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Abstract

We study the problem of building a visual concept li-
brary for visual recognition. Building effective visual con-
cept libraries is challenging, as manual definition is labor-
intensive, while relying solely on LLMs for concept genera-
tion can result in concepts that lack discriminative power or
fail to account for the complex interactions between them.
Our approach, ESCHER, takes a library learning perspec-
tive to iteratively discover and improve visual concepts.
ESCHER uses a vision-language model (VLM) as a critic
to iteratively refine the concept library, including account-
ing for interactions between concepts and how they affect
downstream classifiers. By leveraging the in-context learn-
ing abilities of LLMs and the history of performance using
various concepts, ESCHER dynamically improves its con-
cept generation strategy based on the VLM critic’s feed-
back. Finally, ESCHER does not require any human annota-
tions, and is thus an automated plug-and-play framework.
We empirically demonstrate the ability of ESCHER to learn
a concept library for zero-shot, few-shot, and fine-tuning
visual classification tasks. This work represents, to our
knowledge, the first application of concept library learning
to real-world visual tasks.

1. Introduction

How do humans recognize different visual categories? Con-
sider the example in Figure 1: while easily recognizable as
a pastry, distinguishing between a “donut” and a “beignet”
requires understanding visual concepts such circular shape
with a hole for the donut, puffy texture, and the presence
of powdered sugar specifically on the beignet. These vi-
sual concepts, including shape, texture, and the presence
or absence of specific features, enable us to make distinc-
tions between objects. Concept-bottleneck visual recogni-
tion [19, 30, 31] aims to leverage these discriminative visual
concepts, to enable vision systems to more accurately rec-
ognize a wider range of classes. Here, we study general
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Figure 1. An overview of ESCHER. Prior work: concept-
bottleneck visual recognition aims to leverage discriminative vi-
sual concepts to enable more accurate object classification. Ours:
ESCHER is an approach for iteratively evolving a visual concept
library using feedback from a VLM critic, to discover more effec-
tive visual concepts.

approaches for improving concept-bottleneck visual recog-
nition systems by evolving visual concept libraries to find
more effective concepts.

Existing concept-bottleneck visual recognition systems
typically leverage a Large Language Model (LLM) to gen-
erate a set of potential visual concepts relevant to the task,
then use a Vision-Language Model (VLM) to make pre-
dictions from these concepts. This process potentially
improves both interpretability and accuracy for classifica-
tion [19, 30, 31]. However, existing methods face limita-
tions: manually defined concepts are labor-intensive, and
LLM-generated concepts can be inaccurate or fail to ac-
count for interactions between them. We need more effec-
tive methods to construct and refine visual concepts. One
promising approach to improve visual concept learning is
to leverage library learning [6, 9, 10], which focuses on
building a reusable collection of components. While library
learning has shown success in domains that are naturally
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symbolically decomposable (e.g., equation learning [9]), it
is not well-explored for visual concept learning. Our key
insight is that library learning complements visual concept
learning by providing a structured and evolving repository
of concepts that is more effective for visual recognition.

To achieve this, we introduce ESCHER, a novel self-
evolving framework to automatically discover and refine a
library of visual concepts. ESCHER employs an iterative
algorithm where a VLM acts as a critic, providing feed-
back on the effectiveness of concepts generated by an LLM.
Specifically, the VLM evaluates the similarity between each
image and its associated concepts compared to other im-
ages. This evaluation, captured in a contrastive score, serves
as a feedback signal to guide the LLM in refining its gener-
ated concepts. Furthermore, ESCHER provides the history
of concepts and feedbacks to the LLM, enabling the LLM
to effectively learn from its past performance and improv-
ing its proposals over time. Through this iterative process,
ESCHER produces a set of concepts that are both accurate
and highly informative for the VLM, enabling it to make
more effective predictions.

Our approach offers several key advantages. First, it
is broadly applicable and complements a range of existing
concept-bottleneck visual recognition frameworks, includ-
ing those designed for zero-shot, few-shot, and fine-tuned
settings. This adaptability ensures that as LLMs, VLMs,
and visual concept learning frameworks continue to evolve,
ESCHER remains relevant and applicable to emerging tech-
niques. Second, ESCHER requires no human annotations or
labeled datasets, making it a plug-and-play solution for var-
ious visual recognition tasks. Finally, the iterative approach
of ESCHER leverages the in-context learning capabilities of
LLMs, allowing them to learn from their concept history
and generate increasingly effective concept concepts. This
iterative refinement process ensures that the concept library
continuously adapts and improves, leading to more accurate
and discriminative visual representations.

To summarize, our contributions are:

* We present ESCHER, a novel VLM- and LLM-based
framework for self-evolving visual concept libraries. Our
method does not require human-labeled data and can im-
prove the quality of the learned concepts via an open-
ended learning loop.

* We develop an iterative concept refinement algorithm,
leveraging the both the ability of VLMs to act as a critic
and the ability of LLMs to incorporate history, to improve
visual concepts based on past performance.

* We demonstrate that ESCHER is complementary to a
range of different state-of-the-art baselines, and our
learned concept library improves performance across
zero-shot, few-shot, and fine-tuned image classification
settings.

2. Related Work

Vision-language models. VLMs have emerged as power-
ful tools for a wide array of visual tasks, from visual ques-
tion answering to zero-shot image classification [2, 18, 23].
These models are typically trained on large datasets of
image-text pairs, enabling them to reason about the relation-
ship between these modalities. Some VLMs [11, 23, 32] are
trained using contrastive learning objectives to learn embed-
ding spaces aligned between image and text representations.
These models have shown promising results for zero-shot
and few-shot classification.

While VLMs have shown remarkable capabilities, they
have limitations that motivate exploring alternative ap-
proaches, such as concept-bottleneck models. One limi-
tation is their difficulty in perceiving and reasoning about
fine-grained visual concepts. For example, recent work has
shown that VLMs can struggle to distinguish between sub-
tle visual differences [26] . As such, despite recent ad-
vances, these models can still often fail with accurate vi-
sual recognition. The standard zero-shot method does not
provide any intermediate understanding or explanation of
the model’s reasoning process [19]. These challenges high-
light the need for more interpretable and controllable ap-
proaches to visual recognition, such as those offered by
concept-bottleneck methods.

Concept-bottleneck Visual Recognition Models. Our
work builds upon recent work on concept-bottleneck mod-
els [19, 22, 24, 30, 31, 33], which first identifies relevant
concepts using a vision language model (VLM), and then
uses those concepts to make a prediction. Compared to di-
rectly querying a VLM, this approach has advantages in-
cluding interpretability, (if the concepts are interpretable)
as well as stronger accuracy (if the concepts are useful in
capturing the classification task). Similar ideas predate the
rise of VLMs [12, 17], where a so-called concept bottle-
neck is built into neural network architectures, and concepts
are learned via end-to-end training. Recent algorithms for
learning concept-bottleneck models with VLMs generally
fall within two categories:

Non-parametric Algorithms: These methods focus
on improving the visual concepts by employing non-
parametric optimization techniques. One increasingly com-
mon approach is to use zero-shot queries to an LLM to se-
lect a list of concepts for each class that is useful for classi-
fication [19]. The aggregated score for a class is the mean
over the scores of the selected concepts. [5] follows the
LLM induction paradigm to initialize class concepts but,
borrowing ideas from genetic mutation, repeatedly queries
a finetuned LLM to generate new concepts and new con-
cept selections for each class — using binary classification
loss to rate each mutation. This mutation process focuses
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Figure 2. (Left) Existing work on concept-bottleneck visual recognition, where a VLM scores a set of concepts to perform classification.
The classification is based on the class with the maximum concept scores. (Right) ESCHER. (1) ESCHER follows previous work [19] in
instantiating a set of concepts for each class using an LLM. (2) It initializes a concept-bottleneck model and collect the predictions for a
classification dataset D = {(x;, yi)}ﬁil (labels optional). (3) A concept similarity heuristic identifies frequently confused classes. (4)
A history bank then stores relevant information to guide (5) the LLM sampling procedure for improved concepts that disambiguate these

classes. The new concepts are integrated into the next iteration.

on each class in isolation and must be repeated for each
class, which proves to be impractical for datasets with more
than 20 classes. ESCHER, instead, reasons jointly about all
classes and focuses on only those classes that are underper-
forming. As ESCHER is agnostic to the choice of VLM and
the number of samples needed for training, it is technically
possible to integrate the llm-mutate framework within ES-
CHER to maximize classification performance.

Parametric Algorithms: These methods focus on im-
proving the performance of a visual concept bottleneck
classifier by training parametric adapters on top of the
scores output by a frozen VLM model. These models may
also subsample concepts from the concept library. These
architectures generally consist of a ‘concept bottleneck’
[30, 31], with additional learning required such as a lin-
ear probing adapter or additional finetuning [24]. ESCHER
is agnostic to the choice of concept tuning method, and fo-
cuses on using such methods to guide the concept discovery
loop. One can ‘plug’ ESCHER into any of these other works
and observe a performance improvement while retaining the
key characteristics of the type of architecture used.

Library Learning. Library learning is an emerging direc-
tion of program synthesis that aims to automate the con-
struction of reusable components (libraries) for program
generation. This is often framed as a hierarchical Bayesian

optimization problem, where the goal is to simultaneously
learn the library of components and the optimal way to com-
bine them to solve a given task [0, 7, 16, 29]. While library
learning has shown promise in domains like equation learn-
ing [9], its application to visual concept learning presents
unique challenges.

Unlike domains that are naturally symbolically decom-
posable, visual concepts often exhibit complex and subtle
relationships that are difficult to capture with traditional li-
brary learning techniques. Moreover, the space of potential
visual concepts is vast and diverse, making it challenging
to design effective search strategies. Our work addresses
these challenges by introducing a novel library learning ap-
proach designed for visual concept discovery. By leverag-
ing a VLM as a critic and incorporating class resolution his-
tory into the LLM, our method can effectively explore the
space of visual concepts and construct a dynamic library
that adapts to the specific needs of the visual recognition
task.

3. Problem Formulation

Concept-Based Visual Recognition Our work is rooted
in the emerging area of concept-bottleneck visual recogni-
tion [19, 30, 31] (Figure 2). Given an image X, a set of
concepts C, and a label y, the basic setup is to use a vi-
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sion language model (VLM) to score the likelihood of each
concept ¢ € C for image x, denoted as scoreyiu(x,c).
We also write the vector of scores over all concepts as
scoreyu(x,C) . Afterward, the aggregate score of a label
y for image x is a weighted sum over the concept scores:
f(x,y) = w) scoreyu(x,C), where w,, can be either a
learned or fixed parameter vector.! Finally, classification
over a fixed label set ) is performed by choosing the class

that maximizes image-concept similarity.

T =a axw, ,C 1
Yy rgr;l@)}(wy scoreyu(x,C) (1)

This setup encompasses the bulk of recent work
in concept-bottleneck models for image -classification
[19, 30, 31] and helps considerably in fine-grained and
out-of-distribution classification scenarios. For instance,
while a class y = “SpaceX Starship” may not have been
seen during CLIP training, we can construct a reasonably
accurate and interpretable rocket classifier by aggregating
the likelihoods over the feature set: {f(x|c,) | ¢, €
[‘Stainless Steel Rocket’, ‘Grid Fins’, ‘Space X logo’]}.
Selecting this feature set can be automated using a
foundation model with access to an external database [25].

Typically, a concept-bottleneck model is developed by
predefining a fixed set of concepts C, and then finetuning
the weight matrix wy for each class. The optimization
objective is then chosen to maximize the performance of
the model and identify an interpretable set of concepts. A
Bayesian formulation is presented in Eq 3.

In contrast, scientists — when confronted with a new do-
main — rarely rely on a static set of concepts. The first reac-
tion of a scientist is to learn more about the domain and ex-
pand their conceptual knowledge base. This newly gained
knowledge is subsequently used to structurally discrimi-
nate between classes. For instance, even a trained ecolo-
gist might struggle to differentiate a Northern Curly-tailed
Lizard from a Florida Scrub Lizard due to lack of prior
knowledge, while a herpetologist can rely on their knowl-
edge of lizard physiology to identify the correct character-
istic feature difference

Visual Recognition with Latent Concept Libraries. We
model this evolving set of concepts as textual descriptions
drawn from a latent concept library. We frame the rela-
tionship between the latent concept library and the classi-
fication model as a Hierarchical Bayesian model consisting
of (i) a prior p(C) representing the natural distribution over
concept libraries; (ii) a model p¢(wy|C) that quantifies the
likelihood of assigning open-vocabulary classes for a given
concept library; and (iii) an evaluation function p(D|C) :=

'Some prior work uses a uniform vector for wy, [19].
2
https :

1970016

/
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argmax, y w, scoreyy(x,C) which grounds the perfor-
mance of a concept library using an image classification
dataset (D) and a VLM-based recognition engine. We as-
sume that the distributions p(C) and p(wy|C) can be ap-
proximated using LLMs. That is, we can prompt an LLM to
generate interesting concepts, and we can prompt an LLM
to generate and discover new concepts that adhere to an
open-vocabulary category. We also assume that the VLM-
based visual recognition engine is well calibrated for con-
fidence estimation. We now pose the problem of visual
recognition with latent concept libraries as one of simulta-
neously inducing an optimal set of concepts and an optimal
concept-bottleneck visual reasoning model:

wy, C* = arg max p(wy,C|D) )
’UJy,C
= argmax p(Dlwy) - p(wy|C) - p(C)
Wy,c N s e N
CBM training ByLLM ByLLM

4. Method

ESCHER performs a two stage evolution over the natural-
language concepts and the weight matrix assignment. The
two stages follow an alternating maximization strategy, as
illustrated in Figure 2: (1) Concept Bottleneck Optimiza-
tion: We fix a set of concepts and learn a concept-bottleneck
model that maximizes the fitness to the dataset (Fig. 2,
Left). (2) History-sensitive concept evolution: We leverage
the best model to identify classes that appear to be confused
and sample new concepts to resolve the confusion (Fig. 2,
Right).

The rest of this section first describes the classical
concept-bottleneck model maximization strategies. Then,
we discuss common heuristics for identifying confused
classes. Finally, we show how the classes can be disam-
biguated by sampling new concepts conditioned on feed-
back derived from previous evolutions.

Concept Bottleneck Optimization. Concept-bottleneck
models [13] generate their predictions by learning to lin-
early combine the intermediate predictions over a fixed set
of interpretable concepts. This yields a high-performing yet
interpretable classifier that can be used for downstream clas-
sification tasks. We focus on two paradigms within this field
for optimizing the adapter weight matrix.

Zero shot maximization. In this setting, the adapter
weights are instantiated by an LLM. Intuitively, the adapter
will take the form of a block diagonal matrix, where each
block represents the concepts selected by the LLM for a
particular class and each element in the block is assigned
the uniform weight 1/|c,|, where ¢, is the set of concepts
the LLM generates for a particular label y. As no labels are
needed, this paradigm generates extremely flexible classi-
fiers. However, the efficacy of the concepts is deeply tied to
the backbone VLMs ability to score fine-grained concepts.
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Algorithm 1 Pseudocode for ESCHER. ESCHER takes as
input a set of open vocabulary categories ), a dataset of
images D (labels optional), a pretrained vision-language
model fypm, an optional adapter w (We drop the -y sub-
script for readability), and three hyperparameters: the num-
ber of iterations 7', the decay rate - for repeated categories,
and the number of pairs to evolve /. ESCHER outputs two
artifacts: the adapter parameters after 7" iterations, wr, and
the corresponding evolved library of interpretable concepts

Cr.

1: function ESCHER(Y, D = {(x:,¥:)} oy, Ovim, T, 7, K)
2:  Co < INITCONCEPTS(Y) > Initialize concepts via
zero-shot LLM queries
3: Héi‘” < INITHISTORY (Y, T') > Track concepts and
feedback for each class pair per iteration
for ¢ in range(7") do
w{‘ < ﬁt(wt, Ct, D, GVLM)
y evaluate(D, Ovim, wy)
{r”}z “i=1 < CALCULATESIMILARITY(¥)

H") « UPDATEHISTORY({ri;})
similarity of y; and y; for iteration ¢

9: sij < COMPUTESAMPLEPROB(r;;, [(f f]),y)

A A

> Store the

10: {ri; i+ subsample({r”}, 54)
11: for each (z j) € {7-”}1 do

12: e® &) CONCEPTEVOL(yl,y]7C(i),Ct(j), H[(f;f]))
13: e e u{e®)

14: cP P Uy

15: H,fi{) — UPDATEHISTORY(CEQDCt(fl) > Store the

updated concepts for iteration ¢ + 1
16: W41 < w:
17: Ct+1 — C
18:  return wr,Cr

Few shot / Fine-tuned maximization.  Under this
paradigm, the adapter weights are instantiated as a learnable
linear layer of shape RICIXIYI As the set of concepts can
grow very large, most approaches subsample the set of con-
cepts as well. The linear layer is trained with cross-entropy
loss, often with various regularizers [30]. In the few-shot
setting, the number of images per class is fixed while in the
fine-tuned setting, no restriction is placed on the number of
images. This adapter training approach also overcomes the
inherent weakness of the zero shot setting, as concepts that
do not add to the performance of the model can be down-
weighted or ignored by the linear adapter.

Heuristics for disambiguation. After maximizing the
model for the given set of concepts,the CALCULATESIM-
ILARITY function identifies classes that are confused with
each other. This function takes as input a matrix of scores
for the dataset of images y € RV*IYI. Each value in y
indicates the image-class similarity. We leverage this ma-

trix of scores to identify classes that are confused with each

other across the images in the dataset. {r; J}Z “j—1 denotes
the list of all possible confusion scores. ESCHER’s modular
framework allows us to admit any heuristics to model this
confusion score. We list several heuristics to measure this
disambiguation signal that perform well empirically. Addi-
tional studies are presented in § 8.4, Figure 4, and Figure
5.

* Top-k Confusion Top-k confusion is computed by sort-
ing each row in descending order of score and keep-
ing the top k class predictions. That is: r;; =
confusion_mat(sort(y)[:, : k). Consult Figure 4 for more
insight into how this heuristic works.

» Correlation: We compute Pearson’s correlation between
each class 7;; = corrcoef(y ). Pearson’s correlation
measures linear correlation between two classes (y; and
;) with -1 denoting maximal negative correlation and 1
denoting maximal positive correlation. This is visualized
in Figure 5. The hyperparameter k differs from the hy-
perparameter K which tracks the number of classes to
disambiguate.

» Agglomerative Clustering: ldentifying classes with sim-
ilar response signals can be viewed as an unsupervised
clustering problem over the columns of y. The number of
clusters is kept as a tunable hyperparameter, and choose
the values of 7;; by greedily bottom-up traversing the den-
drogram.

* Confusion Matrix: ESCHER assumes no access to labels
during evolution. However, if labels are provided, we can
construct a confusion matrix to identify classes that are
confused for each other.

History-sensitive concept evolution. Each value in
{ri; }€ represents two classes that the model is unable to
discriminate between. This suggests that the model lacks
the correct discriminative concepts in the concept space C
to conceptually separate y; and y;. Now we use the CON-
CEPTEVOLUTION function, which uses a zero-shot prompt
to extract a list of natural language concepts for both classes
(¢;, ¢;) that add additional concepts useful for disambiguat-
ing y; and y; to the concept library.

This task requires good reasoning skills, so we provide
the model with a scratchpad to enhance the model’s reason-
ing abilities [21]. More details are presented in § 8.5.

This process is repeated for each pair of confused
concepts. However, the CALCULATESIMILARITY func-
tion generates |)|? pairs in each iteration, and process-
ing all such pairs is extremely inefficient for real-world
datasets. To increase feedback generation efficiency, we
only sample the top K pairs from a random distribution
weighted by the confusion coefficient score and a penalty
for repeat confusions which increases exponentially, con-
trolled by a decay parameter . This is implemented as
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COMPUTESAMPLEPROB (75, H[(f:’tj]),y) where the size of

H [(f :’i]) indicates the number of times the (7, 7)™ classes have
been confused for each other. The ~ parameter helps guard
against classes that are often misclassified due to failures in
the backbone ViT model.

Additionally, each pairwise disambiguation can cause
collisions with other classes in later iterations, which makes
it likely that some class pair will need multiple rounds of
feedback. If we generate feedback in isolation, the model is
likely to regurgitate previously proposed features. To ensure
that each new round of feedback generates novel and inter-
esting concepts, we borrow ideas from the program syn-
thesis literature [1] and append past ‘execution traces’ to
the model query. This history-conditioned prompt is pre-
sented in Figure 6. We maintain a history of past evolutions
for each pair (y;, y,) along with the similarity score derived
from the VLM critic’s score of the modified concepts ¢; U¢;
and c; U ¢;. Concretely, INITIALIZEHISTORY instantiates
this datastructre, and UPDATEHISTORY updates the rele-
vant fields in each iteration (the new concepts added to class
1 and j in iteration ¢ and the class confusion score in iter-
ation ¢ 4 1 after incorporating feedback). These functions
are explored in more detail in § 8.10.

5. Experiments

ESCHER is a meta-algorithm that aims to enhance the
performance of concept-bottlenecked models (CBMs) by
learning a library of concepts using an alternating maxi-
mization loop. Such CBMs operate in diverse data regimes,
with some models requiring no human labels [19] and oth-
ers requiring a fully annotated classification dataset ([30]).
Our experiments focus on studying whether ESCHER can
improve the performance of such preexisting algorithms
that are characteristic of the data regime they operate in,
with no additional modifications (§5.1, §5.2, and §5.3)

In addition, §5.4 presents an ablation of ESCHER’s li-
brary learning component, and §5.5 explores ESCHER’s
performance under various LLM and VLM backbones.
More studies are presented in the Appendix (§ 8).

Datasets. We demonstrate the effectiveness of ESCHER
on seven fine-grained and general purpose classification
datasets that generally fall within three categories: fine-
grained classification datasets with scientific applications
(NABirds [27] and CUB [28]), fine-grained classification
datasets with general purpose applications (Food-101 [3],
Stanford Cars [14], Flowers-102 [20]), and general purpose
categorization datasets (CIFAR100 [15]).

Evaluation. We extend three concept-bottleneck visual
classification models with publicly available and repro-
ducible codebases at the time of writing: LM4CV (fine-

tuned adapter), LaBO (few shot adapter), and Classify by
descriptions (zero-shot adapter) [ 19, 30, 31]. We follow pre-
vious work in using Top-1 accuracy to evaluate the perfor-
mance of the CBM model on the test set of the classification
dataset.

Methodology. All experiments begin with an ini-
tial set of concepts generated with a backbone LLM
(gpt-3.5-turbo-0125 [4]). A CBM conditioned on
these concepts produces logits for the images in the valida-
tion set, and a heuristic identifies classes that are confused
for each other. The specific heuristic and hyperparameters
vary depending on the task and underlying algorithm, and
grid-searching for such hyperparameters proves to be prac-
tical and effective. We use a generic history-conditioned
prompt presented in Fig. 6. We use a ViT-L/14 CLIP model
[23] as the vision backbone for all experiments unless oth-
erwise clarified.

5.1. Comparison against fine-tuned baselines

LM4CV LMA4CV+ESCHER

CIFAR-100 84.48 89.63
CUB-200-2011 63.26 83.17
Food101 94.77 94.90
NABirds 76.58 78.21
Oxford Flowers 94.80 96.86
Oxford IIIT Pets 92.50 92.86
Stanford Cars 86.84 93.76

Table 1. Top-1 accuracy of LM4CV [30] and LM4CV evolved
with ESCHER on multiple fine-grained classification problems.
ESCHER improves upon LM4CV’s performance in all datasets
while utilizing no extra human annotations.

Setup. For each dataset, we generate an initial set of con-
cepts using queries to gpt—3.5-turbo and a generic vi-
sual concept learning prompt. We use LM4CV’s suggested
hyperparameters wherever possible. We run 60 iterations
of ESCHER. Similarity is computed using the Top-k con-
fusion metric (k = 3), only the top 50 pairwise confusions
are evolved, and decay rate - is set to 1/30 (i.e.: after 30
repeated evolution calls, the value drops to half of the origi-
nal). LM4CV and LM4CV+Escher are trained for the same
number of steps per iteration with the same batch size and
learning rate.

Observations. Our observations are presented in Table 1.
We draw three observations from this experiment. First,
LMA4CV + ESCHER achieves a higher Top-1 accuracy than
vanilla LM4CV on all datasets, suggesting that learning a
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concept library is an effective axis of improvement. Sec-
ond, LMACV+ESCHER significantly improves the perfor-
mance of LM4CV on datasets where the initial accuracy is
low, and finally, LM4CV+ESCHER did not require any hu-
man provided information to achieve this result.

5.2. Comparison against few-shot baselines

8 shot 16 shot
Dataset LaBO LaBO+ESCHER LaBO LaBO+ESCHER
CIFAR100 74.23 73.62 77.67 77.23
CUB 72.78 73.37 78.75 78.79
Food101 87.02 86.10 88.49 88.50
Oxford Flowers  95.66 95.37 97.69 97.80
Stanford Cars 75.07 75.99 81.48 82.56

Table 2. Top-1 accuracy for LaBO and LaBO evolved with Es-
CHER on multiple fine-grained classification datasets in a few-shot
learning setting. LaBO benefits from ESCHER’s library guidance
in the 16 shot setting more than in the 8 shot setting. We observe
mixed results on ESCHER’s efficacy in the few shot domain.

Setup. Our setup for LaBO follows the same setup as
that of LM4CV. We evaluate all datasets for 8 shot and 16
shot. This setup necessitates a balanced set of images for
each class. We drop NABirds from this evaluation, as some
NABirds classes contain as low as 3 images per class. We
keep the same hyperparameters as our LM4CV experiments
but do not use a decay rate as the number of repeat classifi-
cations is generally unproblematic.

Observations. We observe mixed results in few-shot
evaluation, with similar performance compared to the base-
line on all datasets except for Stanford Cars, which showed
modest improvement, and CIFAR100, which showed very
modest deterioration (Table 2). In general, LaBo+ESCHER
performs considerably better in the 16-shot setting com-
pared to the 8-shot setting. We hypothesize these mixed
results are induced by poor calibration of LaBO’s CBM’s
and as a result of model overfitting on the few available la-
bels for each class.

5.3. Comparison against zero-shot baselines

Setup. Our zero shot setup compares against Clas-
sify by Descriptions. We sample all concepts from
gpt-3.5-turbo. We use the same hyperparameters as
LMA4CV experiments, except for setting the decay rate to
50. We continue to use the ViT-L-14 backbone mode.

Observations. Our observations are presented in Table 3.
Overall, we find that CbD’s performance improves consis-
tently for all datasets when we evolve the concepts with Es-
CHER. The relative improvement in performance is less

Dataset | CLIP | CbD  CbD+ESCHER
CIFAR-100 73.30 | 76.20 77.80
CUB-200-2011 | 64.83 | 62.00 63.33
Food101 92.51 | 93.11 93.58
NABirds 53.53 | 53.61 54.30
Oxford Flowers | 74.51 | 79.41 81.37
Stanford Cars 74.53 | 75.65 77.14

Table 3. Top-1 accuracy of CLIP (ViT-L/14) [23], Classify by De-
scriptions (CbD) [19], and CbD evolved with ESCHER on multiple
fine-grained classification datasets in a zero-shot learning setting.
CbD+ESCHER improves upon CbD’s performance in all datasets.

than that in LM4CV as the backbone (CLIP ViT-L-14)
model’s output scores are less calibrated than those pro-
duced by the finetuned adapter, which leads to noisier it-
erations.

5.4. Library Learning Ablation

Dataset LM4CV LM4CV LM4CV
+ Many Concepts + ESCHER
CIFAR-100 84.48 86.91 89.63
CUB-200-2011 63.26 66.09 83.17
Food101 94.77 94.77 94.90
NABirds 76.58 76.28 78.21
Oxford Flowers 94.80 94.51 96.86
Oxford IIIT Pets ~ 92.50 92.02 92.86
Stanford Cars 86.84 86.84 93.76

Table 4. Top-1 accuracy of an ablation of ESCHER’s library learn-
ing component. For LM4CYV, we replace the concepts learned with
library learning with an equal number of concepts sampled from an
LLM. We find that concepts evolved with ESCHER still outperform
naively sampling more concepts — suggesting that feedback from
a VLM critic is essential for LMACV+ESCHER’s performance.

ESCHER focues on using zero shot disambiguation
queries to maximize the performance of a concept library.
To do this, ESCHER makes asymmetrically more calls to a
zero-shot LLM model than the baseline (which only sam-
ples concepts once). To verify that ESCHER’s performance
is not simply a result of more concepts or more number of
LLM calls, we rerun LM4CV with three times more con-
cepts per class than the initial set of concepts (for a total of
3810 concepts). These concepts are sampled with the same
LLM backbone we use in ESCHER. This represents an ab-
lation on the Library learning component used in ESCHER.

Results are highlighted in Table 4. We find that
LMA4CV’s performance does not significantly improve even
given the same number of LLM sampled concepts as
LMA4CV+ESCHER. This suggests that (1) the library learn-
ing component is essential for concept evolution and (2)
sampling concepts without taking into account feedback
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After iteration with ESCHER,
the baseline correctly predicts
this to be a Male Ring-necked
pheasant because:

With no iterations, the baseline
confuses this for an Female
Ring-necked pheasant
because:

While the true class has
lower aggregate activation
because:

This is a Male
Ring-necked pheasant.

Average 0.2869)

§  shorter tail feathers compared to the| 0.2972
male ring-necked pheasant| e
brown or tan feathers with black and 0.2915
white markings

long, pointed tail feathers!

yellow or orange legs and feet 0.2899

Average Average!

long, pointed tail feathers 0.2921
red face and wattles 0.2899

metallic green head and neck] 0.2948|
teetering walking motion 0.2944
long, pointed tail feathers 0.2921

medium-sized blrd distinct white ring around the neck distinct white ring around the neck| 0.2955

Figure 3. A qualitative example of evolving concepts with CbD+ESCHER in NABirds. Initially, the model is confused between two similar
categories with almost the same mean CLIP activation indicating that the concepts provide a coarse categorization signal, but miss subtle
nuances. After training with ESCHER, the feedback mechanism identifies new characteristic features (e.g. metallic green head and neck)
enabling the correct classification. Additional examples are provided in § 8.6.

from the VLM results underperforms integrating a VLM
‘critic’ into the library learning loop.

We visualize qualitative results of concepts for each
dataset and corresponding activated images in the supple-
mentary material.

5.5. Backbone VLM/LLM Ablation

ViT-B/16 CLIP | LM4CV  LMA4CV | CbD CbD

+ESCHER +ESCHER

CIFAR-100 63.20 81.35 81.72 67.70 69.90
CUB-200-2011 57.06 | 70.90 7717 56.16 56.16
Food101 87.24 | 92.00 92.20 88.51 89.19
NABirds 44.56 | 66.69 68.71 45.25 45.25
Stanford Cars 61.86 80.87 81.82 65.96 66.34

Table 5. Top-1 accuracy for evolving ESCHER with a weaker LLM
(Llama-3.3-70B-4bit) and visual critic (ViT-B/16). ESCHER con-
sistently improves the performance of LM4CV and CbD across
datasets.

ESCHER is a meta-algorithm that enhances the perfor-
mance of existing CBMs. The performance of such mod-
els is inherently bottlenecked by the quality of their CLIP-
based visual backbone for capturing concept-image rela-
tionships and the quality of the GPT-based language back-
bone for querying relevant concepts. In this experiment,
we investigate whether ESCHER can accelerate CBMs us-
ing other VLM/LLM backbones. Concretely, we instantiate
LM4CV and CbD with a new backbone LLM (4bit quan-
tized Llama—-3.3-70B-Instruct [8]) and with new
backbone VLMs (ViT-B/16 and ViT-B/32). These back-
bones are slightly weaker than the base models used in other
experiments. As a result, we expect an overall reduction in
performance and a weaker learning signal from the visual
critic. We maintain the same training and evaluation setup
as used in other experiments.

Observations. Results for these experiments are pre-
sented in Table 5 (for ViT-B/16) and in the Appendix Ta-
ble 10 (for ViT-B/32). Overall, we observe that CBMs tend
to perform better when paired with stronger backbones. Ad-
ditionally, in every case, refining CBMs iteratively using
ESCHER leads to better performance than relying on a fixed
set of concepts.

6. Conclusion

We present ESCHER, a framework for evolving visual con-
cept libraries for visual recognition. ESCHER iteratively up-
dates the library using a VLM as a critic to guide an LLM
to generate more effective concepts. This process also en-
ables the LLM to incorporate past histories of the feed-
back from the VLM. Notably, ESCHER does not require any
additional annotations, and is compatible with a range of
concept-bottleneck visual recognition systems. We demon-
strate our results on concept-bottleneck models in zero-shot,
few-shot, as well as fine-tuned settings.

One direction of future work is to further improve the
performance of evolving visual libraries on few-shot set-
tings, by incorporating few-shot learning into the library
evolution process and allowing the algorithm to leverage
limited labeled data. Additionally, we aim to study the ap-
plication of our approach to more complex visual reasoning
tasks, where the learned concept libraries could provide a
foundation for higher-level reasoning. By demonstrating
the potential of combining library learning and concept-
bottleneck visual recognition, we aim to encourage further
research at this intersection, towards the development of
more robust, interpretable, and intelligent visual recogni-
tion systems.
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