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C O M P U T E R  S C I E N C E

Mental bootstrapping enables human-level concept 
learning in self-supervised deep models
Lingxiao Yang1, Muyang Lyu2, Ying-Jie Wang3, Xiaohua Xie4, Zonglei Zhen5,  
Jian-Huang Lai4, Ru-Yuan Zhang6,7,8,9*

How agents acquire abstract concepts from sparse, diverse examples—often without explicit supervision—remains 
a central problem in cognitive science and artificial intelligence. Human studies suggest that this ability depends 
on mental bootstrapping, the gradual construction of complex concepts from simpler partial structures. Building 
on this idea, we develop a self-supervised framework that trains models on systematically simplified versions of 
abstract reasoning tasks containing incomplete but structured concept cues. This algorithm enables models to 
form internal abstractions under limited resources and later apply them to more complex problems. We evaluate 
the framework across 12 abstract visual reasoning datasets testing in-distribution concept induction, out-of-
distribution generalization, and few-shot learning. To contextualize performance, we also measure human accu-
racy on the same tasks. Models trained on simplified problems generalize robustly, reaching or even surpassing 
human-level performance. These findings show that abstract reasoning can emerge from structured simplification 
and minimal data, offering a computational account of concept learning in humans and machines.

INTRODUCTION
Building abstract knowledge and flexibly applying them in diverse 
real-life situations are the hallmarks of human intelligence (1, 2). 
Although machine learning models (3–7) have considerably ad-
vanced many fields like computer vision (8), natural language process-
ing (3), and speech recognition (9), it still remains a great challenge 
for most models to learn abstract concepts. A bulk of research in 
cognitive science has shown that humans have substantial adaptive 
learning and reasoning capabilities even without labeled data (10). 
For example, 9-month-old infants are capable of segmenting words 
from continuous speech streams through self-supervised statistical 
learning (11). In contrast, most existing machine learning models 
on concept learning focused on concrete concepts rather than ab-
stract relationships as humans typically encounter in our daily life. 
Despite tremendous progress on self-supervised (12), semisuper-
vised (13), and representation learning (14), most current models 
for concept learning still fall short as compared to how the human 
brain learns (15). Therefore, self-supervised learning of abstract re-
lation concepts still remains an active research direction in both ma-
chine learning and cognitive science (2, 16, 17).

Humans are not only capable of learning abstract concepts with-
out explicit labels, but they also do so with substantial efficiency. 

This capacity for efficient self-supervised learning is evident in the 
flexible generalization of learned knowledge to unseen situations 
(18–20). For example, one can readily repurpose a rock as a hammer 
to secure a tent, drawing on abstract knowledge that rigid objects 
afford pounding actions—an instance of generalized tool use. In 
such cases, humans rely on comparisons of abstract functional 
knowledge (e.g., “a rock and a hammer are both hard”) rather than 
superficial visual features (e.g., “a rock and a hammer have different 
shapes”) (21). This flexibility further manifests in the ability to lever-
age prior knowledge to facilitate the learning of new concepts, 
thereby circumventing the need to learn from scratch (22–24). A 
compelling example is that children can often learn new words or 
concepts after encountering only a few examples (25). While effi-
cient human learning is well established, its implications for advanc-
ing machine learning models remain poorly understood.

How can we assess concept learning in humans and machines? 
This is a challenging question because the human brain is typically 
equipped with a vast amount of prior knowledge, which is strongly 
shaped by individual experiences and sociocultural factors (26, 27). 
Across fields such as psychology, neuroscience, and psychiatry, 
Raven’s Progressive Matrices (RPM) has long been a mainstream tool 
for measuring intelligence (28). Specifically, RPM (Fig. 1, A and B) 
is designed to evaluate abilities of concept induction, such as recog-
nizing abstract relationships among visual objects and patterns. 
Similarly, in machine learning, Bongard problems (Fig. 1C) are widely 
regarded as important benchmarks for assessing concept learning 
(29). Crucially, both RPM and Bongard problems are less likely to be 
influenced by prior experience or sociocultural background, be-
cause they use symbolic visual stimuli rather than natural images or 
language-based interactions (e.g., Turing tests). As such, they serve 
as ideal and generic testbeds for evaluating intelligence in both hu-
mans and machines (16, 30).

In concept learning, humans often extract more complex con-
cepts by reusing previously learned simpler primitives, a process 
termed mental bootstrapping (MB) (31). Crucially, this occurs 
largely through self-supervised learning, where humans leverage in-
ternal feedback (Fig. 2A) and accumulated experience rather than 
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Fig. 1. RPM-like and Bongard problems. (A and B) Two example RPM-like problems from the RAVEN and PGM-Neutral datasets, respectively. In each RPM-like problem, 
eight context images and eight choice images are provided. The context images are presented as a 3 × 3 matrix, where each row or column contains abstract concepts to 
describe their relationships. An observer must identify these concepts and apply them to infer the missing cell in the lower right corner [denoted by a question mark (?)] 
by selecting the correct answer (highlighted by red boxes) from the eight choice images. The correct answer should make three rows or three columns follow a consistent 
set of abstract concepts. (C) Example of a Bongard problem. A Bongard problem consists of two distinct image sets: a positive set containing six images with similar con-
cepts (i.e., “concave shape” in this example) and a negative set containing six images violating the concepts in the positive images. An observer must induce concepts from 
only a total of 12 positive and negative images and then classify whether two given choice images are positive (highlighted by red) or negative. Red boxes in all problems 
denote the correct or the positive answers. Note that, in our SSLvMB, the ground-truth labels, denoted using the red color, are not known.
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explicit external supervision. For example, young children who 
learn simple numbers (e.g., “one,” “two,” and “three”) and the rule 
of incremental counting can form a more abstract concept of num-
bers, enabling them to learn an infinite number of integers (31). By 
reusing and composing previously learned knowledge, MB mini-
mizes the resource demands of learning new concepts and enhanc-
es flexible generalization. Behavioral experiments have suggested MB 
as an essential strategy of human self-supervised concept learning 
(31, 32) because learning primitive concepts constrain the hypoth-
esis space and guide the subsequent learning of more complex 

concepts. However, MB requires the information of concept com-
plexity as a priori knowledge, which is usually unavailable in self-
supervised machine learning. It is still an open question how to 
leverage the human MB process to develop concept learning and 
inference algorithm.

In this study, we propose an effective computational framework—
self-supervised learning via MB (SSLvMB)—for concept learning. 
SSLvMB embodies the human MB procedure as training and testing 
phases where the training phase includes relatively simpler concepts 
and the testing phase introduces more complex situations (Fig. 2B). 
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Fig. 2. Illustration of MB. (A) Core principles of MB demonstrated through two abstract concepts: color progression and angular arithmetic [defined as angle(①) + an-
gle(②) + 1]. “angle(①)” [“angle(②)”] is the number of angles of the first (second) image in each row. Humans construct complex concepts by bootstrapping from primitive 
representations through autonomous self-learning cycles and memory caching/reuse without external supervision. (B) Main scheme of our proposed machine learning 
framework inspired by MB principles. Because of the challenges in applying MB to self-supervised machine learning—particularly the absence of explicit complexity indica-
tors for concepts—we designed our MB-inspired algorithm with two distinct phases: a training phase [(B), left] using a reduced problem with fewer contexts of each RPM-like 
or Bongard problem and a testing phase evaluating on full contexts of problems. Apparently, the training phase contains simple concepts (e.g., size/color progression), while 
the testing phase has more complex concepts (e.g., composition of multiple abstract concepts such as color progression and angular arithmetic). As Halford’s relational com-
plexity theory shows (37), the increasing number and integration of context images in the right panels elevate the cognitive demand by requiring the processing of higher-
arity relations and more complex feature bindings. While illustrated using RPM-like problems in this picture, our method follows the same design principle for Bongard 
problems—training on the reduced problem with fewer contexts that impose lower cognitive demands and testing on full contexts requiring greater cognitive load.
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Notably, our model is able to automatically find abstract visual con-
cepts without any labels. We tested our framework on three key tasks: 
in-distribution concept induction, out-of-distribution (OOD) con-
cept generalization, and few-shot concept learning. We systematically 
measured human performance on identical tasks, and the head-to-
head comparisons suggest that our model achieves performance com-
parable to or even surpassing humans. The human-level performance 
endowed by SSLvMB shed light on the development of more intelli-
gence systems to learn abstract knowledge.

RESULTS
Tasks
To rigorously evaluate the effectiveness of our proposed SSLvMB, 
we conducted a comprehensive benchmark across 12 diverse datas-
ets, covering two fundamental abstract visual concept learning 
tasks: RPM-like problems and Bongard problems (representative 
examples in Fig. 1).

An RPM-like problem (both Fig. 1, A and B) consists of eight 
context images and eight choice images. The eight context images are 
arranged into a 3 × 3 matrix, with the last cell missing. Observers 
should choose the correct image from the eight choice images to 
complete the matrix and ensure consistent abstract visual concepts 
(e.g., progression and constant) across rows or columns. Here, an ab-
stract concept indicates the relationship between objects across rows 
or columns. For example, the abstract concept in Fig. 1A is that the 
images across rows have “constant color and shape but increasing 
size.” The challenge in RPM-like problems lies in abstract reasoning 
and inductive inference, as observers must identify hidden concepts 
from only two complete rows or columns of context images in the 
matrix. The concepts can be vastly complex, involving multiple vi-
sual attributes like shape, color, and orientation and diverse rules 
such as constant, progression, union, and location. The same abstract 
concepts can be represented by different visual objects, and the same 
object can represent different abstract concepts in different prob-
lems. It is far more difficult than a visual recognition task. Following 
this logic, RAVEN, I-RAVEN, and RAVEN-FAIR are the mainstream 
datasets for testing in-distribution concept induction. Procedurally 
Generated Matrices (PGM) includes eight subdatasets for testing in-
distribution concept induction and OOD concept generalization (see 
details in data descriptions in Materials and Methods).

The Bongard problem is a type of visual puzzle designed to test 
few-shot concept learning. Each problem consists of two sets of im-
ages: a positive set (six images), where all the images share similar 
concepts, and a negative set (six images), where the images contain 
concepts differing from the ones in the positive set. The task is to 
determine which set (positive or negative) a given image belongs 
to on the basis of the concepts induced from the two sets of con-
text images. For example, the abstract concept in the positive set 
in Fig. 1C is “convex,” and the negative set violates this concept. The 
concepts in Bongard problems can involve various attributes such as 
shape, color, orientation, or spatial relationships, and an observer 
must induce these concepts from merely 12 images and then classify 
the candidate images correctly.
SSLvMB framework
In concept learning under the MB theory, humans often build more 
complex concepts by reusing previously learned simpler primitives, 
thereby avoiding the need to learn new concepts entirely from 
scratch. Figure 2A depicts the core principles of human MB, whereby 

humans bootstrap their own learning—from simple concepts (left: 
color progression in each row embedded in five context images) to 
complex compositions (right: color progression combined with angu-
lar arithmetic embedded in eight context images). For example, the 
composite rule “angle(①) + angle(②) + 1” necessitates the integra-
tion of multiple visual features within a single row. More broadly, the 
composition of multiple concepts imposes greater cognitive demands 
as demonstrated by relational complexity theory (32), which posits 
that task difficulty scales with the number of concepts that must be 
simultaneously integrated to reach a compound concept solution.

While the concept of human MB is intuitively appealing, its ap-
plication in self-supervised machine learning of abstract visual con-
cepts presents two fundamental challenges. First, because of the lack 
of labeled data in the self-supervised fashion, it is not feasible to di-
rectly train models on concepts with different levels of complexity. 
Second, because of the progressive learning process—moving from 
simpler to more complex concepts (as in curriculum learning)—it 
would require access to concept-related information as ground 
truth. For example, RPM datasets provide meta-information associ-
ated with each problem, such as shape and abstract rules, which can 
be used as ground truth to benefit training. However, incorporat-
ing such meta-information introduces additional auxiliary signals, 
which changes the problem setting because such auxiliary data are 
typically unavailable when a human solves such a problem. As such, 
the successful construction of MB in self-supervised concept learn-
ing remains a vast challenge.

In this study, we operationalize the process of MB to develop a 
computational method for self-supervised concept learning. As ma-
chine models lack the innate self-learning abilities observed in 
humans, we explicitly structure the MB process into two distinct 
phases—training and testing—applicable to both RPM-like and 
Bongard problems. Figure 2B illustrates the core idea of this ap-
proach. The training phase (Fig. 2B, left) presents the learning process 
of machine models using a set of reduced problems, constructed 
with fewer contexts, while the testing phase (Fig. 2B, right) evaluates 
generalization across full problem sets. Although Fig. 2 illustrates 
the method using RPM-like problems, the same principle applies to 
Bongard problems: Training on reduced problems with fewer con-
texts, and testing requires full-context inference. Crucially, increas-
ing the number of contexts elevates concept complexity, in line with 
Halford’s framework (33). This design forces the model to construct 
robust feature representations during training, enabling it to solve 
more complex composite problems during testing.

This two-stage structure embodies core principles of human MB, 
enabling the compositional reuse of prior knowledge to support in-
creasingly complex inferences. The progression from simplified to 
composite concepts parallels human cognitive development, where 
integrating more contextual information imposes greater cognitive 
demands (33).

Figure 3 provides a conceptual overview of the SSLvMB frame-
work. The model first uses a Visual Perceptual Module (VPM) to 
extract features with different types of each visual reasoning prob-
lem. To mimic human MB, we then explicitly construct reduced 
problems (examples are shown in Fig. 4) that retain only partial con-
text information. As shown in Fig. 4A, for an RPM-like problem, the 
original setting requires the model to complete a missing cell by in-
ferring concepts across all three rows or columns. In the reduced 
formulation (Fig. 4B), only the first two rows or columns are used to 
establish concepts regularity. Note that the observer must infer a 
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single underlying abstract relationship that is shared across all three 
rows or columns. If the concept is inferred using only the first two 
rows or columns, multiple candidate hypotheses typically remain 
consistent with the observations. Consequently, the third row or 
column is required to provide sufficient constraints to identify a 
unique solution. We also conducted an ablation study to remove the 
third row or column (i.e., context images 7 and 8) to demonstrate its 
constraint effects on rule abstraction (table S3). A similar approach 
is adopted for the Bongard problem (Fig. 4, C and D). Here, the 
original 12-context setting is reduced to 10 by applying dropout, 
and the omitted samples (e.g., x4

p
 and x2

n
 in this example) are repur-

posed as active test choices. As (33) demonstrated, the reduced prob-
lem requires lower cognitive demands as compared with the full 
problem. This configuration encourages the model to extract gener-
alizable concepts under limited supervision, aligning with the MB 
principle of learning from fewer contexts.

Building on the reduced problem, we construct training samples 
using the task-defined sampling function—(Ω)—where each sam-
ple comprises multiple image features. These samples are then pro-
cessed by the Concept Induction Module (CIM; Fig. 5), which infers 
latent concepts by integrating information across the constituent 
features. A shared classifier subsequently maps each sample to a sca-
lar logit, and training is performed using a contrastive loss that en-
courages discriminability between distinct training samples (Fig. 3). 
Details of our SSLvMB are presented in Materials and Methods.
SSLvMB enables high performance on in-distribution 
concept induction
We first tested our SSLvMB on four datasets for in-distribution con-
cept induction: RAVEN (34), I-RAVEN (35), RAVEN-FAIR (36), 
and PGM-Neutral (37) (see Materials and Methods for descriptions 
of all datasets). All four datasets are RPM-like problems (Fig. 1, A 
and B). All four datasets have separate training and test sets. Con-
cepts in the training and test sets in each dataset follow the same 
distribution (i.e., the same abstract concepts are included in both 

train and test sets). Therefore, the four datasets constitute a good test 
for the in-distribution concept induction.

To our best knowledge, Noisy Contrast and Decentralization 
(NCD) (38) and Pairwise Relations Discriminator (PRD) (39) are only 
two self-supervised (unsupervised) models on RPM-like problems. 
Thus, we compared SSLvMB with these two models (Table 1). Across 
all four datasets, NCD and PRD yielded similar averaged accuracy 
(47.2 and 45.6), whereas the average performance of our SSLvMB in 
all four datasets is 82.3. SSLvMB achieved more than 80% accuracy 
on RAVEN (83.8 ± 2.9) and I-RAVEN (89.7 ± 2.7) and even more 
than 90% on RAVEN-FAIR (91.3 ± 2.4). The improvement over 
NCD and PRD is substantial. On PGM-Neutral, which is more chal-
lenging, our SSLvMB achieved the accuracy of 64.4 ± 1.2, but both 
NCD (47.6) and PRD (34.8) obtain performance below 50%. More-
over, SSLvMB accomplishes this with only 1.27 million (M) param-
eters, which is an order of magnitude smaller than both NCD (11.24 M) 
and PRD (11.18 M). To assess the internal representations of ab-
stract concepts in our SSLvMB, we used GradCAM (40) to visualize 
the abstract concepts (fig. S2) and found that SSLvMB can attend to 
different object features to extract abstract concepts. Furthermore, 
we trained a linear classifier on the layer after CIM using the 12 rule 
categories specified in the dataset’s meta-information. It yielded 
79.4% accuracy of decoding concepts. Together, these results dem-
onstrate SSLvMB’s superior capability of visual concept induction, 
consistently outperforming existing methods across diverse datasets.

We note that NCD (38) and PRD (39) also focus on constructing 
positive and negative samples but share several fundamental differ-
ences from ours. NCD, for example, selects the first two rows of an 
RPM-like problem as positive samples and fills the ninth position in 
the third row with eight choice images as negative samples. This 
strategy, however, carries a notable risk of mislabeling the correct 
answer as a negative sample. Similarly, PRD uses contrastive learn-
ing to align representations of the first two rows while pushing them 
away from the first or second rows of other RPM-like problems, 

Fig. 3. Framework of our novel self-supervised learning method—SSLvMB. A VPM separately transforms each image to features in both RPM-like and Bongard prob-
lems. After that, we explicitly construct pseudopositive and pseudonegative samples [(Ω)] for model training, where each sample contains multiple image features with 
reduced contexts. Furthermore, a CIM is used to extract abstract concepts within each constructed sample. In CIM, two convolutional layers are used to simultaneously 
extract concepts along the image axis ( N , the number of images) and spatial cues along the spatial axis ( L = the spatial height H × width W).
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assuming that randomly chosen problems do not share the same con-
cept. In practice, this assumption does not always hold, leading to po-
tential inclusion of incorrect negative samples. Moreover, both NCD 
and PRD rely solely on information from the first two rows (images 1 
to 6) to construct pseudopositive samples, ignoring the third row as a 
constraint. Without this, the first two rows may correspond to multi-
ple plausible concept solutions, increasing ambiguity and making con-
cept learning and generalization across all three rows more difficult.
SSLvMB achieves the best average accuracy on compositional 
generalization
The aforementioned experiments primarily focus on in-distribution 
concept induction, wherein the training and test sets adhere to the 

same concept distribution. However, the key aspect of concept learning 
is to flexibly generalize learned concepts to novel, unlearned concepts, 
namely OOD concept generalization. The difficulty of concept learning 
lies at searching a correct answer from a large pool of candidate con-
cepts (41). Moreover, the number of the complete set of concepts is 
enormous and infeasible to be learned in a single pass. This is particu-
larly important when an agent learns concept primitives and reuses the 
primitives to compose a solution for a more complex problem. We ar-
gue that this reasoning capability reflects more accurately the inductive 
reasoning abilities of both humans and machine models (18, 42).

We first tested the composition generalization of our SSLvMB on 
seven PGM subdatasets. The other seven PGM subdatasets besides 
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Fig. 4. Problem reduction strategies inspired by human MB. (A and B) In RPM-like problems, the original full setting (A) presents all eight context images, requiring the 
model to determine whether concepts are preserved across three rows or columns. To emulate the principle of human MB, the problem is reformulated into a reduced 
version (B) by randomly masking one of the context positions (e.g., the sixth location, rather than the standard bottom right). The masked feature is treated as a pseudo-
correct choice, allowing the model to focus on assessing consistency between two rows or columns. (C and D) In Bongard problems, the full setting (C) consists of 12 
context features divided into positive and negative sets, and the model is tasked with checking whether a choice feature aligns with or violates the underlying concepts 
in the positive or negative set. In the reduced version (D), one positive feature and one negative feature (e.g., x4

p
 and x2

n
 ) are randomly removed using dropout, and the 

omitted features are repurposed as pseudochoices, replacing the original choice features. This design mirrors the mechanism of human MB, wherein concepts are ac-
quired from incomplete evidence, enabling the model to generalize under reduced contexts (10 instead of 12). Green boxes are pseudopositive labels.
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PGM-Neutral are designed specifically for testing OOD concept 
generalization. Their training and test sets include distinct concepts, 
i.e., different objects’ attributes, different rules among objects, etc. 
These PGM subdatasets provide robust benchmarks for assessing 
whether a machine model is capable of inducing abstract concepts 
and generalizing them to novel situations.

We again compare our SSLvMB against NCD and PRD on all seven 
PGM subdatasets for OOD generalization (Table 2). SSLvMB is the best 
model in five of seven datasets. Overall, SSLvMB achieves the state-of-
the-art average score of 30.9 across all seven subdatasets, surpassing 
NCD’s 25.8 and PRD’s 20.4, demonstrating its superiority in handling 
OOD generalization. In particular, in the case of Interpolation (Int; see 
methods for dataset descriptions), SSLvMB achieves an accuracy of 
62.1 ± 3.1, much higher than NCD’s 47.0 and PRD’s 31.5. In the case of 
Extrapolation (Ext), SSLvMB’s 15.6 ± 0.7 is not the highest but still 
competitive. Notably, in the Held-Out (H.O.) sets like H.O.TP, H.O.T, 
H.O.P, and H.O.SC, SSLvMB consistently performs well, often achiev-
ing the best or near-best results. These results provide strong evidence 
for the superior abilities of SSLvMB in OOD concept generalization. 
Moreover, we conducted an additional experiment on RAVEN-FAIR to 
validate the easy-to-hard learning mechanisms (text S2).
SSLvMB obtains high performance with few-shot 
concept learning
Besides flexible generalization, another hallmark of efficient concept 
learning is the ability to rapidly acquire and apply new concepts 
from a limited set of examples. This scenario closely parallels how 
humans learn from new environments, where they must quickly 
learn and infer new concepts from only a few unseen instances. It is 
widely recognized that humans have substantial few-shot learning 

capabilities (43)—the ability to generalize from limited examples—a 
feature notably absent in current machine learning models that 
predominantly rely on large datasets. In this section, we extend our 
analysis to evaluate the model’s ability to use this sparse information 
for few-shot concept learning.

We used the Bongard-LOGO (44) dataset (an example Bongard 
problem is shown in Fig. 1C). The training and test sets in Bongard-
LOGO include distinct objects and concepts. The context informa-
tion of each problem consists of a positive set (i.e., six images) and a 
negative image set (i.e., six images). In addition, the test set of this 
dataset consists of four splits, i.e., Free-form (FF) shape, Basic (BA) 
shape, Combinatorial (CM) abstract shape, and Novel (NV) abstract 
shape. These four test splits are used to comprehensively evaluate 
different perspectives of few-shot learning in humans and machines 
(see Materials and Methods for data descriptions). Given that no 
self-supervised models have been proposed for this dataset, we 
compared our SSLvMB model against several state-of-the-art super-
vised models.

Table 3 shows all results. Astonishingly, our SSLvMB, as a self-
supervised learning framework with no labels, outperforms other fully 
supervised models. In particular, SSLvMB achieves the best performance 
on the FF (75.6±0.3), BA (93.5±0.7), and CM (72.7±1.1) splits and the sec-
ond best on the NV (71.4±0.6) split. SSLvMB obtains the overall average 
accuracy of 78.3, which is the highest among all models. These re-
sults are noteworthy considering that SSLvMB operates without access 
to ground-truth labels during training, whereas all competing methods 
require complete supervised information. The performance advan-
tage highlights the effectiveness of our self-supervised approach in 
learning meaningful visual representations without manual annotation.
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(3 3) CConv

(1 1)

Input

Output

CConvBlock
L 
= 
H
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C
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L 
= 
H
W

C

N

Standard Conv vs Concept Conv (CConv)
Module structure

(output size: C N L)

Block name Output size

CConvBlock1 64 N 144

CConvBlock2 64 N 144

CConvBlock3 64 N 144

Fig. 5. Overall architecture of CIM. Our CIM captures concept-level representations by jointly modeling spatial (along the L axis) and cross-image dependencies (along 
the N axis). It comprises stacked Concept Convolution Blocks (CConvBlocks), where each CConvBlock integrates cross-image and cross-spatial information through CConv 
layers. The module outputs features of size C × N × L , with residual connections facilitating hierarchical concept abstraction.

Table 1. In-distribution concept induction on RAVEN, I-RAVEN, RAVEN-FAIR, and PGM-Neutral. For all three RAVEN datasets, accuracy is calculated by 
averaging across all seven configurations. Results of other methods are either taken from their original publications or obtained using their publicly available 
codes. SSLvMB was run five times on all RAVENs and three times on PGM-Neutral because of its much larger size. These repetitions were run with different 
random seeds. The mean accuracy and standard deviation across multiple repetitions are reported in the table.

Datasets Model size RAVEN I-RAVEN RAVEN-FAIR PGM-Neutral Avg

NCD  11.24 M  37.0  48.2  56.0  47.6  47.2

 PRD 11.18 M 37.9 55.9 54.5 34.8  45.6

 SSLvMB 1.27 M 83.8 ± 2.9 89.7 ± 2.7 91.3 ± 2.4 64.4 ± 1.2  82.3
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SSLvMB surpasses human performance in concept learning
The above results have demonstrated SSLvMB’s efficacy in three as-
pects: in-distribution concept induction, OOD concept generaliza-
tion, and few-shot concept learning, which are the three key abilities 
in concept learning that remain hallmarks of human intelligence. It 
is noteworthy that human concept learning is often influenced by 
specific knowledge backgrounds and unique experiences, and the 
underlying mechanisms remain difficult to test. Furthermore, exist-
ing research on concept learning has predominantly focused on the 
linguistic domain (45). An intriguing question arises: To what ex-
tent can humans learn, induce, and generalize novel visual concepts? 
This question holds particular significance in the context of RPM-
like and Bongard reasoning, because both of them were originally 
designed for assessing human or machine intelligence and have 
served as a standard testing tool in social sciences, psychology, and 
neuroscience for nearly a century (28, 29, 46). To conduct a compre-
hensive head-to-head comparison between human and machine 
performance, we performed behavioral experiments to collect hu-
man performance on exactly the same tasks and stimuli (see Materi-
als and Methods for experimental details).

Figure  6 presents comparisons between the performance of 
SSLvMB and humans across various tasks. The evaluated datasets 
include RAVEN, I-RAVEN, RAVEN-F (RAVEN-FAIR), and PGM-
N (PGM-Neutral) for in-distribution concept induction; PGM-E 
(PGM-Extrapolation) and PGM-I (PGM-Interpolation) for OOD 
concept generalization; and the four test splits of Bongard-LOGO 
(BP-FF, BP-BA, BP-CM, and BP-NV) for few-shot concept learning. 
Human performance on RAVEN, BP-FF, BP-BA, BP-CM, and BP-NV 

are directly taken from their original papers (34, 44). Human per-
formance on other datasets was measured in this study.

We found that SSLvMB can achieve or even outperform human 
performance in all scenarios except the FF split of the Bongard-
LOGO (Fig. 6). Notably, the model demonstrates a notable advan-
tage in tasks such as I-RAVEN, RAVEN-F, PGM-N, and PGM-I, 
where its accuracy surpasses human performance by a substantial 
margin. SSLvMB’s mean accuracy computed across all tasks achieves 
an average accuracy of 72% compared to the mean accuracy of 54% 
in humans. These results strongly suggest that SSLvMB not only 
matches but also exceeds human capabilities in some concept learning 
tasks, highlighting its potential applications in artificial intelligence 
and cognitive computing. We also conducted additional experiments 
to let human subjects learn examples and perform the task to inves-
tigate the effect of explicitly learning on AVR problems, although 
such learning improved human performance a little bit but still fall 
far short of model performance. We included these learning experi-
ments in fig. S1.

DISCUSSION
Induction, generalization, and few-shot learning of abstract con-
cepts have long been recognized as key strengths of human intelli-
gence as well as substantial challenges for current machine learning 
models. To address these challenges, we propose a self-supervised 
framework designed for RPM-like and Bongard visual reasoning 
tasks. Inspired by humans’ MB capability, where simpler concepts 
are reused to construct more complex concepts, our model is trained 

Table 3. Few-shot concept learning on Bongard-LOGO. The test set of Bongard-LOGO dataset consists of four splits, i.e., FF shape, BA shape, CM abstract 
shape, and NV abstract shape. Machine models are trained on the training set and evaluated on these four test splits. As studied in (44), some objects and 
concepts occur in the test set but not in the training set. Moreover, because no self-supervised (unsupervised) models have been developed on Bongard-LOGO, 
we include several state-of-the-art supervised models for comparison. All models were run three times with different random seeds. The mean accuracy and 
standard deviation across the three repetitions are reported.

Methods Model size Learning type FF BA CM NV Avg

 Meta- Baseline- SC 8.10 M Supervised  66.3 ± 0.6  73.3 ± 1.3  63.5 ± 0.3  63.9 ± 0.8  66.8

 Meta- Baseline- MoCo 8.10 M Supervised  65.9 ± 1.4  72.2 ± 0.8  63.9 ± 0.8  64.7 ± 0.3  66.7

 ProtoNet 8.10 M Supervised  64.6 ± 0.9  72.4 ± 0.8  62.4 ± 1.3  65.4 ± 1.2  66.3

 PredRNet 1.27 M Supervised  74.6 ± 0.3  75.2 ± 0.6  71.1 ± 1.5  68.4 ± 0.7  72.3

 SVM- Mimic 9.89 M Supervised  73.3 ± 0.3  84.3 ± 0.8  69.4 ± 0.8  74.2 ± 0.3  75.3

 SSLvMB 1.27 M Self-supervised  75.6 ± 0.3  93.5 ± 0.7  72.7 ± 1.1  71.4 ± 0.6  78.3

Table 2. OOD concept generalization on seven PGM subdatasets. The evaluation subdatasets are Interpolation (Int), Extrapolation (Ext), and Held-Out 
(shortened as H.O.) TriplePairs (TP)/Triples (T)/Pairs (P)/ShapeColor (SC)/LineType (LT). All the seven subdatasets have training and test sets. The training and test 
sets contain different concept distributions, i.e., some concepts occur in the test set but not in the training set. Results of other methods are either taken from 
their original publications or obtained using their publicly available codes. Our SSLvMB is run three times with different random seeds on all seven subdatasets. 
The mean accuracy and standard deviation across three repetitions are reported.

Datasets Model size Int Ext H.O.TP H.O.T H.O.P H.O.LT H.O.SC Avg

NCD  11.24 M  47.0  24.9  33.1  13.2  19.0  29.5  13.8  25.8

 PRD 11.18 M 31.5 12.7 28.1 18.6 14.1 25.2 12.8  20.4

 SSLvMB 1.27 M 62.1 ± 3.1 15.6 ± 0.7 43.0 ± 0.9 28.6 ± 1.7 21.7 ± 2.1 32.4 ± 2.1 12.6 ± 0.1  30.9
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on simpler knowledge and then uses learned knowledge to solve more 
difficult problems during inference. All learning is self-supervised with-
out any label. Our approach has demonstrated strong performance 
on in-distribution concept induction, OOD concept generalization, 
and few-shot learning. Our model not only surpasses supervised 
models in some scenarios but also achieves or surpasses human per-
formance on the identical tasks and stimuli. These results challenge 
the long-standing view of human superiority in these cognitive areas.

Human concept learning via MB
A bulk of studies in cognitive science has suggested that MB is an 
essential concept learning strategy of humans (31, 32). For instance, 
after human observers first acquire simpler, basic primitive con-
cepts, subsequent learning of more complex concepts can be much 
faster if the complex concepts consist of previous primitives. Con-
versely, if human observers are first exposed to more complex con-
cepts, they must search a much larger hypothesis space to induce the 
complex concepts, making the solution computationally intractable 
given the limited cognitive resources. Thus, learning primitive con-
cepts first helps guide and constrain the hypothesis space for learn-
ing more complex combinations. This simple-to-complex learning 
process has also been adopted in machine learning such as super-
vised curriculum learning (47). In supervised curriculum learning, 
the model is trained by gradually using samples from easy to hard. 
In contrast, in our SSLvMB, the model is trained on simple primi-
tives but evaluated on more complex situations.

We emphasize that MB in our model is a training paradigm rath-
er than a computational module. To further highlight the efficacy of 
our MB-based training methods, we used the exactly same model 

architecture (i.e., VPM + CIM) but trained it using competitor methods 
(i.e., NCD and PRD). We found that using different training meth-
ods substantially degrades model performance (table S4), providing 
strong evidence for our MB-based training approach. Moreover, MB 
here is a concept from cognitive science and highlights that humans 
can solve complex problems by reusing (i.e., bootstrapping) existing 
knowledge. This is different from statistical bootstrapping imple-
mented by resampling data. MB is unlikely to be constrained by the 
number of features in a model.

Unique advantages of our SSLvMB
Our self-supervised framework for abstract visual concept learn-
ing is of particular value in this line of research. Most of existing 
models on the abstract concept learning tasks like RPM and Bon-
gard problems are supervised models. However, we emphasize that 
the key aspect of these tasks is to test whether a machine model can 
achieve human-level abilities in concept learning, especially in self-
supervised learning.

Our self-supervised learning method is inspired by human MB, 
which involves training on simpler cases during the learning phase 
and then reasoning about more complex cases during inferences. In 
particular, in RPM-like problems, the learning process focuses on 
the consistency of concepts in partial context images, eventually ex-
tending this consistency to the inferences between two different 
variants of the same problem. For Bongard problems, training con-
siders the consistency of six images (five context images and one 
choice) that form a concept, while testing involves inferences with 
seven images to assess the consistency of the concept. This easy-to-
hard concept learning and inference are aligned with the human MB 

RAVEN I-RAVEN RAVEN-F PGM-N PGM-I PGM-E BP-FF BP-BA BP-CM BP-NV Mean
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Fig. 6. Comparisons of humans and SSLvMB. Experiments include in-distribution concept induction on RAVEN, I-RAVEN, RAVEN-F, and PGM-Neutral, OOD concept 
generalization on PGM-Interpolation (PGM-I) and PGM-Extrapolation (PGM-E), and few-shot concept learning on four test splits of Bongard-LOGO (BP-FF, BP-BA, BP-CM, 
and BP-NV). Human performance on RAVEN and all test splits of Bongard-LOGO is directly obtained from their original papers (34, 44), respectively. Human performance 
on all other datasets, including I-RAVEN (N = 25), RAVEN-FAIR (N = 25), PGM-N (N = 30), PGM-I (N = 30), and PGM-E (N = 30) were measured in this study. The bar chart il-
lustrates the accuracy for both human observers (blue bars) and our SSLvMB model (striped bars). The error bars of human results represent the standard deviation across 
subjects. The error bars of model performance represent the standard deviation across three repetitions with random seeds. The significance conventions are as follows: 
**P < 0.01; ***P < 0.001; n.s., nonsignificant. See statistical details in Materials and Methods.
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process (31,  32). In addition, in the construction of positive and 
negative samples, we only use one RPM or Bongard problem, ex-
cluding the potential confounding of introducing wrong concepts 
from other problems as in NCD and PRD. Moreover, our SSLvMB 
framework has been tested on three key aspects of concept learning: 
in-distribution concept induction, OOD concept generalization, 
and few-shot concept learning, covering a broad range of datasets 
and testing scenarios.

We emphasize that several benchmark datasets, including the 
seven OOD subsets of PGM and the four splits of Bongard-LOGO, 
are specifically designed to probe compositional generalization—
the capacity to extrapolate from primitives to more complex or nov-
el concept compositions. For instance, the BA shape test set in 
Bongard-LOGO directly targets this ability: It contains 480 prob-
lems where each concept corresponds to a new combination of two 
basic shapes unseen during training, providing a controlled evalua-
tion of generalization from simpler to more complex concepts.

Differences between humans and machines in concept 
induction and reasoning
Our behavioral experiments also provide evidence for a head-to-
head comparison between human and machine performance in ab-
stract visual concept learning. A key gap in existing studies is that 
human performance on these tasks is largely unknown. A common 
assumption is that humans excel at these flexible reasoning tasks, yet 
this assumption has rarely been systematically tested. For instance, 
Nie et al. (44) tested three novices on Bongard-LOGO and reported 
83% accuracy. No human performance has been reported on I-
RAVEN, RAVEN-FAIR, and all PGM subdatasets. Unexpectedly, 
we found that human performance was suboptimal across five data-
sets: I-RAVEN, RAVEN-FAIR, PGM-Neutral, PGM-Interpolation, 
and PGM-Extrapolation. Notably, we found that human performance 
in the OOD generalization scenario on the PGM subdatasets was 
unexpectedly low. This suggests that the OOD problems in the PGM 
may be inherently more difficult than those in-distribution tests.

Our method leverages the human-like mechanism of MB: learn-
ing easy primitives and scaling to complex problems. Our intention 
is not to replicate every aspect of human reasoning, and the diffi-
culty control process is an engineering realization. By masking out a 
context and reinserting it as a candidate (or, in Bongard problems, 
by dropping one example from the positive and one from the nega-
tive set), we generate pseudopositive and pseudonegative pairs that 
convert the original full reasoning task into simpler contrastive 
comparison subtasks. This mechanism is supported by cognitive 
studies showing that humans rely on comparisons between positive 
and negative exemplars to solve the problem (48). However, it re-
mains an open question whether humans can solve complex problems 
by dividing into simpler subquestions. Future studies may design 
more rigorous experiments to test this hypothesis.

Induction of abstract concepts is in general difficult in ma-
chine learning. Here, we used CIM to extract abstract concepts. The 
convolution-based CIM is particularly useful to compute local con-
tingency between context images (e.g., for an RPM problem, images 
1/2/3 for the first row, and images 4/5/6 for the second row). We 
conducted a control experiment where the convolution operation 
was replaced by a transformer-like architecture (text S1 and table S1). 
The results show suboptimal performance, supporting the efficacy 
of simple convolution in concept induction. We speculate that given 
the self-supervised setting and limited context information (e.g., 

only eight context images in an RPM problem), convolution is 
a more powerful inductive bias. We also acknowledge that the 
transformer-like operation may be better suited for other forms of 
tasks, such as sequence learning or temporal reasoning. We em-
phasize that our main focus is MB-based training, not the architec-
ture of CIM. The format of CIM can be flexibly adjusted according 
to the task.

The results from human participants challenge the traditional 
view that humans have extraordinary abilities of concept learning. 
At the very least, the performance of our model reaches the level of 
human performance on these particular tasks. There are three po-
tential reasons for why human performance is suboptimal. First, 
humans excel at perceiving and recognizing visual attributes but 
may suffer limited resources to search the correct concept from a 
large number of candidate rules. For example, it has been shown 
that humans can only track or construct relationships among a lim-
ited set of targets (33, 49). This reflects the inherent limitations of 
human cognitive resources. In contrast, SSLvMB does not impose 
computational constraints on searching candidate abstract rules 
when solving a specific abstract visual reasoning (AVR) problem. 
We speculate that this is the key part that is not human-like. We also 
emphasize that SSLvMB may not have constraints when solving a 
AVR problem, but it does face computational constraints when 
learning new concepts. Otherwise, SSLvMB can learn any new con-
cepts from scratch, which is in practice infeasible. Second, our ap-
proach extracts concepts between visual features through the CIM. 
Given the large number of learnable parameters, the CIM may cap-
ture more complex intertarget relationships, thus leading to better 
performance in these concept learning tasks. Third, humans may 
not strictly follow the simple-to-complex progressive learning in 
this scenario. As a result, humans may exhibit greater uncertainty 
when facing complex conjunction of concepts, leading to poorer 
outcomes. Future studies may ask human observers to learn simpler 
concepts and then advance to more complex concept conjunctions, 
and the learning effects might be more pronounced. We also em-
phasize that our human experiments here are just a proof of concept 
that humans and machine models can be evaluated on the same tes-
tbed. However, we noted that the exact computational mechanisms 
through which humans solve the problems still remain unclear. A 
process model is needed in cognitive science to quantify human be-
havior. However, such a model may require an enormous amount of 
human behavioral data. Only with large-scale datasets can we char-
acterize the general behavioral patterns of human problem-solving.

MB as a general approach for machine learning
More generally, MB offers a domain-agnostic principle for design-
ing more effective machine learning algorithms: Learning can be 
made more efficient and generalizable by organizing experience 
around progressively structured, lower-complexity abstractions that 
support the reuse of prior knowledge. Beyond abstract visual rea-
soning, MB-style learning naturally extends to domains such as lan-
guage, reinforcement learning, and multimodal learning, where 
agents must infer a latent structure from sparse feedback. For ex-
ample, in natural language processing, models may benefit from 
first acquiring partial syntactic or semantic regularities before being 
exposed to full linguistic complexity, mirroring human language ac-
quisition (2, 47). In reinforcement learning, MB aligns with approach-
es that decompose long-horizon problems into simpler subgoals or 
skills, enabling agents to bootstrap complex policies from learned 
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primitives rather than learning end to end from sparse rewards 
(50, 51). Similarly, in multimodal and representation learning, MB 
suggests training models on simplified cross-modal correspondences 
to form stable abstract representations that can later support trans-
fer and few-shot learning (52–54). Across these domains, MB em-
phasizes the importance of structuring self-supervised experience 
by conceptual complexity, providing a unifying framework for im-
proving data efficiency, OOD generalization, and lifelong learning 
in artificial systems (17, 55).

Limitations and future directions
While SSLvMB demonstrates promising results in abstract visual 
concept learning, several limitations should be acknowledged. First, 
SSLvMB trains the model using simpler concepts during the train-
ing phase but makes inferences on more difficult scenarios during 
the testing phase. A better approach might be to directly train a 
model from simpler to difficult concepts during the training phase. 
However, this requires the complexity information of each problem 
as a priori. Second, SSLvMB’s performance, although superior to ex-
isting unsupervised methods, still falls short of many state-of-the-
art supervised (30, 56–58) methods on concept learning tasks. This 
suggests that the current architecture may not fully capture the com-
positional and hierarchical nature of human concept learning. Third, 
SSLvMB is evaluated on abstract visual concept datasets. It is un-
clear how such a model could extend to real-world scenarios, such 
as visual question answering (59) or interactive reasoning (60). Fu-
ture models could incorporate the principle of MB to solve real-word 
problems, potentially improving its robustness in diverse concept 
induction and generalization scenarios.

MATERIALS AND METHODS
Ethics and human participants
All experimental protocols were approved by the institutional re-
view board of Shanghai Jiao Tong University (H20240606C) and 
Beijing Normal University (ICBIR_A_0091_012). All research was 
conducted in accordance with relevant guidelines and regulations. 
Informed written consent was obtained from all participants (see 
demographical information in table S2).

All datasets
Experiments were conducted on several widely used datasets for ab-
stract visual concept learning: three RAVEN datasets (34–36), the 
PGM dataset (37), and the Bongard-LOGO dataset (44).
RAVEN/I-RAVEN/RAVEN-FAIR
The three RAVEN datasets are designed to emulate the structure of 
RPM (46), a well-known tool for assessing human Intelligence Quo-
tient. Introduced in 2019 (34), the RAVEN dataset includes four 
concepts—“Progression,” “Constant,” “Union,” and “Arithmetic Cal-
culations”—to describe the relations between objects. RAVEN also 
contains seven spatial configurations—“Center,”“2x2Grid,” “3x3Grid,” 
“Left-Right,” “Up-Down,” “Out-InCenter,” and “Out-InGrid”. All 
models are trained on all seven spatial configurations of all datasets. 
Each configuration contains 10,000 problems, and each problem in-
cludes eight context images and eight choice images. There are a to-
tal of 70,000 problems and 1,120,000 images. Some studies (35, 36) 
suggested that machine models trained only on the eight choice im-
ages (without the eight context images) on the RAVEN dataset can 
achieve unexpectedly high performance, revealing the potential bias 

of the RAVEN dataset. I-RAVEN (35) and RAVEN-FAIR (36) were 
constructed to eliminate the bias. Both datasets keep all context im-
ages from RAVEN but introduce different strategies to generate 
negative choice images. Experiments demonstrate that models 
trained exclusively on choice images show chance-level performance 
on I-RAVEN and RAVEN-FAIR. I-RAVEN and RAVEN-FAIR are 
thus more robust benchmarks for evaluating concept learning.

Note that these three RAVEN datasets provide not only the cor-
rect label for each problem but also several types of ground-truth 
meta-information (e.g., shape attributes and abstract rules) associ-
ated with each item. Our study did not use any meta-information.
PGM
PGM is also an RPM-like dataset. PGM consists of eight subdatas-
ets, each containing 1,222,000 problems. Similar to RAVEN, each 
problem in PGM includes eight context images and eight choice im-
ages. Each problem is governed by abstract visual concepts involv-
ing relationships such as “XOR,” “OR,” “Progression,” and “AND,” 
among objects. In the PGM-Neutral subdataset, the concepts in 
training and test sets share the same distribution. In contrast, the 
concepts in the training and tests in other seven subdatasets belong 
to different distributions. The other seven subdatasets are thus aimed 
for OOD concept generalization. OOD concept generalization is the 
hallmark of human inductive inferences. Similar to the RAVEN da-
tasets, PGM also provides meta-information of each problem, which 
was not used in our study.
Bongard-LOGO
The Bongard-LOGO dataset (44) is designed to evaluate few-shot 
concept learning. It is inspired by the classical Bongard problems 
(29), where observers are tasked with inferring visual concepts from 
just a few context images. The Bongard-LOGO dataset consists of 
12,000 binary classification problems. Each problem includes six 
positive images that share a common concept and six negative im-
ages that do not. Observers must first infer the underlying concept 
by comparing the positive and negative context images. Learning 
is limited to these 12 context images. After this learning phase, 
the observer is asked to determine whether two test images share 
the same concept as the positive images. Some objects and con-
cepts in the test set do not appear in the training set, making gen-
eralization more challenging. Concept learning in Bongard-LOGO is 
considered more difficult than in RPM-like tasks, as models must 
handle novel objects and abstract relationships using only lim-
ited visual information.

Model architecture
Visual Perceptual Module (VPM)
We modified the image encoder in (56) as our VPM for feature ex-
traction. Specifically, VPM comprises four residual blocks. Each 
block consists of two branches: a residual branch and a shortcut 
branch. The residual branch consists of three convolutional layers 
with kernel sizes of 3 × 3. The shortcut branch first uses an average 
pooling layer to process input features and then uses a 1 × 1 convo-
lutional layer to match the output dimension of the residual branch. 
The output of the shortcut branch is then added to the residual 
branch for the next block. In addition, in the first three blocks, we 
downsample the input features with a stride of 2 to enlarge the recep-
tive fields. This structure facilitates neurons to extract higher-level 
information. After four blocks, we use another 1 × 1 convolutional 
layer to reduce the feature dimension for further processing. In sum-
mary, VPM can be formulated as
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where xi
0
∈ R1×96×96 is the image i in a problem. xi

l
∈ RC×H×W is the 

lth block’s features of the image, where C, H, and W indicate feature 
channels, spatial height, and width, respectively (Fig. 3). s is the 
stride used in each ResBlock. Given an input image with a 1 × 96 × 96 
size, VPM transforms it into an embedding with a size of xi ∈ R64×12×12 . 
VPM separately extracts features from images (i.e., eight context im-
ages and eight choice images in an RPM-like problem) without con-
sidering any concepts between images.
Constructing pseudo training samples [(Ω)] on the basis of 
the reduced problems
To mimic human MB, we propose an approach in SSLvMB by trans-
forming RPM-like and Bongard problems into their reduced versions. 
These reduced formulations present fewer visual contexts for con-
cept discovery while retaining the compositional structure neces-
sary for abstraction (see Fig. 4, A to D). On the basis of these reduced 
problems, we define a pseudo sample construction function (Ω) . 
Let   denote the set of features for all images in a single problem 
obtained by our VPM (for example, for an RPM-like problem,  
comprises eight context and eight choice features, while for a Bon-
gard problem,  comprises 14 images’ features).

We then let Ω ⊆   denote a subset of these features. Define  : 
Ω→  ×  be a function that maps input features to a set of pseudo 
training samples s ∈  with binary labels y ∈  = {0, 1} . After that, 
each sample s comprises multiple image features, serving as either 
pseudopositive or pseudonegative training signals. Given the struc-
tural differences between RPM-like and Bongard problems, we spe-
cialize (Ω) accordingly and present its details below.
RPM-like problems
Let the full context features be Ωc = {x1, x2, … , x8 } , xi ∈ RC×H×W , 
and let the choice features be:Ωa = {x9, x10, … , x16 } . We define 
a reduced problem by masking out a randomly selected context 
feature xk

mask
= xk , where k is a random integer sampled from the 

range [1, 8]. The remaining context features can be represented as 
Ω

k
c
= Ωc � {x

k } . After that, the pseudopositive sample is defined by 
filling the missing cell [denoted using a question mark (?) in Fig. 4B] 
with a current masked feature

where ∪? denotes placing the right-hand element into the placehold-
er “?.” The pseudonegative samples are constructed by

To further increase the variability of pseudonegative samples, we 
apply a sampling strategy directly to the original context set Ωc and 
define the resulting pseudonegative sample as

where Sample
(

Ωc , 8
)

 denotes a random sampling procedure without 
replacement, producing a reordered or partially duplicated set of eight 
context features. With the above definition, each type of s contains mul-
tiple image features with a size of 8 × C ×H ×W . Moreover, the pseu-
dopositive sample s+ contains consistency concepts in the first two 
rows (or columns), and its final row (or column) serves as a con-
straining context that helps disambiguate competing hypotheses, 
particularly when multiple concept candidates remain consistent 
with the reduced problem. The pseudonegative samples sj and ssp dis-
rupt concepts embedded in first two rows (or columns) and therefore 
are treated as negative samples. As a result, the final pseudo sample 
construction function (Ω) for RPM-like problems is defined as

Bongard problems
Let the positive and negative features be Ωp = {x1

p
, x2

p
, … , x6

p
} and 

Ωn = {x1
n
, x2

n
, … , x6

n
} , respectively. As shown in Fig. 4 (C and D), 

we apply dropout-like operation to each feature set, in which one 
feature is randomly selected and dropped from each set. Specifically, 
the dropped features are denoted as xk

p
 and xz

n
 , where k and z are in-

tegers randomly sampled from {1, 2, …, 6}. This procedure effec-
tively converts the original 12-context problems to 10-context problems. 
In accordance with the standard dropout formulation, the remain-
ing features are rescaled by a factor of 6/5 to preserve the expected 
activation magnitude. The positive and negative feature sets in the 
resulting reduced problem are defined as follows

The pseudopositive and pseudonegative training samples in the 
reduced Bongard setting are constructed as follows

where si ∈ R6×C×H×W contains five context features and a query fea-
ture. The relationship can be extracted within each si . As a result, the 
final pseudo sample construction function (Ω) for Bongard prob-
lems is defined as

Concept Induction Module (CIM)
In both RPM-like and Bongard problems, solving the task requires 
relational abstraction—an observer must infer latent concepts (e.g., 
object identity, attribute regularities, and interobject relations) from 
the set of context images and then select the most consistent answer 
from the choice images. This inductive reasoning process inherently 
requires a comparison across images and compositions, which VPM 
alone cannot provide.

x
i
l
= ResBlockl

s=2

(

x
i
l−1

)

, l ∈ {1, 2, 3} (1)

x
i
4
= ResBlock4

s=1

(

x
i
3

)

(2)

x
i = Conv5

(

x
i
4

)

(3)

s
+ = Ω

k
c
∪? {x

k } , y = 1 (4)

s
j = Ω

k
c
∪? {x

j } , yj = 0, xj ∈ Ωa (5)

s
sp = Sample

(

Ωc , 8
)

, ysp = 0 (6)

RPM

(

Ωc ,Ωa

)

={
(

s
+, y

)

∪{
(

s
j , yj

)

, j=9, 10, … , 16}∪{
(

s
sp, ysp

)

} (7)
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=
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On the basis of the reduced problem illustrated in Fig. 4 (B and 
D), a set of pseudo training samples si ∈ RN×C×H×W and their corre-
sponding pseudo label yi are constructed, where N = 8 (or 7) cor-
responds to RPM-like (or Bongard) problems. To model cross-image 
dependencies explicitly, we introduce the CIM, which is built upon 
a specialized convolutional block, as shown in Fig. 5. Each block 
comprises a residual branch with two stacked 3 × 3 convolutional 
layers and a shortcut branch with a 1 × 1 convolution. While struc-
turally analogous to a ResBlock, this architecture is tailored for ab-
stract reasoning by learning over sets of image features. To facilitate 
the extraction of abstract concepts, CIM first reformulates the ten-
sor of si  to make relational patterns more explicit

where Reformulate transforms the input shape of N × C ×H ×W 
to a shape of C × N × L , where L =W ×H is obtained by flattening 
along spatial dimensions. After that, the ConvBlock extracts the 
concept along the second dimension (i.e., N , across different image 
features) and the third dimension (i.e., L , across feature spatials).
Optimization
Following concept extraction ci from the i-th pseudo sample, two 
fully connected layers are used as a classifier to generate a single 
logit (36, 56, 61). The prediction is supervised via a binary cross-
entropy loss computed against the corresponding pseudo label, for-
mally defined as

where t  and y are the output logit and the pseudo label, respectively. 
A is the number of pseudo samples per RPM-like or Bongard prob-
lem. B is the minibatch size. Optimization proceeds via backpropa-
gation, enabling end-to-end training of all learnable parameters 
within the VPM and CIM modules. Stochastic gradient descent is 
used for this purpose.
Testing the trained model on full problems
As the model is trained on reduced versions of the problems with 
only partial context information, a direct application to the full prob-
lem setting is a challenge. To address this, we design an inference 
protocol that preserves the structural alignment with the reduced 
training configuration while incorporating the complete context re-
quired for full problem reasoning.

For an input RPM-like problem comprising eight context and eight 
candidate choices, each candidate choice xi , i = {9, 10, … , 16} , is 
reformulated into two subreasoning problems to enable compatibil-
ity with the model trained on reduced problems. The first set is de-
fined as si1

test
= {x1, x2, x3, x7, x8, xi, x4, x5 } , which includes the first 

and third rows of the context with i-th choice features. Here, { x4 ,x5 } 
serves as the constraint on the answer space. The second set is de-
fined as si2

test
= {x4, x5, x6, x7, x8, xi, x1, x2 } using the second and third 

rows. {x1, x2 } is the constraint. Each of these sets is independently 
processed by the CIM to extract cross-image concept representa-
tions. The resulting concepts are passed through the classifier to 
yield logits ti1

test
 and ti2

test
 . The final prediction is made by selecting the 

candidate choice with the maximum combined logit across all op-
tions: argmax

i∈ { 9,10,… ,16 }

(

ti1
test

+ ti2
test

)

.

For an input Bongard problem, while the training stage uses 
dropout to transform the original setting to its reduced version, the 
testing stage evaluates concept consistency using the full set of 
images and the real choice images without dropout. Specially, after 
the VPM process, for each choice feature xi

c
, i = {1, 2} , as shown 

in Fig. 4C, we construct two sets: one composed of six positive 
features and the ith choice feature, si1

test
= {x1

p
, x2

p
, x3

p
, x4

p
, x5

p
, x6

p
, xi

c
} , 

and one composed of five negative features and the same choice: 
si2
test

= {x1
n
, x2

n
, x3

n
, x4

n
, x5

n
, x6

n
, xi

c
} . Each of these two sets is indepen-

dently processed by our CIM to extract concepts embedded across 
image features and produce logits ti1

test
 and ti2

test
 by the classifier. After 

that, the final label for the ith choice is determined by the index that 
achieves the maximum logit: argmax

j∈ { 1,2 }

(

t
ij

test

)

 , where j = 1 denotes posi-

tive and j = 2 denotes negative.
Our SSLvMB’s design enables inference over full problems while 

maintaining architectural compatibility with the reduced training re-
gime. It reflects a simple-to-complex paradigm, wherein abstract con-
cepts are initially acquired from simplified contexts and subsequently 
generalized to more complex configurations. This progression is con-
sistent with cognitive theories, which suggest that humans learn to 
abstract relational patterns from limited information before integrat-
ing additional contextual elements as cognitive load permits. Such a 
strategy aligns with the principle of human MB, allowing the model to 
extend partially learned rules to novel, fully specified reasoning tasks.

Human behavioral experiments
To systematically evaluate human performance on all tasks used on 
our models, we designed five online experiments to collect human 
behavioral data. These experiments were conducted using the I-
RAVEN (Exp-1), RAVEN-FAIR (Exp-2), PGM-Neutral (Exp-3), 
PGM-Interpolation (Exp-4), and PGM-Extrapolation (Exp-5). Hu-
man performance for other datasets, including RAVEN and the four 
test splits of Bongard-LOGO, was obtained directly from their orig-
inal published studies. The original authors of Bongard-LOGO (44) 
reported experimental results for two groups of human subjects: 
One is provided task instructions and strictly adhered to the reason-
ing logic in the instructions, and the other did not undergo such 
rigorous training. In this study, our experimental comparisons in-
clude only the results from behavioral experiments conducted with-
out specialized training.

To ensure data quality, we incorporated two validation questions 
to each tested dataset to assess participants’ engagement levels. Only 
participants who correctly answered both validation questions were 
included in the final analysis. In addition, we excluded participants 
with unusually short response times or abnormal IP addresses. This 
validation process effectively filtered out individuals who were likely 
to provide random or unreliable answers.

All experiments were conducted through the NAODAO plat-
form, where participants completed a set of questions. Each partici-
pant was required to answer 50 questions randomly selected from 
the respective dataset. The stimulus images were standardized to 
7.6% of the screen length and 12.26% of the screen width to main-
tain consistency across participants. Participants were instructed to 
complete the task within 50 min (with a maximum allowance of 
90 min), with flexibility in time allocation for individual questions. 
A mandatory 10-min break was provided after the first 25 questions, 
during which participants could rest or continue at their discretion. 
This break period was not counted toward the total response time.

s̃
i =Reformulate

(

s
i
)

, s̃
i∈RC×N×L, L=H×W

ci =CConvBlockl
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l
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, l∈{1, 2, 3}
(11)
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The experiment followed a fixed sequence of test questions, with 
each question presented on a single page. Participants began by re-
viewing a two-page instruction manual to familiarize themselves 
with the question types and interface operations. During the task, 
participants selected their answers by clicking on a choice image, 
which was automatically placed in the position of the question 
mark, allowing them to visualize the complete matrix and identify 
concepts. If participants detected inconsistencies in the patterns 
across the three rows, they could modify their selection before final-
izing their answer. Confirmed answers were submitted using the 
“Next” button to proceed to the subsequent question. In the human 
learning experiments, 100 human observers (50 for I-RAVEN and 
50 for RAVEN-FAIR) were recruited and instructed to complete the 
exact same task as the main experiment. The only difference is that 
the participants can click a link to temporally step out the current 
question and enter a pool of learning examples. All learning exam-
ples are drawn from the respective datasets and accompanied with 
the correct answer. The participants thus had exposure to a few 
learning examples to familiarize themselves with RPM concepts.

Through our validation process, we obtained valid data from 25 
participants for Exp-1 (I-RAVEN), 25 for Exp-2 (RAVEN-FAIR), 30 
for Exp-3 (PGM-Neutral), 30 for Exp-4 (PGM-Interpolation), and 
30 for Exp-5 (PGM-Extrapolation). A total of 140 subjects partici-
pated in our experiments.

Statistical analysis
We performed several statistical analyses to compare human and 
model performance. In Fig. 6, We used Welch’s t test to compare hu-
man participants’ performance against model performance on all 
datasets (i.e., I-RAVEN, RAVEN-F, PGM-N, PGM-I, PGM-E, BP-
FF, BP-BA, BP-CM, and BP-NV), except RAVEN. The sample size 
numbers of BP datasets were directly derived from the literature. 
The human performance on RAVEN is directly derived from the 
original reference. We also performed Welch’s t test to compare the 
human performance with and without learning (fig. S1).

Supplementary Materials
This PDF file includes:
Supplementary Text
Figs. S1 and S2
Tables S1 to S4
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