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Abstract

People can reliably understand images that vary in visual
abstraction—from detailed illustrations to schematic icons.
To what degree are current vision algorithms robust to such
variation when attributing meaning to abstract images? We
first obtained > 90K human-generated sketches produced
under different time limits (4s, 8s, 16s, 32s; N=5,563
participants) and Al-generated sketches (Vinker et al.l 2022)
produced under different ink limits (4, 8, 16, 32 strokes)
of 2,048 real-world object concepts spanning 128 categories
from the THINGS dataset (Hebart et al.l 2019). We then
evaluated how well 12 state-of-the-art vision algorithms could
(1) predict which concept each sketch was intended to convey
and (2) match human performance and response patterns when
presented with the same sketches. We found that models
achieving generally higher recognition accuracy also tracked
human error patterns better, although there remains a sizable
gap between human and machine sketch understanding. We
also found that, on average, different models expressed similar
uncertainty about sketches of the same concept across different
levels of abstraction. We hope that public release of this dataset
and evaluation protocol will lead to algorithms that display
more human-like visual abstraction.
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Introduction

Humans can use pictures to convey what they perceive
and know at varying levels of abstraction—from detailed
illustrations to simple sketches. Indeed, the ability to abstract
away from the particulars of any given experience to highlight
the most important elements is inherent in the act of creating
any effective visualization (Viola & Isenberg,|2017; M. Chen,
Hauser, Rheingans, & Scheuermann, 2020; McCloud &
Manning, (1998 Mi, DeCarlo, & Stone| [2009; Nan et al.|
2011). Line drawings present an especially important case
study in the capacity for visual abstraction, as demonstrated
by the Spanish artist Pablo Picasso in his renown work, The
Bull (1945), which contains 11 lithographs of bulls, each
successively more abstract than the last (Fig. [T). Despite
striking variation in their degree of fidelity to the real world,
understanding what even the most abstract of these images
represent feels effortless for most human viewers.

Such variation is manifest in works of art, but is also
pervasive across many domains of human activity. Not only
do most cultures produce drawings (Gombrich} [1995)), the
ability to produce line drawings that capture key aspects of
the real world also emerges early in development (Karmiloff-
Smith, [1990; |Dillon, 2021; [Long, Fan, Chai, & Frank|

Figure 1: Pablo Picasso. The Bull, 1945.

2021), and the visual properties of these drawings have
been linked to children’s developing conceptual knowledge
(Tversky, [1989; Huey & Long} [2022). Additionally, failures
to produce and understand pictures of objects at different
levels of abstraction is associated with semantic dementia
(Bozeat et al., [2003; Rogers & Patterson, [2007), suggesting
links between a robust capacity for visual abstraction and the
functional organization of semantic knowledge in the brain.
What are the core visual computations that support this ability
to grasp the meaning of pictures across so many different
levels of visual abstraction?

The past several years have seen remarkable progress
in uncovering the mechanisms by which the human visual
system achieves a robust understanding of the visual world
(Yamins et al.|,[2014; Kriegeskorte, 2015} Zhuang et al., 2021}
Konkle & Alvarez, 2022). These mechanistic models now
often take the form of trainable neural networks combining
several architectural motifs inspired by the primate ventral
visual stream (Gross, Rocha-Miranda, & Bender, (1972}
Goodale & Milner, [1992; Malach, Levy, & Hassonl 2002;
Hung, Kreiman, Poggio, & DiCarlol [2005). These advances
have also recently been applied to the problem of sketch
understanding, revealing both the value of these approaches
for learning general-purpose perceptual representations to
model human visual abstraction (Fan, Yamins, & Turk-
Brownel 2018 [Yu et al. 2017 [Kubilius, Bracci, & Op de
Beeckl [2016), as well as persistent challenges in achieving the
capacity for robust understanding of visual inputs that vary in
their degree of visual abstraction (Baker & Kellman, 2018;
Singer, Seeliger, Kietzmann, & Hebart, 2022; Fan, Hawkins,
‘Wu, & Goodman, 2020)).

Despite these great strides in the development of high-



Figure 2: Human sketchers & CLIPasso generate®0K sketches under different production constraints: drawing time &
number of strokes, respectively.

performing vision models, it remains unclear to what degree Method

the speci c models that have been proposed so far achieve

human-like understanding of such a broad range of visuaP!" rstgoal was to generate two parallel large-scale drawing
inputs, from natural images to human-generated drawinggatasets spanning varying levels of abstraction: one produced

and symbols. Evaluating this question has been especially humans under varying time limits (4s, 8s, 16s, and 32s),

challenging given that, while there are several widelya”d the other by automatic machine generation varying in the
used benchmark sketch datasets (Eitz, Richter, Boubekedtumber of strokes per drawing (4, 8, 16, and 32 strokes),
Hildebrand, & Alexa, 2012; Jongejan, Rowley, Kawashima,USIN9 CLIPasso (Vinker et al., 2022) (see Fig. 2 for example
Kim, & Fox-Gieg, 2017; Sangkloy, Burnell, Ham, & Hays sketches). Next, to estimate recognizability of the drawings
2016), none of them systematically vary the degree of detaill both datasets, we conducted an independent recognition

a salient axis differentiating depictions of speci ¢ instancesStudy in which participants provided one or more labels for a
from more abstract illustrations. representative sample of human and machine drawings.

In this paper, we take two major steps towards closingStimuli To generate a diverse large-scale stimulus set of
this gap: (1) we develop a large dataset containing humaobject concepts, we systematically sampled 128 concepts
(N=5,563 participants) and Al-generated sketches varying ifirom the database of the THINGS initiative, a global database
detall, for a representatively wide variety of visual objectof 1,854 object concepts (e.g., “lion”, “banjo”, “car”) and
concepts varying in their degree of abstraction; and (2haturalistic object images aimed at developing a multi-varied
we systematically evaluate how well 12 diverse state-of-cognitive neuroscience and behavioral metrics on a shared set
the-art vision models, varying in their architectures andof objects (Hebart et al., 2019). Building on prior work by
training methods, represent semantic information in thes&ang and Fan (2021) investigating visual abstraction across
sketches by benchmarking their recognition performancelifferent contexts, we selected concepts based on similar
against human behavior. We build on a growing body ofparameters spanning four main axes of variation: familiarity,
research leveraging a global image dataset generated ayti ciality, animacy, and size. Within each object concept,
the THINGS initiative (Hebart et al., 2019) by sampling we randomly sampled 16 object images. Our nal stimuli set
2,048 real-world objects spanning 128 concepts as refereniscluded 2,048 object images that were used as referents for
for drawings in our dataset. Our main goals were tothe human and machine sketching tasks.
test the consistency between models and humans in their
ability to recognize the concepts depicted in our sketchtHuman Sketch Production Task
dataset, as well as the alignment between distributions . .
of human-generated soft labels3,190 participants) and Farticipants 5,563 participants (2,870 maléage = 36.7
distributions underlying model classi cation performance Y&ars) were recruited from Prolic to produce a series of
(Collins, Bhatt, & Weller, 2022; Peterson, Battleday, sketches on a web-based drawing platform. We excluded 104

Grif ths, & Russakovsky, 2019). Taken together, our work data sessions from participants, who experienced technical
aims to contribute an informative benchmark of humandif culties. In this and all subsequent tasks, participants

and machine generated sketches spanning varying mump@rovided informed consent in accordance with the UC San

levels of abstraction. We hope that publicly reIeasingD'engB'

our datasets and proposed methods for investigating sketdProcedure We randomly assigned participants to one of
understanding will generate opportunities for future researcliour conditions, each varying in the amount of time that
avenues towards building better computational models othey were permitted to use to generate their drawings: 4, 8,
human visual abstraction. 16, or 32 seconds (Fig. 2eft). Each participant produced



