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Abstract

Mastering fine-grained visual recognition, essential in many expert domains, can re-
quire that specialists undergo years of dedicated training. Modeling the progression
of such expertize in humans remains challenging, and accurately inferring a human
learner’s knowledge state is a key step toward understanding visual learning. We
introduce CleverBirds, a large-scale knowledge tracing benchmark for fine-grained
bird species recognition. Collected by the citizen-science platform eBird, it offers
insight into how individuals acquire expertize in complex fine-grained classification.
More than 40,000 participants have engaged in the quiz, answering over 17 mil-
lion multiple-choice questions spanning over 10,000 bird species, with long-range
learning patterns across an average of 400 questions per participant. We release
this dataset to support the development and evaluation of new methods for visual
knowledge tracing. We show that tracking learners’ knowledge is challenging,
especially across participant subgroups and question types, with different forms of
contextual information offering varying degrees of predictive benefit. CleverBirds
is among the largest benchmark of its kind, offering a substantially higher number
of learnable concepts. With it, we hope to enable new avenues for studying the
development of visual expertize over time and across individuals.

1 Introduction

Dedicated practice and expert instruction from knowledgeable teachers are essential ingredients for
students tasked with mastering new subjects and concepts. However, providing access to high quality,
yet affordable, instruction at scale is time consuming and expensive [8]. As a result, researchers have
looked towards alternative, computer-assisted [61]], tools in an attempt to overcome these hurdles.

At the heart of an effective automated tutoring system is a computational model of the human learner.
The goal of these models is to observe the learner as they engage with the teaching material at hand,
represent the learners’ knowledge state, and estimate any potential knowledge gaps they may have.
This task, also known as knowledge tracing (KT), has a long history in the literature [3]. Early
solutions modeled human mastery of the material being learned via latent variable probabilistic
models [[10,|11]]. More recent approaches have advocated for the use of deep learning-based solutions
[60] which, while effective at capturing more complex relationships, can require large quantities of
data to train. However, current datasets for quantifying the performance of different KT methods
are typically concentrated around a small number of subjects such as mathematics [12} 29} 50, [74]],
programming [57]], and language learning [14! 40].

In this work, we attempt to address a gap in the existing available benchmark datasets for KT. This is
motivated by the fact that there are a large number of domains where learners wish to learn visual
identification skills, e.g., in medicine, art, and biology, to name a few. Many of the tasks in these
domains can be posed as classification problems, where the human learner attempts to learn the
decision boundaries between different concepts (i.e., different semantic classes). One such domain
is animal species classification. For example, there are now a number of online platforms where

39th Conference on Neural Information Processing Systems (NeurIPS 2025) Track on Datasets and Benchmarks.



Quiz User History Question

Options: A, B, C,D 5
User's Guess: a
‘ “‘ | é ‘ : Model Pred.
+ —5 B
2108 g

/'N
KJA B

A A A
Correct Answer: | A C D C D C D C @ C D

Human Learning Knowledge Tracing

Figure 1: (Left) Human Learning. Participants learn from the quiz questions contained in Clever-
Birds through repeated interactions. For each question, participants are presented with an image of a
bird species and a list of possible species names (here { ‘A’, ‘B’, ‘C’, ‘D’}), which may include the
correct answer. After making a guess, they receive feedback in the form of the correct answer (here
‘A’). This process is repeated for multiple questions. (Right) Knowledge Tracing. We illustrate the
prediction task, in which a model is given a participant’s interaction history together with the current
question’s image, options, and correct answer, and is tasked with predicting the participant’s guess.

members of the public report sightings and locations of different species from all around the world,
which in turn is providing valuable data for science [9]]. The challenge for the participants in these
projects is that the number of visual concepts (i.e., species) can be very large. For example, even if
only restricted to the case of birds, there are over 11,000 different species worldwide. Compounding
this difficulty is the fact that discriminating between certain species can require very fine-grained
knowledge [[75] as some species can look very similar to others.

To advance the development of KT methods in the context of fine-grained classification tasks we
introduce the CleverBirds dataset. CleverBirds embodies a challenging real-world classification task
and contains a large number of interactions generated by human participants who are attempting to
learn how to identify different bird species from images. The core task is depicted in Fig. [T where a
learner is presented with a sequence of multiple-choice questions and the aim is for them to correctly
identify the bird species depicted in the images shown. Example questions from the dataset are shown
in Fig.

We make the following contributions: (1) We introduce CleverBirds, a new large-scale benchmark
for visual knowledge tracing. Our dataset contains over 10,000 visual unique concepts and more
than 17 million total interactions from over 40,000 unique participants, with half of the participants
having answered over 100 questions each. It provides a new benchmark for obtaining insights
into human learning in the context of fine-grained visual classification. (2) We quantitatively
evaluate a range of computational approaches on CleverBirds and demonstrate that it is a challenging
benchmark, not only to human participants, but also to the computational methods tested. We
evaluate these baseline methods under varying levels of input context, and show how different
types of information can impact predictive accuracy. Links to the dataset and code are available at
https://cleverbirds-benchmark.github.io.

2 Related Work

Knowledge Tracing (KT). KT methods aim to model student knowledge acquisition over time
such that they can predict how a given student will perform on future interactions [3]]. Effective
models of human learning have a wide array of applications in the context of intelligent tutoring
systems [[61] and machine teaching [82]. Traditional KT approaches are based on probabilistic
models of student mastery [15[], but multiple extensions have been proposed to address some of
the simplifying assumptions that were commonly made by earlier models, e.g., by incorporating
individual-specific learnable parameters [[78]], by estimating concept difficulty [S8]], or by modeling
more complex dependencies between concepts [39].

More recently, there has been a growth in the number of deep learning-based KT approaches
proposed [65]]. Various architectures have been explored such as recurrent networks [52}160L[77]], graph
neural networks [53170,[76], attention-based models [32} |56 57], memory augmented models [1}81],
hierarchical approaches [47, 73], and explainable methods [6]]. There have also been attempts to
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Figure 2: Three examples of the types of quiz questions found in our CleverBirds dataset. In each
case, there are four options representing different species and an additional “None of the above
option”. The correct answer is indicated in . Any of ve options are valid answers and the set of
candidate species provided in the option set are different for each question.

utilize contextual knowledge extracted from large language models to better encode interactions
between concepts and questidBg, 45]. Deep KT methods can capture complex interactions and
longer range temporal dependencies, but at the cost of requiring larger training datasets [31].

Datasets of Human Learning. There are a large number of benchmark datasets that have been
utilized to quantify the performance of different KT methods. These datasets are typically distin-
guished in terms of the number of human learners (i.e., participants), the number of knowledge
components/concepts (e.g., subtraction’' could be a concept in the context of mathematics), the
number of unique questions, and the total number of interactions (i.e., each student may not attempt
all questions). Synthetic datasets have the advantage of enabling controlled testing as the underlying
generative process is knowd(]. However, evaluation in simulation is not a substitute for performing
experiments using data from real human participants. The most common source of data comes from
mathematical education, e.g29 42, 66, 67, 74]. The largest of these datasets consist of millions of
interactions with thousands of students and can also contain additional auxiliary inforna@ion [
However, existing datasets are typically limited in the number of overall concepts contained within
them. Beyond mathematics, other popular domains include linguiddtsdrogramming 80, 40],

and general education games [40].

Most relevant to our benchmark are the small number of datasets targeting image classi cation tasks.
While not precisely image data?23] perform experiments on a dataset containing spectrograms
derived from gravitational wave observations from the Gravity Spy citizen science pi@jgcthe

goal for participants is to classify each spectrogram into one of a discrete set of classes representing
21 different types of “glitches'. This dataset does not explicitly target a learning setting, i.e., itis
not necessarily the case that the participants get better over time. The authdiBgiofrpduce

three datasets for evaluating human learning of ne-grained visual concepts. Their datasets contain
images of ve species of butter ies, three classes of conditions of human retinas, and three classes
of synthetic "greebles'. Each dataset only contains 6,750 interactions which were obtained using
participants from an online crowd working platform. For each of the three datasets, there are less
than one thousand total images. We summarize the statistics of current KT datasets in Table A3.

In contrast to existing image-based datasets, our CleverBirds benchmark contains a much larger
number of possible concepts that can be learned, i.e., 10,779 different species of birds from all around
the world. In addition, the participant pool spans a range of expertize levels and is sourced from
engaged individuals that volunteered to participate based on their interest in the problem domain.

3 CleverBirds Dataset

Here we describe our CleverBirds dataset. We outline the original collection protocol, the steps we
undertook to re ne it, and we describe the high-level statistics of the dataset.

Quiz Composition. The CleverBirds dataset is sourced from an online bird species identi cation
quiz [16] created by the citizen science project eBiB8][ In the quiz, users (i.e., participants) are
shown an image and asked to guess which bird species, from a list of options, is present in the
image shown (see Fig. 2 for examples). It was rst published online in March 2018 to encourage
users to provide image quality ratings for new image uploads. The images contained within the
quiz are sourced from citizen scientists who upload images, along with a proposed species label
indicating the species present in the image, to the Macaulay Libi&ty This proposed species

label is cross-referenced with a list of species expected to be found in the geographic location, and
a volunteer expert reviewer is consulted for unlikely cases (i.e., an image identi ed as containing



Figure 3: Left to right: Cumulative distribution of quizzes attempted per user on a log scale,
distribution of users' average accuracies, distribution of species-wise average user accuracies, and
average user accuracy by number of prior exposures to a species.

a speci ¢ species that is not typically found in that area). Data labeling errors from these types of
citizen science efforts can occur, but are low. For example, on iNaturalist, the error rate for bird
species identi cation has been found to be 3.3% [36].

Quiz images are sampled from images that have been uploaded within the last 5 to 365 days and
contain proportions of both images with no quality ratings, and images that have quality ratings of at
least 2.4 out of 5 possible stars. This allows for unrated images to be quality-labeled through use of
the quiz, while keeping enough high quality images in the quiz for the users to learn from. Users
are asked to rate image quality by sharpness, visibility of the bird, size of the photo and watermarks,
while allowing for ocks and birds in-hand1]. Additionally, users are encouraged to skip questions

that are unanswerable, for example because multiple bird species are visible within one image. To
further increase dif culty, the candidate answer options are selected to be taxonomically similar to
the correct species. Speci cally, options are drawn from a sliding window over the taxonomic list
centered around the true species present in the image shown.

Graphical Interface. Users initiate a quiz by selecting parameters such as a location, time of year,
and species prevalence, which are used to generate quiz questions. For example, if a user selected
Edinburgh, Scotland, May 15th, and "likely' species, they would only be presented with questions
featuring common birds that would be expected to be found in that region at that time of year. Note,
users have the option to select an audio quiz, whereby audio recordings are played instead of them
being shown images. However, we only use the image quiz data as it is much more prevalent. Users
are then guided through a set of 20 multiple-choice questions. For each question, an image of a bird
is shown along with ve answer choices: four species names and a “None of the above” option. Users
can optionally skip any question. After submitting an answer, the correct species is revealed, and
they are asked to rate the image quality on a scale of 1 to 5.

Data Filtering. CleverBirds is based on all quizzes completed online from March 14th 2018 to
October 8th, 2024. To prevent over tting on speci ¢ users, we split the dataset by user ID into
training, validation, and test sets. Aiming for a 70/15/15 split, users are assigned to the training
set until it comprises 70% of interactions, then we continue to the validation set and nally the test
set. This results in 28,100 users in training, 6,021 in validation, and 6,023 in test, corresponding
to 70.6%, 14.6%, and 14.8% of interactions, respectively. To respect image licenses, we do not
provide the original images shown to users, but instead provide embeddings for each image using
DINOv2 [55] with a ViT-B/14 backbone28], as well as a ResNet5@4] pretrained on ImageNeRp)|.

For DINOv2, we average-pooled the nal layer's patch tokens after LayerNorm, excluding special
tokens. For ResNet-50, we use the output of the global average pooling layer before the classi er.

To encode historical interactions, we construct a unique mapping for all species labels that appear in
the dataset either as correct answers, or candidate options, and use it to encode the user's histories. In
case of “None of the above” (NOTA) selections, the user's answer is encoded with a special token.

Dataset Characteristics.CleverBirds captures the learning dynamics of a diverse user population
on a challenging real-world ne-grained classi cation task. It contains 17,859,392 user interactions,
of which 98% involve unique image-species-choice combinations, and 26% contain unique species-
choice pairs. 83% of images are never seen more than once, resulting in 14,753,114 distinct image
features using the ImageNet ResNet50. For DINOv2, we provide 14,747,840 features, the discrepancy



Figure 4: (Left) Here we compare lower quality quiz images (upper row) to high quality ones obtained
from eBird species' pages (bottom row). Quiz questions may contain images that show birds from a
distance, partially obscured, or uncommon angles. Species from left to right: Buf ehead, California
Towhee, Dark-eyed Junco, and Blue-gray Gnatcatcher. (Right) Here we show the average accuracy
of users for each possible quality rating. We observe that on average that higher quality images are
easier for users.

(5,274) arising from the fact that DINOv2 was extracted later and images get deleted by the image
owners over time. In our baselines, we treat unavailable images as zero inputs.

With over 10,000 species, CleverBirds spans a broad taxonomic range and exhibits wide variation in
user engagement. As shown in the rst panel of Fig. 3, over 50% of the 40,000+ users answered 100+
guestions, and over 10% exceed 1,000 questions, enabling the analysis of learning dynamics over
time. Users encounter a mean of 138 distinct species, and 10% encounter more than 300. Panel 2 and
3 of Fig. 3 show that the distribution of accuracies across users and species is broad, and centered
around 60-70%. User improvement is observable, with over half of users showing measurable gains
over sliding windows of 20 questions (one full quiz), making the dataset valuable for studying skill
acquisition and feedback-driven learning. Panel 4 of Fig. 3 also illustrates this trend, as within the
rst 20 times a user sees a particular species, their accuracy increases by 20% on average. While
focused on image-based identi cation, CleverBirds also contains substantial geographic diversity,
with quiz selections drawn from over 4,000 distinct locations (see Fig. A2 for a visualization), and
temporal coverage spanning all weeks of the year.

The dif culty of the task is further illustrated in Fig. 5, which displays the top-5 most frequently
confused species pairs for species with over 1,000 interactions. For each species pair, the differences
are subtle and require a trained eye to perceive. For example, the Pin-tailed Snipe can be differentiated
from the Common Snipe by the white trailing edge of the wing of the Common Saghe The
Sharp-shinned Hawk can be differentiated from the Cooper's Hawk by its smaller head, more squared-
off tail, and smaller feetJ2]. Note also, that the images shown for reference in Fig. 5 are high
quality example images of the species. In the quiz, users could be confronted with partially obscured
or zoomed out images of the same bird, increasing dif culty. Fig. 4 shows example quiz images
compared to high quality images of the same species, highlighting the inherent dif culty within the
quiz. Nevertheless, users achieve an average accuracy of over 50% even on images rated as low
quality (see Fig. 4 - right panel). The distribution of image quality is shown in Fig. 4 - center panel.

Privacy. To ensure user privacy we anonymize all user-related identi ers, as well as those of quizzes,
questions, and image assets that users interact with. We further aggregate quiz locations using the H3
geospatial index71] at resolution 372], which average42; 393km? per cell. All quiz participants

are registered Cornell Lab account holders and have agreed to the Terms @BlJ3d¢ project

has been reviewed and approved by the School of Informatics Ethics Committee (project number
954242).

4 Problem Setting

Our goal is to model the learning progress of human learners as they engage with a multi-choice

ordered list oK possible candidate answers, denotedfyc; contains asetd 1 randomly
ordered possible candidate answers, and also includes an addition none of the abovd@p#tipn
yieldingc; = (C:1;::::Ck  1; NOTA).

We represent an imade with a xed vision encodek; = f (I;) 2 RY, and condition models ox.
The learner observes the imalgeand, based on their internal state, selects a resperise; to the
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