCEPTBED, a large-scale
dataset that consists of 284 unique visual concepts, and 33K
composite text prompts. Along with the dataset, we propose
an evaluation metric, Concept Confidence Deviation (CCD),
that uses the confidence of oracle concept classifiers to mea-
sure the alignment between concepts generated by T2I gener-
ators and concepts contained in target images. We evaluate vi-
sual concepts that are either objects, attributes, or styles, and
also evaluate four dimensions of compositionality: counting,
attributes, relations, and actions. Our human study shows that
CCD is highly correlated with human understanding of con-
cepts. Our results point to a trade-off between learning the
concepts and preserving the compositionality which existing
approaches struggle to overcome. The data, code, and inter-
active demo is available at: https://conceptbed.github.io/

1 Introduction

Humans reason about the visual world by aggregating en-
tities that they see into “visual concepts”: both cats and
elephants are animals, and both palms and pines
are trees. We use natural language to describe images
and things that we see. Although this type of visual con-
cept learning is well-defined in human psychology (Murphy
2004), it remains elusive in the context of data-driven tech-
niques capable of learning and reasoning from images and
their natural language descriptions.

Text-to-Image (T2I) generative models are trained to
translate natural language phrases into images that corre-
spond to that input. High-quality T2I models, therefore,
serve as a link between human-level concepts (expressed in
natural language) and their visual representations and are
one way to reproduce visual concepts. On the other hand,
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Figure 1: Visual concept learners such as textual inversion
models learn to “invert” a set of images (about a concept ¢)
into a text embedding V*, and then use this learned textual
concept in new text prompts to generate images of concept ¢
under different contexts and by performing novel compo-
sitions with other concepts. The proposed CONCEPTBED
dataset along with the evaluation metric CCD allows us to
comprehensively and quantifiably evaluate concept learning
abilities of text-to-image diffusion models.

this has also sparked interest in visual concept learning
(a.k.a. personalized T2I) through the procedure of “image
inversion” — to translate one or many images corresponding
to a visual concept into a latent representation of that visual
concept. While earlier methods primarily explored image
inversion using generative adversarial networks (Xia et al.
2022), methods such as Textual Inversion (Gal et al. 2022)
and Dreambooth (Ruiz et al. 2022) combine image inver-
sion with T2I — this has led to an effective way to quickly
learn concepts from a few images and reproduce them in
novel combinations and compositions with other concepts,
attributes, styles, etc. These methods aim to learn concepts
with minimal reference images by fine-tuning pre-trained
text-conditioned diffusion models (Figure 1). Therefore this
paradigm of T2I and image inversion is a powerful new way
of learning and reproducing concepts.

Within this paradigm of novel visual concept learning
via image inversion, two primary evaluation criteria have
emerged: (1) concept alignment, which assesses the corre-



spondence between the generated images and the target con-
cept images, and (2) composition alignment, which evalu-
ates whether the generated images maintain compositional-
ity. Previous studies have been small scale, evaluating only
a small number of hand-picked concepts and compositions;
as such making generic claims via such findings is diffi-
cult. Furthermore, the established evaluation metrics such as
DINO-based cosine similarity (Ruiz et al. 2022) (for mea-
suring concept alignment), KID (Kumari et al. 2022) (for
measuring the amount of concept overfitting), and CLIP-
Score (Hessel et al. 2021) (for evaluating compositionality),
have encountered challenges in accurately capturing human
preferences. Consequently, there is a growing need for better
automated evaluations.

Therefore, we introduce CONCEPTBED, comprehensive
dataset and evaluation framework that is aligned with hu-
man preferences. The CONCEPTBED dataset comprises 284
distinct concepts and approximately 33,000 composite text
prompts, which can be further extended using the provided
automatic realistic dataset creation pipeline. The dataset fo-
cuses on four diverse concept learning evaluation tasks:
learning styles, learning objects, learning attributes, and
compositional reasoning. To gain a deeper understanding of
previous methodologies, we incorporate four composition
categories — action, attribution, counting, and relations.

We use our large-scale dataset to evaluate concept learn-
ers, by developing a novel evaluation metric called Concept
Confidence Deviation (CCD). We conduct a human study
and find that relative evaluations of models in terms of CCD
are well aligned with human preferences. Therefore, CCD
combined with the CONCEPTBED dataset, offers an alterna-
tive to existing evaluation strategies, facilitating more effec-
tive large-scale evaluations. For each evaluation criteria, we
train supervised classifiers (oracles) to detect whether gen-
erated concept images are accurate. Subsequently, the con-
fidence scores from these oracles are utilized to calculate
the instance-level concept deviations of the generated con-
cept images in relation to the reference target ground truth
images using the proposed CCD metric. This approach en-
ables us to assess concept and composition alignment more
effectively. We further show that CCD calculated using a pre-
trained few-shot classifier also maintains a high correlation
with human preferences. This allows CCD to measure con-
cept alignment on unseen concepts.

We conduct extensive experiments on four recently pro-
posed concept learning methodologies. In total, we fine-tune
approximately 1100 models (one model per concept) and
generate over 500,000 concept-specific images. Our results
reveal a surprising trade-off between concept alignment and
composition alignment, wherein methods excelling at con-
cept alignment tend to fall short in preserving compositions
and vice versa. This suggests that previous concept learning
approaches are either highly overfitted or severely underfit-
ted. Furthermore, our experiments demonstrate that utilizing
a pre-trained CLIP (Radford et al. 2021) textual encoder aids
in maintaining compositionality, but it lacks the flexibility
required to learn complex concepts, such as sketch.

In summary, we make the following key contributions:

* We introduce CONCEPTBED, a comprehensive bench-

; ConceptBed Dataset ;
Domain s Attributes
Art Painting Objects . .
Cartoon Dogs Aircraft  Car Fruit Yellow Wing

Orange Beak
Brown Eyes

Photo Cats Boat Clock  Bird
Sketch Monkeys  Bottle Fish
80 concepts

Total: 284 unique concepts

4 concepts

112 attributes

ConceptBed Compositions
Attribute Relation Action Counting

V* with red beak | | V* with fish V*is licking herself | |Two V* sitting
V*’s ears are up V* sitting in bucket V*is running A photo of three V*
Ared V* eating A horse beside V* Ared V* eating Two V* with a cat

18987 Prompts 16902 Prompts 8014 Prompts 1083 Prompts

Figure 2: A summary of the CONCEPTBED dataset for large-
scale grounded evaluations of concept learners. The collec-
tion of concepts is categorized into three classes: (1) Do-
main, (2) Objects, and (3) Attributes. CONCEPTBED has 284
unique concepts and four compositional categories. Here,
V* is a learned concept.

mark for grounded quantitative evaluations of text-
conditioned concept learners.

* The Concept Confidence Deviation (CCD) evaluation met-
ric, measures the learners’ ability to preserve concepts and
compositions. We demonstrate a strong correlation be-
tween CCD and human preferences.

* Through extensive experiments with 1,100+ models, we
identify shortcomings in prior works and suggest future
research directions. CONCEPTBED sets a standard for
evaluating personalized text-to-image generative models.

2 Preliminaries

Prior studies on concept learning have focused on text-
conditioned diffusion models, such as Textual Inversion (Gal
et al. 2022), DreamBooth (Ruiz et al. 2022), and Custom
Diffusion (Kumari et al. 2022). These models operate within
the T2I paradigm, where a text prompt (y) serves as input
to generate the corresponding image (rgen) representing the
given prompt y. A popular approach within T2I is the La-
tent Diffusion Model (LDM) (Rombach et al. 2022), which
incorporates two key modules:

1. Textual Encoder (C' ): This module generates embed-
dings corresponding to the input text prompt;

2. Generator (e ): The generator estimates the noise itera-
tively from the input randomly sampled matrix at times-
tamp t (2¢), conditioned on the text.

Since T2I models solely consider text input, the target
concept (c) is represented in terms of text tokens. These to-
kens can subsequently be employed to generate images as-
sociated with concept c. Therefore, in Textual Inversion, the
concept learning task is approached as an image inversion
problem, aiming to map the target concept back to the text-
embedding space.

Let V" denote the text tokens corresponding to the learned
concept c. Once the optimal mapping from V" to the target
concept is determined, we can generate concept-specific im-
ages using the LDM by providing V* in the text prompt.



Algorithm 1: Concept Confidence Deviation

Input: Concept fine-tuned models G 2 fgcg, ¢ 2 CconcrrrBen;
Oracles Ft 2 TFp ac; Fimagenet; Fcues; Fvoag;
Reference set of concept images X "7 2 x.q;

Target set of prompts Y 2 fycg;

Output: Estimated CCD

1: Initialize: score = [J; p™*@' =[]
2: for ¢ 2 CconcerrBen do

3 real —

4. ift =V QA then

5: c=3

6: forx=|1:::Md0

7: pred (xi;c)

8: preal — 1 BMI real
: M i=1Pi

9: forn=1:::Ndo

10: Xgen = ge(Yc)

11: score 1 (F(xgen;C) p™3" // Eq. 39

12: ccb = g IS score;

Suppose we are provided with m images (X1:m) of the tar-
get concept c. Now, in order to learn the text tokens V" cor-
responding to the concept ¢ from the set of images X1.m, the
Textual Inversion methodology aims to optimize V" by re-
constructing X1.m using the objective function of the LDM
with frozen parameters 6 and ¢:

V = argmin E ji (Zutx;,C (Y)iiz (D)

v X2X1:m; t;
N (0;1); z E(X)

In the case of DreamBooth and Custom Diffusion, instead
of finding the optimal V", it optimizes the model parameter
¢ associated with the noise estimator (e ). This optimization
process enables the model to learn the mapping between ran-
domly initialized V" and the target concept c.

= argmin E i @zt C )iz @)

X2X1:m; t;
N (0;1); z E(X)
Once ¢* is obtained, it can be used to generate images re-
lated to the target concept.
Once the images are generated, in order to evaluate these
generated images, it is essential to verify whether they align
with the learned concepts while maintaining compositional-

1ty.

3 CONCEPTBED

In this section, we introduce CONCEPTBED, a compre-
hensive collection of concepts, designed to accurately es-
timate concept and composition alignment by quantifying
deviations in the generated images. Later, we introduce the
novel evaluation framework associated with CONCEPTBED.
Please refer to the Appendix for additional insights on the
proposed dataset and evaluation framework.

'DreamBooth and Custom-Diffusion use additional regularizer
to improve compositionally by using same objective function on a
diverse set of image-caption pairs.

Figure 3: Qualitative examples showcasing the effectiveness
of concept learners on the CONCEPTBED dataset. The left-
most column displays four instances of ground truth tar-
get concept images (V). Subsequent columns exhibit target
concept-specific images generated by all baseline methods.

3.1 CONCEPTBED: Dataset Construction

CONCEPTBED incorporates existing datasets such as Ima-
geNet (Deng et al. 2009), PACS (Li et al. 2017), CUB (Wah
et al. 2011), and Visual Genome (Krishna et al. 2017), en-
abling the creation of a labeled dataset. Figure 2 provides an
overview of the CONCEPTBED dataset.

Learning Styles. We use styles from the PACS dataset: Art
Painting, Cartoon, Photo, and Sketch. Each style
contains images corresponding to seven categories. The con-
cept learner aims to use examples from one style as a refer-
ence and generate style-specific images for all seven entities.

Learning Objects. Extracting object-level concepts is ac-
complished through the utilization of the ImageNet dataset.
It comprises 1000 low-level concepts from the Word-
Net (Fellbaum 2010) hierarchy. However, due to the pres-
ence of noise in ImageNet images and the lack of relevance
to daily life for many concepts, we employ an automated
filtering pipeline to ensure the usefulness and quality of the
reference concept images. The pipeline involves extracting
a list of low-level concepts and their parent concepts from



