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Abstract4

A tiny object on the table might be a fork, but not an elephant. Humans rarely perceive objects5

in isolation; instead, they interpret scenes through relationships among co-occurring elements. But6

how do humans learn these contextual associations? We address this question through a series of7

human psychophysics experiments. First, we designed a set of context rules by replacing familiar8

household objects with novel ones. These rules capture different types of associations: global context9

(e.g., a toothbrush typically appears in bathrooms), local context (e.g., a fork often appears near a10

plate, even across rooms), and crowding effects (e.g., eggs tend to cluster together). Participants11

were exposed to short training videos showing these novel objects embedded in naturalistic scenes.12

We then tested their contextual reasoning using a “lift-the-flap” task, where the central object13

was hidden, and participants had to infer its identity based on the surrounding context. We14

also introduced contextual variations in the task by changing the size, resolution, and spatial15

arrangement of the scene context. Results show that humans can acquire contextual rules in a16

self-supervised manner without labels or feedback, and can robustly infer the hidden object across a17

range of contextual variations. To model this human capability, we introduce SeCo (Self-supervised18

learning for Context reasoning), a novel computational model for learning contextual associations.19

SeCo first identifies candidate target regions, then encodes the target and surrounding context20

using separate vision encoders. Inspired by semantic memory in biological brains, SeCo includes a21

learnable external memory module that stores latent contextual priors. Given a contextual cue,22

SeCo infers the identity of a hidden object by retrieving a likely object representation from this23

memory and regressing it toward the actual target. In contrast to existing SSL methods that focus24

on object-centric learning from single-object images, SeCo explicitly learns contextual relationships25

from complex scenes. Our results show that SeCo outperforms state-of-the-art SSL methods on the26

lift-the-flap task. Network analysis reveals that its external memory stores meaningful contextual27

knowledge, enabling accurate inference. Moreover, we also extend the context reasoning ability of28

SeCo, state-of-the-art SSL methods, and humans to object priming tasks, where they are asked to29

place target objects in context-appropriate locations. SeCo predicts object placements most closely30

aligned with human behavior. In learning to see the elephant in the room, both humans and SeCo31

reveal that scene understanding arises not from objects alone, but from the contextual associations32

that bind them together.33
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1 Introduction38

A tiny object on a table might reasonably be a fork, but never an elephant. Object recognition relies39

not just on the visual features of individual objects, but also on learned context regularities: which40

objects tend to co-occur, their relative sizes, and their typical spatial relationships. For example, a fork41

often appears with a knife, is smaller than a vase, and is typically placed to the right of the plate.42

While the field of visual neuroscience has long been captivated by the computational challenges43

of object recognition [83, 100, 56], most studies have centered on isolated objects [65, 68, 24]. There44

has been enduring interest in the statistics of natural scenes and foundational behavioral studies45

demonstrating the role of context in object recognition [5, 3, 4, 95, 74, 6, 1, 25, 11, 106], detection46

[10, 51], and search [22, 49]. Yet, how the brain learns to represent high-level contextual priors and47

integrates them with sensory input to support downstream tasks such as object recognition and detection48

remains poorly understood.49

Prior neuroscience research on contextual modulation has primarily addressed low-level visual50

processes [36, 50, 71, 58], such as extra-classical receptive fields and surround suppression. While51

foundational, these mechanisms do not account for how high-level contextual knowledge is acquired,52

represented, or applied. Recent neurophysiological studies [29] in macaques have started to explore how53

high-level context shapes object recognition, yet the developmental origins of this knowledge remain54

largely unknown. These findings also highlight persistent gaps between human and AI performance55

in using context; however, there are few concrete strategies proposed for bridging this divide through56

improved computational models.57

In recent years, interdisciplinary research in vision science and AI has made progress in modeling58

cortical processing pathways using artificial neural networks (ANNs) [52, 55, 68, 23, 81, 57, 82, 73,59

47, 40]. Some of these ANNs partially explain responses in multiple areas in the visual cortex60

[12, 62, 101, 78, 8], yet they diverge from real-world object recognition in several ways [106, 38, 39, 76].61

Humans actively move their eyes to gather context in a task-dependent manner, even when the target’s62

appearance is uncertain and the surrounding scene varies in structure and resolution [106, 49]. To63

incorporate contextual understanding into computational modeling, some computer vision studies have64

employed statistical optimization techniques [42, 102, 61, 17], graph neural networks [9, 21, 27, 53], and65

transformer-based approaches [15, 11] across tasks such as object recognition [106, 11], object detection66

[66, 20], semantic segmentation [72], and visual question answering [89]. However, most of these models67

are trained on millions of labeled images [106, 11], which is misaligned with how humans learn from68

natural environments with minimal supervisory signals.69

Evidence has shown that infants in early months form categorical representations of visually70

similar natural categories without supervision [80]. Self-supervised learning (SSL) algorithms have71

recently emerged as promising alternatives [75, 18, 19, 16, 103, 7, 99]. Although some models exhibit72

closer alignment with neural responses in cortical processing pathways in biological brains [108], they73

primarily focus on isolated single-object images and pay limited attention to inter-object relationships74

in naturalistic scenes. Investigating how humans acquire and apply contextual information with little75

supervision, along with the supporting neural mechanisms in neuroscience, provides valuable constraints76

that can guide the creation of more human-like and context-aware AI systems.77

In our work, to address how humans learn contextual associations, we conducted human psychophysics78

experiments to quantify context learning and generalization in naturalistic scenes. Participants were79

first exposed to short training videos showing novel objects embedded in scenes following predefined80

contextual rules. These rules are based on global (e.g., room-level), local (e.g., co-occurrence), and81

crowding-based associations. We then tested their reasoning in a “lift-the-flap” task, where the central82

object was hidden and participants inferred its identity based on context. Despite no labels or feedback,83

participants rapidly learned these rules and generalized across variations in context area, resolution,84

and spatial layout.85

To model this human capability, we introduce SeCo (Self-supervised learning for Context reasoning),86

a novel computational model for learning contextual associations. SeCo first identifies candidate target87

regions, then encodes the target and its surrounding context using separate visual encoders, mirroring88

the two visual pathways in the brain between ventral regions [93] (for object identity) and dorsal89

regions [44, 33, 2, 34] (for contextual and spatial layout processing). Inspired by semantic memory90

systems in the brain [3, 70, 69], SeCo incorporates a learnable external memory module analogous to91

the hippocampus and medial temporal lobe [87, 32]. This module stores latent contextual priors and92

retrieves them based on visual cues. In the “lift-the-flap” task, SeCo infers the hidden object from a93
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contextual cue by retrieving its associated memory representation and regressing it toward the target94

object, loosely echoing hippocampal pattern completion [84].95

SeCo outperforms existing self-supervised baselines on the lift-the-flap task and shows stronger96

alignment with human behavior. Analysis reveals that its external memory encodes interpretable97

groupings of contextually related objects. We further evaluate SeCo and humans on an object priming98

task, where the goal is to place objects in context-appropriate locations. Results show that SeCo99

predicts placements that closely match human choices. Together, our work demonstrates that contextual100

scene understanding in both humans and machines emerges from learning the statistical structure that101

binds objects within its complex environments.102
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2 Results103

We designed a two-stage experiment for humans and AI models: a training stage (learning to reason or104

LoR) and a test stage to measure their abilities to reason from varying contexts (fig. 1D4). For the105

test stage, we introduced two tasks, lift-the-flap, and object priming (Fig. 1C), to address “what” and106

“where” questions in context reasoning. During the LoR training stage, human subjects and AI models107

are tasked with learning contextual associations from the visual input of scenes, enabling them to108

understand relationships between objects and their environments for effective reasoning in subsequent109

tasks. In the test stage, the lift-the-flap task evaluates how humans and AI models use scene context to110

infer the category of a hidden object obscured by a black patch, relying solely on surrounding contextual111

cues. In a complementary manner, the object priming task assesses the ability to predict contextually112

appropriate regions within a scene to place a target object that is not initially present. These tasks113

provide a framework for testing contextual reasoning during inference across different scenarios. See114

Methods for details.115

To minimize biases stemming from human familiarity with real-world scenes, we curated a scene116

dataset, FRIbble in the sceNE (FRINE). FRINE features novel contextual associations by replacing117

novel objects named fribble [86] (Fig. 1D1) with existing objects in the VirtualHome environment118

[79](Fig. 1D2). We defined a set of replacements between a fribble and a VirtualHome object as a119

context rule. We designed three distinct context rules to evaluate the reasoning abilities of humans120

(Fig. 1D4, see Methods for detailed context rules). To assess the robustness of human and AI models’121

performance on lift-the-flap, we introduced three context manipulations on the FRINE dataset (blur,122

reduced, and jigsaw context) (Fig. 2C). We designed a two-stage human psychophysics experiment: a123

training stage (LoR) and a test stage (lift-the-flap, object priming) to measure human learning and124

reasoning from varying contexts (Fig. 2A, see Methods for details). Specifically, subjects were initially125

exposed to 40 training video clips, each comprising 15 to 20 frames that rotate around the replaced126

fribble and are presented only once. Each frame features the fribble alongside its surrounding objects.127

After the training phase, subjects view 40 test video clips where the replaced fribble is hidden behind a128

black box mask. Each test video clip is shown for an unbounded duration, allowing subjects to observe129

the context and make a decision regarding the identity of the hidden fribble. To investigate whether130

humans can learn to reason from context in a self-supervised manner, we introduced two training modes131

in LoR (Fig. 2ABD). We refer to human participants trained via supervised learning as “SUP humans”132

and participants trained via self-supervised learning as “SSL humans” for short throughout the rest133

of the text. In lift-the-flap, we tested 160 human subjects in online experiments recruited through134

Amazon Mechanical Turk (AMT), randomly assigning participants to different training modes, context135

rules, and context manipulations, with appropriate quality control measures in place. In the object136

priming task, we recruited 437 human subjects in online experiments through AMT. See Methods.137

for details.138

To investigate whether capturing contextual associations and consequently leveraging them during139

reasoning is a common capability of self-supervised learning (SSL) methods in AI, we considered several140

state-of-the-art baselines: Context Encoder [75], SimCLR [18], SimSiam [19], DINO [16], VICReg [7],141

ORL [99]. We further introduced a self-supervised learning method for context reasoning, named SeCo,142

which learns associations between objects and their surrounding contexts in scene images (Fig. 3A).143

When humans fixate on an object in a complex scene, they simultaneously perceive its surrounding144

objects in their peripheral vision (Fig. 1A). Similarly, SeCo incorporates an object-context discovery145

module, using an unsupervised region proposal method (selective search [91]) to locate potential146

objects of interest and features a two-stream visual processor, where objects are processed in high147

resolution while their surrounding contexts are processed at a lower resolution. As humans learn and148

memorize contextual associations after exposure to scenes, SeCo employs an external memory during149

the pre-training to simulate this underlying mechanism of context modulation. We evaluated SeCo and150

SSL baselines on both lift-the-flap and object priming tasks after fine-tuning. We curated two sets of151

natural scene datasets, COCO-OCD and COCO-VOC, to study AI models’ reasoning ability in more152

complex contexts and their robustness against domain shifts. To ensure fair comparisons, all methods153

are initialized with ImageNet-pretrained weights [26], followed by pre-training and finetuning on the154

in-domain training set (Fig. 3B), then evaluated on the in-domain test set and in a zero-shot setting155

on the out-of-domain datasets (Fig. 3C). See Methods for detailed curation process and evaluation156

protocols.157
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2.1 Human and AI can learn to reason from context without supervisions158

Humans can learn and reason from context. We first evaluated human performance on the159

curated FRINE dataset. Human learning ability varied substantially across individuals (Fig. 2E),160

consistent with pronounced inter-individual variability. Despite these differences, the top-1 accuracy of161

humans in the self-supervised learning (SSL) condition significantly exceeded that of a chance-level162

model, indicating that humans can effectively learn contextual associations and leverage them for163

reasoning even in the absence of explicit supervision (Fig. 2; SSL humans vs. chance, Welch’s two-tailed164

t-test, p < 0.05, t = 229.0, df = 1,998). Nevertheless, SSL human performance remained well below165

ceiling, underscoring the intrinsic difficulty of the task and the challenge of reasoning based solely on166

contextual cues. The mean reaction time per trial for SSL humans was 13.07 ± 2.52 seconds (Fig. 2F).167

We further examined reaction time distributions separately for correct and incorrect trials (Fig. 2G).168

The mean reaction time was 13.98 ± 3.60 seconds for correct trials and 14.77 ± 4.33 seconds for169

incorrect trials. A significant difference in response times was observed between correct and incorrect170

trials (Welch’s two-tailed t-test, p < 0.05, t = -2.5, df ≈ 621), which agrees with prior object recognition171

studies in which correct responses are typically faster [48].172

To establish an upper bound on human performance under supervised learning (SUP humans), we173

provided explicit labels for fribbles during the LoR training stage (Fig. 1D4) and subsequently tested174

participants on the lift-the-flap task. As in the SSL condition, learning and reasoning performance175

varied across individuals; however, average top-1 accuracy for SUP humans was only marginally higher176

than that of SSL humans (Fig. 3D; SSL vs. SUP humans, Welch’s two-tailed t-test, p < 0.05, t = 3.9,177

df = 1,998). This modest performance gain suggests that, for humans, self-supervised learning can178

be nearly as effective as supervised learning for acquiring and exploiting contextual information for179

reasoning. The mean reaction time per trial for SUP humans was 13.84 ± 3.70 seconds (Fig. 2F),180

which was significantly shorter than that observed for SSL humans (Welch’s two-tailed t-test, p = 0.002,181

t = -3.1, df = 621). Reaction time distributions for correct and incorrect trials are shown in Fig. 2G.182

As in the SSL condition, correct trials were associated with slightly shorter mean reaction times (14.39183

± 3.78) than incorrect trials (15.30 ± 4.56); however, this difference did not reach statistical significance184

(Welch’s two-tailed t-test, p = 0.057, t = -2.0, df ≈ 332).185

To ensure data quality and participant attentiveness, we included a memorization test after each186

video presentation during the training phase, in which subjects were asked whether they had seen187

the exact same object instance in the preceding video (Methods). As shown in Fig. S2, 145 out of188

160 human subjects using VirtualHome, and 156 out of 160 using ImageNet passed all data quality189

control criteria based on the memorization tests. To assess whether attentiveness influenced learning190

performance in SUP humans and SSL humans, we examined the relationship between memorization191

test performance and top-1 accuracy in the lift-the-flap task. We did not observe a strong correlation192

between the two (Spearman ρ = 0.12), suggesting that while most participants were attentive during193

training, learning ability in this task extends beyond mere visual attentiveness.194

Second, we compared online participant performance with that of an in-laboratory cohort (Methods).195

To further enhance human performance, we increased training duration and introduced a structured196

curriculum in the in-lab setting. We report top-1 accuracy separately for online and onsite participants197

under both SUP and SSL conditions (Fig. S5). Onsite participants consistently outperformed the198

chance model and exceeded online participants by a substantial margin of 9.7% in top-1 accuracy. These199

results further confirm that humans can learn to reason from contextual information under both SUP200

and SSL regimes. The superior performance observed in the laboratory setting is likely attributable to201

extended training and improved curriculum design.202

203

AI models can learn and reason from context with SeCo being the best. Similarly, we204

evaluated SSL methods on the lift-the-flap task using the FRINE dataset. Notably, none of the SSL205

methods had prior exposure to the FRINE dataset. Despite this, it is remarkable that these methods206

can transfer contextual knowledge learned from familiar objects to infer the identities of novel objects207

that share the same contextual rules, outperforming the chance model in a zero-shot setting (Fig. 3D,208

Welch’s two-tailed t-test, p < 0.05). This result indicates that SSL methods can generalize learned209

contextual associations to novel objects governed by the same contextual rules without task-specific210

fine-tuning. Several SSL models (SeCo, ORL, and SimSiam) outperformed SSL humans (Welch’s211

two-tailed t-test, p < 0.05) as well as the supervised baseline (Welch’s two-tailed t-test, p < 0.05),212

highlighting their effectiveness in capturing and leveraging contextual structure without explicit labels.213
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However, similar to SSL humans, the performance of SSL methods remains far from perfect, indicating214

substantial room for improvement despite their strong generalization capabilities.215

Importantly, SeCo outperformed both SUP humans and SSL humans, as well as all baseline methods,216

demonstrating its superior ability to reason from context (Fig. 3D; for all pairwise comparisons between217

SeCo and humans or other methods, Welch’s two-tailed t-test, p < 10−3). The Context Encoder [75],218

trained with pixel-level reconstruction, showed inferior performance compared to SeCo and other219

baselines, suggesting that pixel-level reconstruction emphasizes visual details while neglecting local220

contextual associations (for all pairwise comparisons between the Context Encoder and other models,221

Welch’s two-tailed t-test, p < 0.05). Contrastive methods such as SimCLR [18] were outperformed by222

non-contrastive approaches like SimSiam [19], VICReg [7], and DINO [16], likely due to the challenge223

of selecting effective negative samples in contexts with multiple co-occurring objects (for all pairwise224

comparisons between SimCLR and other models, Welch’s two-tailed t-test, p < 0.05).225

Moreover, SeCo surpassed ORL [99], a patch-wise SSL method that relies on augmented views226

of the same object instances from the same input image or different object instances from similar227

contextual images. This suggests that SeCo is more effective in context reasoning by leveraging an228

external memory system to retrieve object representations associated with relevant contextual cues.229

This mechanism guides the context encoder in SeCo to learn accurate context associations, enabling230

reliable retrieval of target representations from memory. By introducing external memory, SeCo231

transitions from object-centric to object-context associative representation learning, thereby enhancing232

context reasoning. Notably, SeCo also outperforms the supervised learning baseline, demonstrating233

that object-context associative representations can be learned without supervision.234

235

Human and SeCo performance vary across context rules and context associations. Different236

context rules impose distinct relational and inferential demands. Examining human and model reasoning237

across these rules allows us to probe how context reasoning strategies adapt under varying levels of238

structural complexity. Consistent with this, both humans and AI models showed significant variation in239

context reasoning performance across rules (Fig. 3E, one-way ANOVA, p < 0.05). In Rule 1, humans240

and AI models achieved comparable performance (Fig. S3A). However, in Rule 2, SUP humans241

outperformed SSL humans (p < 0.05, Welch’s two-tailed t-test, t = 30.6, df ≈ 1, 998), whereas the242

reverse trend was observed in Rule 3 (p < 0.05, Welch’s two-tailed t-test, t = −22.5, df ≈ 1, 998).243

Notably, SeCo consistently outperformed both groups of human subjects and other AI models in244

Rules 2 and 3 (all comparisons, Welch’s two-tailed t-test, p < 0.05), demonstrating its robustness in245

handling the varying complexity of these context rules. Despite these variations, both humans and246

SeCo maintained above-chance top-1 accuracy across all rules.247

Different objects are associated with varying contextual cues, rendering some objects easier to248

reason about than others. To examine how context association types influence reasoning ability, we249

categorized virtual home objects into three groups—global, local, and crowding—based on the nature250

of their contextual associations (Methods). For example, microwaves (global) typically appear in251

kitchens, providing a strong and unambiguous contextual cue, whereas cups (local) can occur across252

diverse environments, making context-based reasoning more challenging (Fig. 1B).253

Across association types, SUP humans, SSL humans, and SeCo all exhibited higher top-1 accuracy254

for targets with strong global associations compared to those with local associations (for all comparisons,255

Welch’s two-tailed t-test, p < 0.05). A similar pattern was observed across all model baselines (ORL,256

VICReg, SimSiam, Context Encoder, and Supervised), with each model performing significantly better257

on global than on local associations (Fig. S3; for all within-model comparisons, Welch’s two-tailed258

t-test, p < 0.05).259

Interestingly, both SUP and SSL humans achieved higher performance under the crowding condition260

than under global or local association types, suggesting a human advantage in leveraging dense261

contextual structure. This trend did not generalize to all AI models; nevertheless, SeCo consistently262

outperformed other AI models in the crowding condition. Notably, despite these variations across263

association types, both humans and SeCo maintained above-chance top-1 accuracy across all context264

association categories.265

2.2 Contextual variations influence reasoning ability in humans and AI266

To evaluate how well humans and AI models can maintain their reasoning abilities when typical visual267

and spatial cues are disrupted, we analyzed their performance of the lift-the-flap task on the FRINE268
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dataset with the normal context and the manipulated contexts, including blurred, reduced, or jigsaw269

context (Fig. 2C).270

271

Blurred context is sufficient for reasoning. Blurring the contextual region removes fine-grained272

visual details while preserving the global scene structure, allowing us to test whether humans and273

models rely primarily on low-level visual features or higher-level semantic cues for context reasoning.274

To quantify the effect of context resolution, we applied zero-mean Gaussian blur to the context with275

standard deviations of σ = 2, 4, 8, 16, and 32 pixels (video resolution: 1024 × 1280 pixels). Each276

subject experienced all blurring conditions, but never for the same target objects within the same scene,277

preventing learning, memory, and adaptation effects from confounding performance across conditions.278

Human top-1 accuracy decreased as contextual blur increased from σ = 0 (unblurred) to σ = 32279

(Fig. S4A; one-way ANOVA, p < 0.05). Interestingly, even heavily blurred context remained sufficient280

for successful reasoning in the lift-the-flap task, with human performance consistently exceeding chance281

across all blur levels (Fig. 4A; Welch’s two-tailed t-tests against chance, p < 0.05). These results282

align with prior findings showing that global scene structure can support in-context object recognition283

despite substantial loss of fine-grained visual detail in the background [106].284

Specifically, SSL humans performed on par with SUP humans across almost all blur levels (Fig. 4A;285

Welch’s two-tailed t-test, p < 0.05). Likewise, SeCo effectively reasoned from blurred contexts across286

all degrees of blurring (Welch’s two-tailed t-tests against chance, t = 800.0, p < 0.05, df ≈ 1,947),287

although performance showed a dramatic decline under extreme blurring conditions. Most SSL models288

(SeCo, ORL, SimSiam, VICReg, and DINO) consistently outperformed the supervised model under289

mild to moderate contextual blur (Fig. S4A, σ ≤ 16; for all comparisons, Welch’s two-tailed t-test,290

p < 0.05). Performance degraded substantially under extreme blur (σ = 32), leaving SeCo as the only291

SSL method that continued to outperform the supervised model (Fig. S4A; for all comparisons, Welch’s292

two-tailed t-test, p < 0.05). This robustness can be attributed to SeCo’s two-stream visual processing293

architecture, which encodes contextual information at low resolution while preserving high-resolution294

representations of target objects. This design mirrors the human periphery–fovea division in visual295

processing and supports reliable reasoning under extreme blurring by prioritizing global contextual296

cues over fine-grained visual details.297

298

Contextual areas matter for reasoning. In reduced-context scenarios, portions of the scene are299

removed or substantially minimized, leaving less information for both humans and models to infer300

object identity. We quantified the amount of available context using the context–object (CO) ratio301

[106], with values of 128, 16, 8, 4, and 2, to assess how effectively humans and models reason under302

limited contextual information (Fig. 4B).303

Both humans and SSL models were able to reason from limited context, performing significantly304

above chance across all CO ratios (Fig. 4B, Fig. S4B; for all sub-conditions, two-tailed t-test against305

chance, p < 10−3). However, progressively reducing contextual information led to a significant decline306

in performance for both humans and SSL models (for all comparisons, one-way ANOVA, p < 0.05).307

Under extreme contextual reduction (CO = 2 and 4), SSL humans significantly outperformed SUP308

humans (for all comparisons, Welch’s two-tailed t-test, p < 0.05). Similarly, SeCo was more robust309

than all other AI models, including the supervised baseline, under these minimal context conditions310

(for all comparisons, Welch’s two-tailed t-test, t = 522.0, p < 0.05, df ≈ 1,954).311

312

Context reasoning relies on spatial configuration. Jigsaw context disrupts the spatial coherence313

of a scene by scrambling the locations of surrounding objects while preserving the same set of visual314

elements. This manipulation challenges the extent to which humans and models rely on spatial315

relationships and scene layout for context reasoning. Specifically, we partitioned the context into 3× 3,316

5× 5, and 7× 7 grids and randomly permuted the pieces, while keeping the central patch containing317

the target object intact (Fig. 4C).318

Context reasoning performance for both humans and AI models was strongly affected by spatial319

configuration (Fig. 4C, Fig. S4C; one-way ANOVA, p < 0.05). However, both SUP and SSL human320

performance under the 3×3 and 5×5 jigsaw conditions did not differ significantly from the unscrambled321

context condition, likely because each larger patch retained sufficient local contextual information and322

because contextual influence decreases with distance from the target [45] (Welch’s two-tailed t-test,323

p < 0.05). Overall, humans were more robust to spatial disruption than AI models. Among all the AI324
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models, SeCo outperformed baseline methods under smaller-scale spatial disruptions (3× 3 and 5× 5),325

but its performance degraded under highly fragmented 7× 7 contexts (for all comparisons, Welch’s326

two-tailed t-test, p < 0.05).327

328

SeCo behaviors align closely with humans across contextual variations. To assess whether SeCo329

captures not only overall performance but also human-like sensitivity to different forms of contextual330

manipulation, we examined the alignment between model and human behaviors across multiple context331

conditions. Various SSL models (SeCo, ORL, and VICReg) exhibited strong linear correlations with SSL332

human performance across four contextual conditions (all r ≥ 0.8; Fig. 4D). Notably, SeCo achieved333

higher absolute accuracy than ORL while maintaining comparably high correlations with human334

performance. Despite these overall similarities, SeCo and SSL humans showed complementary strengths335

across context manipulations: SeCo outperformed SSL humans under reduced-context conditions,336

whereas SSL humans achieved higher accuracy under blur and jigsaw contexts.337

2.3 SeCo generalizes context reasoning in natural scenes338

To further assess the reasoning capability of SeCo and the rest of SSL methods, we considered the339

real-world scenario where scenes are inherently more complex, containing diverse objects, environments,340

and spatial relationships. First, we evaluated the performance of SSL methods against the chance341

model on the in-domain sets of COCO-OCD and COCO-VOC (Fig. 5A1, A3). Our results show342

that all SSL methods successfully reason from complex, real-world scenes (for all pairwise comparisons343

between SSL methods and the chance model, Welch’s two-tailed t-test, p < 0.05). Among them,344

SeCo and ORL consistently outperform the supervised baseline, highlighting their effectiveness in345

capturing meaningful associations in diverse environments without supervision (Welch’s two-tailed346

t-test, p < 0.05). Consistent with observations from the FRINE dataset, SeCo surpasses ORL by a347

larger margin on both in-domain COCO-OCD and COCO-VOC datasets (Welch’s two-tailed t-test,348

p < 0.05). These results suggest that SeCo demonstrates a superior ability to learn and reason from349

context across diverse and complex naturalistic environments.350

Next, we evaluated whether SSL methods remain robust to domain shifts in visual features during351

context reasoning tasks—for example, recognizing a bird flying in the sky regardless of whether the352

scene is depicted in Picasso or Monet styles. We evaluated all models on out-of-domain OCD test353

of COCO-OCD and PASCAL-VOC07 test of COCO-VOC in a zero-shot setting without fine-tuning.354

Compared to the chance model, all SSL methods retained their reasoning ability under domain shifts,355

with SeCo consistently outperforming all baselines across both out-of-domain datasets (Fig. 5A2, A4;356

Welch’s two-tailed t-test for all SeCo and baseline comparisons, p < 0.05). In particular, performance357

on OCD test was still comparable to in-domain COCO-VOC for all SSL methods (Fig. 5A4; one-way358

ANOVA, p < 0.05), likely because the in-domain and out-of-domain COCO-VOC datasets consist of359

natural images. In contrast, the shift from natural images in in-domain COCO-OCD to synthetic360

images in out-of-domain OCD test led to a substantial performance drop across all models (Fig. 5A2;361

one-way ANOVA, p < 0.05). Importantly, SeCo was the least affected by this domain shift, highlighting362

its ability to capture contextual associations beyond superficial visual feature correlations.363

2.4 Dissecting SeCo reveals critical components for context-based reasoning364

SeCo learns meaningful contextual associations via selective search. Objects play a critical role365

in context reasoning [28, 11]. To facilitate the learning of object–object and object–context associations,366

we introduce a context–object pair discovery module that leverages selective search [91] to propose367

regions likely to contain objects of interest (Methods).368

To assess the effectiveness of this discovery module, we replaced object–context image pairs generated369

by selective search with pairs derived from annotated ground-truth bounding boxes. Surprisingly, SeCo370

achieved higher performance with selective search than with ground-truth pairs (Fig. 5B, Ground371

Truth), suggesting that selective search proposals preserve richer or more diverse contextual cues372

than tightly localized ground-truth annotations. To further test whether selective search yields more373

informative contextual associations than random pairings, we replaced selective search proposals with374

randomly generated object–image pairs, differing only in the randomization of target region coordinates.375

As expected, random generation serves as a lower bound for the discovery module (Fig. 5B, Random376

Generation), highlighting the importance of region “objectness” for learning meaningful contextual377
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associations. We also compared selective search with the widely used random cropping strategy from378

the SSL literature, in which the input image is duplicated and randomly cropped. Replacing selective379

search with random cropping resulted in a clear performance drop, indicating that selective search’s380

object-centric region proposal mechanism is more effective for learning contextual associations (Fig. 5B,381

Random Cropping).382

Finally, to examine the role of selective search during pre-training, we analyzed both the quantity383

and quality of its region proposals (Methods). Increasing the Intersection over Union (IoU) threshold384

with ground-truth bounding boxes did not improve performance, whereas including a larger number of385

proposals led to modest gains (Fig. 5C). This suggests that proposal diversity and coverage, rather386

than precise spatial localization, are more critical for effective context learning, providing a plausible387

explanation for why selective search outperforms ground-truth bounding boxes in SeCo.388

389

SeCo stores context associations in the external memory. To study the role of external memory390

in contextual reasoning, we removed the external memory module from the default SeCo model (see391

Methods). Eliminating external memory resulted in a 12.5% drop in top-1 accuracy, highlighting the392

importance of external memory for learning object–context associations.393

We further varied the number of memory slots (Fig. S7A) from 100 to 800, observing a moderate394

improvement of 2.5% in top-1 accuracy on the lift-the-flap task. Next, we examined the effect of memory395

slot dimensionality on lift-the-flap performance (Fig. S7A) and found a non-monotonic relationship396

with top-1 accuracy. Performance peaks at a feature dimension of 512, suggesting that increased397

memory capacity generally facilitates the learning and storage of richer context–object associations.398

However, excessively large memory capacity may impair contextual reasoning, likely due to overfitting399

and reduced generalization of learned contextual knowledge.400

To probe the representations learned by the external memory, we visualized the pairwise Kullback401

Leibler (KL) divergence of attention scores across memory slots for object categories in COCO-VOC402

(Fig. 5E). Each matrix entry quantifies the divergence between the memory-slot attention distributions403

used to retrieve contextual information for a pair of object categories (see Algo. 2 for details). Darker404

values indicate greater similarity in the attended memory slots, reflecting a higher likelihood of shared405

contextual associations between object classes. Across supercategories—including vehicles, animals,406

and indoor objects, we observe clusters of contextually related object pairs. For example, televisions407

and potted plants, despite limited visual similarity, exhibit strong overlap in attended memory slots,408

consistent with their shared indoor context. These patterns suggest that SeCo’s external memory409

encodes meaningful object–context associations that go beyond low-level visual similarity.410

411

Distinct target and context representations enable relational reasoning. SeCo was trained412

with two separate encoders, Et(·) and Ec(·), for the target and context streams, respectively. We also413

evaluated a variant with weight-sharing between the encoders (Fig. 5B, Shared Encoder). This414

shared-encoder baseline achieved lower top-1 accuracy than the full SeCo model, indicating that using415

identical features for both target and context streams is insufficient for effective context reasoning.416

Separating the encoders allows the model to extract complementary representations for targets and417

their context, which facilitates the integration of relational information necessary for accurate inference.418

419

Variance and covariance losses are critical for stable pre-training. SeCo has a joint loss of MSE420

loss, covariance loss, and variance loss. Here, we remove one loss at a time to analyze its effectiveness421

on pretraining. We report top-1 accuracy on the in-domain test set of COCO-OCD in Fig. S7B.422

The result demonstrates that without variance loss, SeCo reached information collapse, aligning with423

the trend in VICReg [7]. Without covariance loss, performance drops 2% in accuracy. Different from424

the observations made in VICReg [7], without MSE loss, SeCo manages to achieve 41.72% in top-1425

accuracy without collapses. One possible reason is that starting from weights obtained on ImageNet426

[26], the encoder has captured useful visual features. Thus, adding information regularization during427

pre-training can avoid collapse even without enforcing association between contexts and targets.428

2.5 SeCo excels in object priming task429

Human vision is characterized by a remarkable ability to recognize spatial relationships and contextual430

relevance, enabling intuitive expectations about where objects should appear within a scene based on431
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surrounding cues (Fig. 1B2). To test whether SSL models exhibit a similar capacity for context-aware432

object placements, we designed an object priming task for both humans and AI models.433

We curated the Human Object Priming (HOP) dataset, which comprises semantically meaningful434

image–target object pairs drawn from the COCO-Stuff test set [13] (see Methods). For each435

image–target object pair, human priming maps were collected from participants on Amazon Mechanical436

Turk, who clicked contextually appropriate locations within a scene to place the target object (Fig. 6A1;437

Methods). To minimize crowding effects, target objects were removed from the original scenes.438

Aggregating these mouse-click responses yielded human object priming maps (Fig. 6A2; Methods).439

In parallel, AI models performed the same task on the same image–object pairs to generate machine440

priming maps (Algo. 3 and Methods).441

Human and model priming maps were compared using a similarity metric, referred to as the442

“alignment score” (Methods). SeCo achieved the highest alignment with human priming maps among443

all baselines, indicating superior ability to predict contextually relevant object placement (Fig. 6B).444

Qualitative visualizations further illustrate these differences (Fig. 6C): while baseline models often445

produced diffuse or context-insensitive priming maps, SeCo consistently identified semantically plausible446

object locations. Importantly, none of the models were trained or fine-tuned using human priming data,447

highlighting SeCo’s remarkable capacity to transfer learned contextual associations to infer semantically448

appropriate, target-relevant locations within complex scenes.449
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3 Discussion450

We examined how humans acquire and deploy contextual priors to reason about objects embedded in451

naturalistic scenes and introduced a biologically inspired computational model, SeCo (Self-supervised452

learning for Context reasoning, Fig.3A), that captures essential aspects of this capability. Across453

psychophysics experiments (Fig.2A-D), participants rapidly learned contextual rules from short,454

unlabelled videos and successfully inferred the identity of hidden objects in a “lift-the-flap” task. These455

findings demonstrate that humans can rapidly internalize environmental statistics and apply them to456

guide inference under uncertainty.457

Strikingly, participants in the self-supervised condition—who received no labels or feedback—performed458

competitively relative to those in the supervised condition (Fig.2E). This suggests that explicit459

instruction is not necessary for acquiring structured contextual knowledge. Nevertheless, supervision460

modulated the efficiency of reasoning: reaction times were shorter in the supervised group (Fig.2F),461

indicating that labeled guidance may accelerate access to contextual priors. Across both learning462

regimes, correct trials were associated with faster responses than incorrect trials (Fig.2G), consistent463

with successful retrieval of coherent contextual representations rather than guess-based decision-making.464

Contextual reasoning performance improved with longer training durations and curriculum-style465

progression (Fig.S5), suggesting that gradual exposure and structured experience enhance the formation466

of contextual priors. Because humans are already highly familiar with everyday objects and their467

real-world associations, we curated a novel object dataset, named as FRINE dataset, to minimize the468

influence of prior semantic knowledge (Fig.1D1-D4). Specifically, we introduced four unfamiliar objects469

(“Fribbles”) per rule, each systematically replacing a distinct anchor object from daily environments.470

Within each rule, these four anchor objects defined a coherent contextual structure, and the associations471

were expressed through three complementary context types: global scene-level context (e.g., room-level472

regularities), local co-occurrence relationships, and spatial clustering patterns. This design allowed us473

to simulate structured yet controlled contextual environments while preventing reliance on pre-existing474

object knowledge. Across all three rules and all context association types, humans successfully learned475

and generalized the underlying structure (Fig.3E,F). Generalization across variations in spatial layout,476

context area, and resolution (Fig.4A,B,C) further indicates that contextual knowledge is represented477

at an abstract level rather than tied to specific visual configurations. Together, these behavioral findings478

suggest that humans learn flexible, transformation-invariant representations of object–context structure479

that support rapid inference even in the absence of direct object visibility.480

SeCo captures these human behaviors through a computational architecture inspired by dual visual481

processing pathways [93, 44, 33, 2, 34] and hippocampal memory systems [87, 32] (Fig.3A). Separate482

encoders process candidate target regions and surrounding context, loosely paralleling ventral pathways483

for object identity and dorsal or scene-selective regions for spatial layout. A learnable external memory484

module stores latent contextual associations and retrieves them when only contextual cues are available.485

In the lift-the-flap task, SeCo performs inference by retrieving context-linked representations and486

regressing toward the likely target identity, analogous to hippocampal pattern completion.487

Importantly, most existing computational studies of contextual reasoning rely heavily on supervised488

learning with large-scale annotated datasets to model object co-occurrence and scene structure [5, 3, 4,489

95, 74, 6, 1, 25, 11, 106]. Even recent self-supervised learning approaches primarily focus on learning490

object-centric representations from isolated instances, optimizing invariances within single-object crops491

or global image embeddings [75, 18, 19, 16, 103, 7, 99]. As a result, these models excel at recognizing492

what an object is but are not explicitly designed to learn how objects relate to one another within493

scenes (Fig.3D, Fig.4D, Fig.5A1-A4, Fig.S3, Fig.S4). In contrast, SeCo is explicitly structured to494

learn context–object associations without category labels, embedding relational structure within an495

external memory system that can be queried for inference. By shifting the focus from object identity496

learning to structured relational learning, SeCo provides a computational framework for modeling how497

contextual priors can emerge from natural visual experience with minimal supervision.498

The external memory structure in SeCo reveals interpretable clusters of contextually related objects499

(Fig.5DE, Fig.S7), suggesting that contextual knowledge emerges as structured latent organization500

rather than correlated visual similarities. This parallels evidence from cognitive neuroscience proposing501

that semantic memory encodes relational structure linking objects within shared environments [3, 70, 69].502

The ability of SeCo to retrieve context-conditioned representations demonstrates that contextual503

reasoning can emerge from self-supervised learning when models are explicitly equipped with mechanisms504

for structured memory storage and retrieval.505
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Beyond average task accuracy, it is important to examine the nature of generalization. Humans506

successfully transferred learned contextual rules across variations in scene appearance and spatial507

configuration, indicating that contextual knowledge is not tied to superficial image statistics. Similarly,508

SeCo generalized beyond training layouts (Fig.3D, and Fig.5A2,A4), suggesting that its memory509

module encodes relational structure rather than memorizing individual visual exemplars. In an object510

priming task where both humans and machines are asked to place the target object in a contextually511

relevant region in the scene, SeCo’s predicted placements closely matched human choices (Fig.6),512

further supporting the idea that both humans and the model learn probabilistic priors governing513

object-context compatibility.514

Even when SeCo approximates human contextual reasoning (Fig.4D,E and Fig.6B), the mechanisms515

may differ in important ways. First, the current model assumes explicit candidate region identification,516

whereas humans may dynamically allocate attention and integrate context over sequential fixations517

[105, 96, 28, 104]. Second, the memory module in SeCo is implemented as a static external store;518

biological memory systems likely involve recurrent dynamics, consolidation processes, and interaction519

with broader cortical networks [46, 85, 98, 30]. Third, learning in SeCo occurs through gradient-based520

optimization over curated training images, whereas humans acquire contextual knowledge through521

lifelong multimodal video experience with rich sensory feedback [14, 107, 54]. Fourth, the current522

experiments focus on predefined contextual rules; natural environments exhibit far more complex and523

hierarchical statistical dependencies [97]. Finally, SeCo does not yet incorporate high-level semantic524

reasoning, causal understanding, or world knowledge that may further constrain human contextual525

inference (e.g., physical plausibility [92] or social conventions [63, 77]).526

These limitations suggest several promising directions. Future work could incorporate active visual527

exploration, allowing models to gather contextual information sequentially. Integrating multimodal528

cues, such as language or action affordances, may more closely approximate real-world learning.529

Modeling developmental trajectories, such as how contextual priors emerge over time, could further530

bridge computational models and developmental psychology literature. Finally, incorporating adaptive531

memory updating and cross-task transfer may clarify how contextual reasoning interacts with broader532

cognitive systems.533

The present findings advance our understanding of how contextual knowledge is acquired and534

applied. Rather than viewing context as a post hoc modulation of object recognition, our results535

suggest that contextual structure is learned as a core component of scene understanding and can guide536

inference even when direct sensory evidence is absent. SeCo demonstrates that self-supervised learning,537

when coupled with structured memory mechanisms, can approximate this human capability. Together,538

our behavioral and computational results support the idea that contextual scene understanding emerges539

from learning the statistical structure that binds objects within their environments, enabling invariant,540

rapid, generalizable reasoning about what belongs and what does not within a given scene. In doing so,541

we move closer to understanding how humans and machines learn to see the elephant in the room.542
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4 Methods543

4.1 Human Psychophysics Experiments544

To evaluate human capacity for learning contextual associations and reasoning from context, we545

conducted three psychophysics experiments. In the first experiment, participants learned novel546

contextual rules and applied them to infer the identity of a hidden object in synthetic images, a547

task we refer to as the lift-the-flap task. We systematically varied experimental parameters, such548

as the size, resolution, and spatial configuration of contextual cues, to examine the robustness and549

invariance of context-based reasoning. In the second experiment, we extended the training duration550

and introduced a structured curriculum to further enhance the ability to acquire and apply novel551

context-object associations. The third experiment used real-world scenes in an object priming task,552

where participants placed a given object in a contextually appropriate location within the scene.553

Together, these experiments assess human ability to learn contextual rules and apply them to infer what554

an object is and where it belongs, spanning tasks from simple synthetic setups to complex naturalistic555

environments. All participants had normal or corrected-to-normal vision, provided written informed556

consent, and were compensated at a rate of 20 SGD per hour. Experiment durations varied: the first557

and the second lasted approximately 40-60 minutes, and the third lasted approximately 6 minutes. All558

studies were approved by our Institutional Review Board.559

4.1.1 Learning to Reason from Novel Context Rules560

Fribble in the Scene (FRINE) Dataset. Humans accumulate years of experience navigating561

complex scenes in daily life. To assess how effectively they can learn and apply contextual associations562

independent of prior knowledge, we introduced novel objects and constructed new contextual associations563

between these unfamiliar objects and familiar household environments. Specifically, we developed564

the Fribble in the Scene (FRINE) dataset using novel object families from the NOD dataset [86].565

These fribbles, characterized by distinct body structures and appendages, are unfamiliar to humans.566

We synthesized realistic indoor scenes using the Unity-based VirtualHome environment [79], which567

contains seven apartments and five types of furnished rooms such as kitchens and bedrooms. By568

embedding fribbles into these environments, we ensured that the contextual associations encountered569

by participants were both ecologically valid and entirely novel.570

571

Context associations. To study familiar contextual associations with novel objects, we replaced572

common household items in VirtualHome with fribbles. Specifically, we selected eight VirtualHome573

objects (Fig. 1D): keyboard, mouse, cake, cup, remote, microwave, toothbrush, pillow, and knife, based574

on the types of contextual associations they exhibit (Fig. 1B, right). First, global association refers575

to objects that appear exclusively in a specific place without co-occurrence of other object categories;576

for example, toothbrushes appear only in bathrooms and microwaves only in kitchens. Second, local577

association refers to objects that either appear in multiple locations or co-occur with other types; for578

example, keyboards always appear with computer mice, but can be located in the common room, study,579

or bedroom. Third, the crowding effect describes cases where multiple instances of the same object580

appear together, such as eggs grouped in dozens or knives arranged in a set.581

582

Context rules. To curate context rules, four families of fribbles in the NOD dataset (Fa1, Fb1, Fb3,583

Fc1 ) were to match with four out of the selected eight household objects (Fig. 1D4). Consequently,584

there were A8

4
= 1680 possible combinations of replacement choices, which is impractical to handle.585

Therefore, we manually curated three combinations (in the format of the fribble-VirtualHome object586

to be replaced), where each specific combination is considered as a novel context rule: (1) Rule 1:587

Fa1-microwave, Fb1-mouse, Fb3-knife, Fc1-cup; (2) Rule 2: Fa1-pillow, Fb1-keyboard, Fb3-yoothbrush,588

Fc1-mouse; (3) Rule 3: Fa1-mouse, Fb1-cup, Fb3-pillow, Fc1-cake.589

590

Object-centric videos. Humans perceive the world as a continuous stream of visual input in complex591

scenes [86]. To loosely approximate this visual experience, we generate video clips in which the592

fribble object of interest remains centered in each frame while the camera rotates around it. In the593

NOD dataset [86], each fribble family consists of five object instances (e.g., the Fa1 family includes594

Fa1 1231, Fa1 1322, Fa1 2333, Fa1 3123, and Fa1 3212). To curate video clips, we randomly select595
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one instance from each family and replace the corresponding household object in the VirtualHome596

environment, following the specified context rule. A camera is configured to rotate around the fribble597

while maintaining a fixed attitude angle, capturing a maximum of 20 fixed viewpoints per clip. These598

viewpoints are spaced by 18 degrees in azimuth, ranging from 0 to 342 degrees, with a constant radius599

of 1.5 meters. To enrich the range of object views, we vary the camera’s elevation angle across four600

levels: 0, 20, 40, and 60 degrees, generating multiple videos for the same object. Unity’s built-in ray601

casting and collision checking libraries are used to ensure that the camera does not collide with or602

get occluded by surrounding objects. Videos are recorded at 1 frame per second with a resolution of603

1280×1024 pixels, subtending 24.4× 19.6 degrees of visual angle. Any frames affected by occlusions or604

collisions are skipped, resulting in video durations ranging from 10 to 20 seconds.605

606

Training phase of learning to reason. We recruited 160 human participants using Amazon607

Mechanical Turk (MTurk), with subjects’ informed consent. These participants were drawn from a608

pool of “master workers” who had completed at least 100 approved Human Intelligence Tasks (HITs)609

with a 95% approval rate. In the training phase, each subject was randomly assigned to one of three610

context rules. Each subject viewed 40 training videos, with 10 videos sampled per Fribble family. To611

assess whether participants could learn the context rules without explicit supervision, we introduced612

two learning modes:613

• supervised learning (SUP), where red bounding boxes highlighting the target object and its614

label (e.g., “fa1”) were provided.615

• self-supervised learning (SSL), where only the bounding boxes were shown without any labels.616

Subjects assigned to the same context rule and learning mode viewed the same 40 training videos.617

The videos were randomly shuffled and presented only once, with each lasting between 10 and 20618

seconds. Video resolution was downsampled to 640×512 pixels subtending 12.8× 10.1 degrees in visual619

angles to minimize internet delays (Fig. S1A1).620

To ensure data quality and participant attentiveness, we included a memorization test with a 50%621

probability after each video (Fig. 1D1, Fig. S1A2). In each test, subjects were shown a visual622

stimulus and asked whether they had seen the exact same object in the preceding video. These stimuli623

were sampled from one of the following three categories:624

• (1) VirtualHome-Present: A positive sample cropped from the last frame of the current training625

video.626

• (2) VirtualHome-Absent: A negative sample cropped from an object in a different apartment,627

ensuring it was not present in the current video.628

• (3) ImageNet-Absent: A negative sample randomly drawn from ImageNet [26], guaranteed to629

be absent from all training videos.630

Each category was sampled with equal probability (33.3%), and participants were asked: “Did you see631

the EXACT SAME object instance in the last video?” Subjects made a binary decision. To pass the632

quality control, participants were required to make fewer than six errors across the VirtualHome-Present633

and VirtualHome-Absent tests, and fewer than two errors on ImageNet-Absent tests. The memory recall634

error rates are reported in Fig. S2A1, B1. Only data from participants who passed the memorization635

tests were included in the final analysis.636

637

Test Phase on Lift-the-Flap: What is the target object? Following the training phase,638

participants entered the test phase involving a lift-the-flap task designed to probe the “what” aspect of639

context reasoning (Fig. 1C1). Each participant was randomly assigned a unique test set consisting of640

40 test videos. In this task, human subjects were required to rely solely on contextual information to641

infer the class identity of a hidden target object in each video. The target object was obscured by a642

black patch, and the video could be viewed an unlimited number of times. All videos were presented643

at a resolution of 640×512 pixels, subtending 12.8× 10.1 degrees of visual angle, and had a duration644

ranging from 10 to 20 seconds (Fig. S1B1).645

646

Context manipulation. To evaluate the robustness of human reasoning under altered visual contexts,647

we introduced four types of context manipulations in the test videos:648

14



• (1) Normal context: No manipulation applied.649

• (2) Blur context: Gaussian blur applied to the context (i.e., all video regions excluding the650

black-patched target area), with one of five kernel sizes (σ = 2, 4, 8, 16, 32 pixels for frame size651

= 1024×1280 pixels).652

• (3) Context area: Context was removed according to five different context-object (CO) ratios653

(128, 16, 8, 4, 2), where the CO ratio refers to the proportion of image area excluding the target654

object, relative to the size of the target object.655

• (4) Jigsaw context: Context was scrambled into non-overlapping pieces of size 3×3, 5×5, or656

7×7 and then shuffled.657

Each manipulation was applied only to the surrounding context, leaving the target region untouched.658

For the CO=128 condition in the context area manipulation and the 7×7 jigsaw condition, we excluded659

cases where the fribble object occupied more than 0.5% of the image area. Each test video was660

randomly assigned to one of the four context manipulation types (normal, blur, area, jigsaw) with661

equal probability (25%). If a video was assigned to blur, area, or jigsaw, it was then randomly assigned662

to one of its sub-conditions with a probability of 20%, 20%, or 33.3%, respectively.663

To ensure data quality and participant attention during the test phase, we embedded three dummy664

checks. Specifically, we selected one image each of a dog, cat, and fish from ImageNet [26]. These665

images were presented after the 10th, 20th, and 30th test videos, with the question “Is this object a666

[LABEL]?”, where “[LABEL]” was randomly substituted with a label, either “dog”, “cat”, or “fish”.667

Participants were required to make a binary judgment on whether the shown object matched the given668

label (Fig. S1B2). Only those who correctly answered all three dummy tests passed the quality check.669

Out of the 160 participants, 108 passed the quality controls for both the training and test phases,670

resulting in 4320 valid trials. Each context sub-condition within each learning mode included an average671

of at least 85 trials.672

4.1.2 Learning to Reason with Longer Training and Better Curriculum673

In education, students follow a structured curriculum where each new concept builds on and reinforces674

prior knowledge. Thoughtful curriculum design is essential for improving learning in humans [86, 88].675

To investigate whether human reasoning from context can be further improved, we extended the training676

duration and implemented a structured curriculum in a controlled lab setting, free from distractions677

to ensure participants remained attentive throughout the experiment. We recruited a total of 20678

participants. Each was assigned to learn only Context Rule 1 and randomly placed into either a679

supervised or self-supervised learning mode. All subjects viewed the same set of 40 training videos680

corresponding to Context Rule 1 but each video was shown multiple times according to the structured681

curriculum design: (1) in the first stage, 10 videos from each fribble category were shown sequentially;682

(2) in the second stage, 5 videos from each category were interleaved; (3) in the final stage, 10 videos683

were presented from the two most difficult fribble categories identified in earlier experiments (Fb3 and684

Fc1). In total, each participant viewed 80 training videos, each with a resolution of 640×512 pixels685

subtending 12.8× 10.1 degrees in visual angles and their durations ranging from 10 to 20 seconds. As686

in the previous online experiments, memorization tests were included during training.687

Participants then proceeded to the same testing phase as in the previous online experiments,688

performing the lift-the-flap task. For consistency, each subject was randomly assigned a unique test set689

of 40 videos drawn from the online experiment pool. All four context manipulations, and the dummy690

checks during testing, were retained. A total of 15 out of 20 participants passed the quality control691

criteria, resulting in 600 valid trials, with at least 75 trials per context manipulation condition per692

learning mode on average.693

4.1.3 Lift-the-Flap: What Is the Target Object behind the Flap?694

COCO-OCD and COCO-VOC Datasets695

To further evaluate the reasoning capabilities of AI models, we considered the real-world scenario696

with inherently complex scenes featuring diverse objects, environments, and unpredictable spatial697

relationships. We specifically considered one base natural scene dataset COCO-Stuff [13], which698

originally contains 160K natural images from MSCOCO [64] with 80 thing classes and 91 stuff classes699
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in total. Importantly, this dataset captures complex relationships between multiple objects and carries700

rich contextual information. To evaluate whether the learned contextual knowledge from AI models can701

generalize well in out-of-domain settings, we considered two base datasets: (1) Out-of-Context Dataset702

(OCD) [11], which originally contains 15,773 synthetic test images of indoor scenes with 36 classes under703

6 different contextual conditions. In our work, we only consider the normal context condition with704

2,309 test images. (2) PASCAL-VOC07 Dataset [35], which originally contains 9,963 images of realistic705

scenes with a total of 20 object classes. We designed two custom datasets, curated from COCO-Stuff,706

OCD and PASCAL-VOC07 as follows (Fig. S8).707

COCO-OCD. The custom dataset includes one training set derived from COCO-Stuff and two test sets708

derived from COCO-Stuff and OCD. The training and test images are from 15 overlapping classes shared709

between the two base datasets: wine glass, cup, knife, bowl, apple, cake, mouse, remote, keyboard, cell710

phone, microwave, book, toothbrush, pillow, and towel. We refer to test images from COCO-Stuff as711

in-domain COCO-OCD, and test images from OCD as out-of-domain COCO-OCD.712

COCO-VOC. The custom dataset includes one training set derived from COCO-Stuff and two test sets713

derived from COCO-Stuff and PSACAL-VOC07. The training and test images are from 20 overlapping714

classes shared between the two base datasets, in a hierarchy of superclass and subclass: (1) Person:715

person; (2)Animal : bird, cat, cow, dog, horse, sheep; (3) Vehicle: aeroplane, bicycle, boat, bus, car,716

motorbike, train; (4) Indoor : bottle, chair, dining table, potted plant, sofa, tv/monitor. We refer to717

test images from COCO-Stuff as in-domain COCO-VOC, and test images from PASCAL-VOC07 as718

out-of-domain COCO-VOC.719

4.1.4 Object Priming: Where to Put the Target Object in the Scene?720

To further evaluate the reasoning capabilities of human subjects, we introduce the object priming721

task to address the problem of “where” in context reasoning (Fig. 1C2) in complex real-world scenes722

featuring diverse objects, environments, and regular spatial relationships. In this task, human subjects723

are given an image and a target object as inputs and have to predict contextually correct locations for724

placing the target object.725

To curate a dataset of semantically meaningful image–object pairs for the object priming task, we726

sampled images from the COCO-OCD test set that contained at least three object classes from the 15727

selected categories. For each image, we manually assigned a target class—corresponding to the object728

to be placed—by selecting a semantically appropriate category from the same 15 classes, while ensuring729

that the target class was not already present in the image. This procedure resulted in 864 semantically730

meaningful image–object pairs drawn from 206 unique natural images. We refer to this dataset as the731

Human Object Priming (HOP) dataset.732

We recruited a total of 437 human participants via Amazon Mechanical Turk (AMT). For each733

participant, we randomly sampled 20 image–object pairs and presented each of them to human subjects734

with an image of size 800× 800 pixels, subtending 15.56◦ × 15.56◦ of visual angle, together with the735

question “Where would you put this [obj]?”, where [obj] denotes the sampled target object. Participants736

were instructed to make 10 non-repeated mouse clicks on semantically relevant regions of the image737

(Fig. S1C). Each image–object pair was completed by 3–7 participants. To ensure equal coverage738

across all image–object pairs, we randomly subsampled click data from 3 unique participants per pair739

(10 clicks each; 30 clicks total). These 30 click coordinates were consolidated to generate human priming740

maps.741

Specifically, we first divided each 800× 800 stimulus image into a 32× 32 grid, yielding 1,024 cells742

of size 25× 25 pixels. Mouse clicks were aggregated within each grid cell such that the pixel intensity743

reflected the number of clicks. The resulting 32× 32 priming map was then smoothed using an 11× 11744

Gaussian filter, resized to 224× 224, and min–max normalized to produce the final human priming745

maps.746

4.2 Models747

4.2.1 SeCo748

We propose a Self-Supervised Learning Method for Context Reasoning (SeCo) which learns associations749

between objects and their contexts in natural images (Fig. 3A). SeCo consists of three components:750

(a) object discovery module, (b) two-stream visual processor, and (c) external memory. First, the target751
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Algorithm 1: PyTorch-style pseudocode for SeCo
# Ec, Et: context and target encoders

# pc, pt: context and target projectors

# M: external memory shaped in K-by-H

# pk: key projection of external memory

# mse: mean square error loss

# var loss: variance loss

# cov loss: covariance loss

# alpha, beta, gamma: weightage of each loss component

# load a batch of N images

for x in loader:

# randomly augmented target and context

t, c = augment(x)

# encode and project context, target stream

hc, ht = Ec(x), Et(x) # N x D

sc, st = pc(hc), pt(ht) # N x H

# compute keys of memory

m = pk(M) # K x H

# retrieve memory

p = softmax(dot(sc, m))/sqrt(H) # N x K

sc = p * M # N x H

# calculate loss and update

loss = alpha * mse(sc,st) + beta * (var loss(sc) + var loss(st)) / 2 + gamma *

(cov loss(sc)+ cov loss(st))

loss.backward()

discovery module uses unsupervised region proposal methods to locate potential objects of interest752

on a full image If . Each region proposal together with the full image If is subsequently converted to753

pairs of target images It and context images Ic. Second, the two-stream visual processor consists of754

two independent convolutional neural network (CNN) encoders and projectors, extracting information755

from It and Ic, respectively. Third, SeCo employs a trainable external memory to store knowledge756

priors about contextual associations learned during training phase. Features from Ic serve as queries to757

retrieve context-relevant prior knowledge from the external memory with an attention mechanism. The758

retrieved information provides the complementary signal to the context stream and gets compared with759

the target features from It of the object stream to maximize the agreement between the stored prior760

knowledge and the context-relevant object in the embedding space (see Algo. 1 for the PyTorch-style761

pseudocode of SeCo’s pre-training algorithm).762

763

Context-Object Pair Discovery. Objects play an important role in context reasoning [31]. To learn764

object-object and object-context associations, we propose a context-object pair discovery module to765

exploit regions containing objects of interest. We adopt the selective search algorithm [91] to generate766

regions of interest (RoI) that potentially contain objects. It is worth noting that selective search767

is an unsupervised learning algorithm. It performs heuristic searches on hundreds of anchor boxes768

and proposes RoIs by hierarchically grouping similar regions based on color, texture, size, and shape769

compatibility. To reduce false positives among many RoIs, we filter out resultant regions according to770

their area ratio (with a maximum of 0.1) and aspect ratio (within 0.2 and 5). Moreover, we merge RoIs771

with heavy overlaps by setting the threshold of IoU (intersection over union) as 0.3. For each selected772

RoI, we generate a pair of target images It and context image Ic. It is cropped out of full image If .773

The entire image with the RoI blacked out with zeros forms the context image Ic.774

775

Feature Extraction with CNN. Due to eccentricity dependence, human vision has the highest acuity776

at the fovea and the resolution drops sharply in the periphery with increasing eccentricity [45, 37]. For777

example, while we are fixating on the mug on the table, the mug is often perceived in high resolution778

while the context gist of the kitchen scene is processed at low resolution in the periphery. Taking779

inspiration from this observation, we propose a two-stream visual processor, with one object stream780

dedicated to encoding the target image It and the other context stream dedicated to encoding the781

context image Ic. The encoded representations are denoted as hc = Ec(Ic) and ht = Et(It), where782
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Et(·) and Ec(·) are target and context encoders and ht and hc ∈ R
D. Of note, we do not enforce783

weight sharing between the encoders. We demonstrate the benefit of this approach in the model analysis.784

785

Training With An External Memory. As suggested by cognitive and neuroscience works [106, 83,786

90], context processing often happens very fast in the brain. The perceived scene gist serves as a query787

to retrieve prior knowledge from the semantic memory to modulate object recognition in a top-down788

manner. To mimic this underlying mechanism of context modulation, we introduce an external memory789

with trainable parameters, accumulating prior knowledge of contextual associations. Different from790

the well-established cross-attention mechanism [94], the objective of our external memory focuses on791

dynamically retrieving and updating the prior knowledge.792

We define the external memory as a 2D matrix with trainable parameters, which consists of K793

memory slots of H dimension, denoted as M = {m1, ...,mK},M ∈ R
H×K . Each memory slot is794

associated with a key, where Pk(·) : RH → R
H defines the linear mapping from the memory content795

to the keys Pk(M). The encoded representation hc from the context stream serves as queries to the796

external memory after a projection operation Pc(·) : RD → R
H . The retrieved prior knowledge sc ∈ R

H
797

from M can then be represented as798

sc = SOFTMAX(
Pc(hc)Pk(M)T√

H
)M (1)

where SOFTMAX(·) is the standard softmax operation.799

800

Loss Components. To encourage M to learn rich and meaningful context-object associations, we801

introduce three types of losses. Ideally, given only the scene gist, the retrieved prior sc from M should802

represent useful object information related to the given context (i.e., “what could be the target object803

given the scene gist” versus “the actual object seen in the scene”). Thus, we apply a mean squared error804

loss lmse to maximize the agreement between sc and ht. To make the vector dimension comparable, ht805

is projected to st ∈ R
H in the embedding space via the projection Pt(·).806

As shown by previous works in non-contrastive learning [7, 19], maximizing the agreement between807

two-stream visual processors alone may lead to model collapses (e.g., where the external memory stores808

and outputs trivial knowledge of all zeros, while the visual processor encodes images to representations809

of all zeros). In this case, sc and st align perfectly, but the encoded object representations and content810

in M are meaningless.811

Thus, to prevent model collapses, we follow [7] to enforce covariance Lcov and variance Lvar812

regularization on both object and context streams. Lvar maintains the variance of batch-wise813

representations, encouraging object class diversities, while Lcov de-correlates channel-wise variables to814

diversify attributes of an embedding, i.e., maximize independent attributes to represent objects. SeCo815

is jointly trained with the total loss:816

Ltotal = αLmse(sc, st) + β[Lvar(sc) + Lvar(st)] + γ[Lcov(sc) + Lcov(st)] (2)

where α = 25, β = 25 and γ = 1 are hyper-parameters weighting different loss components.817

818

Data Augmentations. Data augmentation techniques are widely used at image levels in SSL literature.819

We applied standard image augmentations on both It and Ic, including color jitter, grayscale, horizontal820

flip, gaussian blur, and color normalization using the existing library PyTorch. Moreover, the random821

resized crop is another effective technique in SSL. However, directly applying this approach is not feasible822

in our case. Thus, we extended the standard approach to context-object image pairs with context-aware823

crops by ensuring that the relative locations among objects are preserved and the bounding box824

encompassing the target object is always intact and present on Ic after geometric transformations.825

826

Model Architecture. We use ResNet-50 [47] with D = 2048 output units as encoders Ec and Et.827

We set the size of M as K ×H = 200× 8192 and initialize M by the Xavier uniform initializer [41].828

Following VICReg [7], the projectors Pc, Pt, and Pk are implemented as three fully connected layers829

with 8192 units per layer and ReLU activations between layers.830
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4.2.2 Baselines831

Given that ground truth labels are costly to obtain for supervised learning and that much larger832

datasets can be used without labels, SSL has become an emerging trend in AI. We considered seven833

state-of-the-art SSL methods with different types of pretext tasks: (1) Context Encoder[75] is trained834

to reconstruct missing image regions based on the surrounding pixel context. Since Context Encoder835

was originally trained with AlexNet [60], we re-implemented it with the standard ResNet-50 backbone836

(Fig. S6) for fair comparisons with SeCo and other SSL methods. (2) SimCLR [18] is a contrastive837

learning framework that maximizes agreement between differently augmented views of the same image.838

(3) SimSiam [19] is a non-contrastive method that minimizes the negative cosine similarity between839

the prediction from one branch and the (stop-gradient) projection from the other branch. (4) DINO840

[16] is a self-distillation approach where a student network mimics a momentum-updated teacher. (5)841

VICReg [7] prevents collapse by explicitly regularizing embedding variance and covariance. (6) ORL842

[99] takes an object-level approach that leverages unsupervised masks to align object representations.843

(7) The supervised learning baseline was trained using a classification loss with ground-truth labels844

of the target object. For fair comparisons, all the methods used standard ResNet-50 backbones, with845

weights pre-trained on ImageNet obtained from their own public checkpoints. We used the same846

implementations from their original papers.847

4.2.3 Experimental Setups for Quantity-quality Analysis of Selective Search848

To investigate the role of selective search in SeCo, we compared the default model against three variants849

that modify the generation of target and context image pairs (It, Ic) (Fig. 5B). In the Ground850

Truth variant, the context-object discovery module is replaced with human-annotated bounding boxes,851

ensuring that target images contain precisely localized objects. The Random Generation variant852

preserves the same number of region proposals as the default SeCo model (Selective Search) but replaces853

them with randomly generated coordinates, thereby testing the importance of object-centric visual854

signals. The Random Cropping variant forms the target–context pair by applying two independent855

random crops to the same input image, removing the explicit fovea–periphery relationship induced by856

the discovery module.857

To further examine how the quantity and quality of region proposals influence SeCo pre-training,858

we systematically varied both factors. We first scored each proposal using its intersection-over-union859

(IoU) with ground-truth bounding boxes. We retained images from the COCO-OCD training set that860

contained at least 10 proposals with IoU greater than 0.3, resulting in 19.7K images. The following861

protocols were used to benchmark SeCo with respect to proposal quality and quantity.862

[Quality]. We filtered proposals using an IoU threshold γ, yielding a proposal pool Bγ = {b | IoU(b) >863

γ}. To isolate proposal quality, we fixed the number of proposals per image Ii and varied only γ.864

Specifically, we randomly selected five proposals from Bi
γ while varying γ ∈ {0, 0.1, 0.2, 0.3}. Training865

and evaluation followed the procedure described in Sec. 4.1.1.866

[Quantity]. We fixed the IoU threshold at γ = 0. For each image Ii, we varied the number of867

proposals in {5, 10, 20, 30} by randomly sampling from Bi
γ=0

. Training and evaluation followed the868

same procedure described in Sec. 4.1.1.869

4.2.4 Experimental Setups for Memory Configurations870

To examine the role of stored semantic priors in contextual reasoning, we incorporate a learnable871

external memory module into the SeCo architecture (see Sec. 4.2.1). This module is intended to872

emulate the medial temporal lobe and hippocampal systems of the brain, which encode and retrieve873

contextual associations acquired from exposure to natural environments.874

We investigated the impact of memory configurations by systematically altering the encoding and875

memory components (Fig. 5B). In the No Memory variant, we remove the external memory module876

to evaluate the role of stored contextual priors at inference, forcing the model to rely exclusively on877

the projection of the encoded context features sc = Pc(hc) in contrast to Equ.1. Furthermore, we878

varied memory capacity by adjusting the number of memory slots K and the feature dimensionality H879

(Fig. S7A). Lastly, we introduce the Shared Encoder variant, which enforces weight sharing between880

the target encoder Et and the context encoder Ec, to evaluate whether a unified feature representation881

is sufficient for relational reasoning.882
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To interpret the contextual associations learned by the external memory, we provide a visualization883

based on attention score distributions. For each sample in the COCO-VOC evaluation set, we884

identify the memory slot receiving the highest attention weight. These activations are aggregated into885

category-wise distributions to determine which slots are most frequently associated with specific object886

classes. To quantify the overlap in contextual knowledge across categories, we compute the pairwise887

Kullback–Leibler (KL) divergence between the corresponding attention distributions (see Algo. 2).888

This analysis provides a measure of shared contextual associations among different object categories.889

Algorithm 2: PyTorch-style pseudocode for calculating pairwise KL divergence of attention
score over memory slots for object categories in COCO-VOC.
# Ec: context encoders

# pc: context projector

# M: external memory shaped in K-by-H

# F: frequency matrix-shaped in C-by-K

# D: pair-wise KL-divergence matrix-shaped in C-by-C

# product: cartesian product of two sets

# kld: KL-divergence function

for x, label in loader:

# obtain erased context

c = erase(x)

# encode and project context stream

hc = Ec(x) # 1 x D

sc = pc(hc) # 1 x H

# compute keys of memory

m = pk(M) # K x H

# retrieve attention score over memory slots

p = softmax(dot(sc, m))/sqrt(H) # 1 x K

# sharpen the distribution

top1 = p.max(0)[1]

F[label, top1] += 1

# calculate pairwise KL-divergence

for i,j in product(range(C), range(C)):

F[i] = (F[i] - F[i].min()) / (F[i].max() - F[i].min())

F[j] = (F[j] - F[j].min()) / (F[j].max() - F[j].min())

pi, pj = softmax(F[i]), softmax(F[j])

D[i,j] = kld(pi, pj)

4.2.5 Experimental Setups for Loss Component Configurations890

To disentangle the individual contributions of different information constraints to stable pre-training891

and contextual association, we analyze the joint training objective of SeCo. The overall loss comprises892

three terms: mean squared error (Lmse), variance regularization (Lvar), and covariance regularization893

(Lcov), with their relative contributions controlled by hyperparameters α, β, and γ (see Eqn. 2). We894

introduce ablated variants that systematically remove one loss component at a time to assess its role895

in enabling contextual association without representational collapse. The results show that all three896

components are necessary for optimal performance, while removing any single term leads to degraded897

performance or training instability, including model collapse (Fig. S7B).898

4.2.6 Benchmarking AI Models899

Training AI models for lift the flap tasks on naturalistic images. SeCo and SSL baselines900

(Sec. 4.2.2) were initialized with ImageNet-pretrained weights, followed by pre-training on the901

COCO-OCD and COCO-VOC training sets respectively. During the pre-training of SeCo, we set the902

base learning rate to lr = 0.05 ∗ batch size/256 [43] for COCO-OCD and lr = 0.1 ∗ batch size/256 for903

COCO-VOC. The learning rate grows linearly from 0 to base value during the first 10 epochs and then904

decays with a cosine scheduler [67] for the rest of epochs with a minimum value of 0.0002. Pre-training905
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protocols for SSL baselines follow those in their original implementations. As ImageNet-pretrained906

weights for ORL [99] were unavailable, we directly used weights pre-trained on the full COCO-Stuff907

dataset [13]. For the supervised learning baseline, we directly used weights pre-trained on ImageNet908

[26]. After the pre-trained weights for models were obtained, we fine-tuned linear classifiers on the909

top of frozen encoders for each model on the COCO-OCD and COCO-VOC training sets respectively,910

using the cross-entropy loss. We conducted the hyperparameter search for each model to find the best911

learning rate for fine-tuning. The final learning rates used for fine-tuning each model are as follows,912

decaying with a cosine scheduler [67] for 100 epochs: 0.1 (SeCo), 10 (ORL), 0.1 (VICReg), 0.1 (DINO),913

20 (SimSiam), 0.1 (SimCLR), 10 (Context Encoder), 0.1 (Supervised Learning).914

915

Benchmarking AI models for lift-the-flap. We evaluated the models trained in LoR training916

stage (Sec. 4.1.1) on COCO-OCD, COCO-VOC, and FRINE datasets. Specifically, models trained917

on in-domain COCO-OCD training set were firstly tested on in-domain COCO-OCD test set, then918

tested on out-of-domain COCO-OCD and FRINE test set in a zero-shot manner; Similarly, models919

pre-trained on in-domain COCO-VOC training set were firstly tested on in-domain COCO-VOC, then920

tested on out-of-domain PASCAL-VOC07 test set in a zero-shot manner. Of note, the FRINE test set921

used for AI models contains static frame images from all the test videos viewed by human subjects. To922

adapt linear classifiers trained on COCO-OCD (15 classes of real-world objects) to the FRINE dataset923

(4 classes of novel object fribbles) in a zero-shot manner, we selected the logits corresponding to the 4924

VirtualHome objects associated with the fribbles (e.g., Fa1-microwave, Fb1-mouse, Fb3-knife, Fc1-cup)925

from the 15 logits produced by the classifier (See Sec. 4.1.1 for detailed context rules). The selected926

logits, representing the categories of VirtualHome objects before replacement, were then passed through927

the softmax function. The fribble class corresponding to the highest probability was taken as the final928

prediction.929

930

Benchmarking AI models for object priming. To predict priming maps for all the models, we931

converted the object priming task to a series of lift-the-flap tasks with the following steps: (1) we divide932

the context image into patches. (2) We covered a single image patch with a flap (black pixels) while933

the remaining patches remained intact. (3) We tested all models fine-tuned on COCO-OCD from the934

lift-the-flap task in (2) and recorded the predicted classification probability of the model for the given935

target object class in the object priming task. (4) We iterated through (2) and (3) until we exhaustively936

performed “lift-the-flap” tasks over all the image patches. (5) For each image patch, we then have937

a classification score indicating how confidently the model would put the given target object in that938

patch. We consolidated all the probabilities for all the patches and generated the priming map for939

each model. As the model predictions were sensitive to the patch sizes, we varied the patch sizes and940

normalized the final priming map over all patch sizes (see Algo. 3 for the PyTorch-style pseudocode of941

object priming algorithm).942

4.3 Data Analysis943

4.3.1 Behavioral Metrics944

Top-1 Accuracy. The lift-the-flap task is formulated as a multi-class classification problem, where945

the goal is to predict the identity of the hidden target object from a set of candidate categories. Top-1946

accuracy is defined as the proportion of trials in which the predicted category matches the ground-truth947

label of the hidden target. Performance is summarized as the mean trial-wise correctness, with the948

standard error of the mean (SEM) quantifying uncertainty.949

950

Alignment Score. To quantify spatial reasoning in the object priming task, we measure the agreement951

between human and AI model predicted priming maps. For each image–object pair, we first compute952

the root mean square error (RMSE) between the model-predicted and human priming maps. This953

RMSE is then normalized by the RMSE obtained from a chance model generating random priming954

maps, resulting in a normalized RMSE (nRMSE) ranging from 0 to 1. Finally, the agreement score is955

defined as 1− nRMSE, so that higher values indicate greater alignment between the model and human956

priming maps.957

958

Pearson Correlation. To assess the consistency of behavioral sensitivity between humans and AI959
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Algorithm 3: PyTorch-style pseudocode for generating priming maps.
# Ec: trained context network with an encoder and a linear classifier

# patch sizes: patch sizes when making erased contexts

# load a batch of N images

for x, label in loader:

maps = []

# calculate priming maps in multiple scales

for patch size in patch sizes:

# iteratively erase a patch from image

contexts = make context(x, patch size)

# retrieve probability w.r.t location for a given object category

p = softmax(Ec(x)[:,label])

# normalize so that priming maps in different scales can add up

p = (p - p.min()) / (p.max() - p.min())

# upsample to the size of input image

patch num = x.size[1] // patch size

p = p.view((patch num,patch num))

p = upsample(p)

maps.append(p)

# finalize priming maps by averaging and normalizing over different scales

maps = torch.stack(maps).mean(0)

maps = (maps - maps.min()) / (maps.max() - maps.min())

models, we compute the Pearson correlation coefficient over top-1 accuracy across different contextual960

manipulations, including blur, reduced area, and jigsaw contexts. This metric captures how closely961

models replicate human contextual reasoning patterns, with higher correlation values indicating that962

the model and humans share similar behavioral biases in reasoning from contextual cues.963

4.3.2 Statistical Analyses964

Bootstrapping and Distribution Analysis. In each experiment, we assessed the statistical965

robustness of performance metrics by generating empirical distributions of the mean top-1 accuracy966

using bootstrapping. Specifically, we performed resampling with replacement for 1,000 iterations to967

obtain a stable distribution of bootstrap means for each condition. Welch’s two-tailed t-tests were then968

used to evaluate differences between conditions and to compare experimental results against chance969

levels, with statistical significance determined using a consistent threshold of p < 0.05. Throughout970

the manuscript, we used the term “Welch’s two-tailed t-test” to assess statistical differences between971

bootstrapped distributions.972

973

One-way Analysis of Variance (ANOVA). To evaluate whether categorical experimental manipulations974

significantly influenced reasoning performance, we applied one-way analysis of variance (ANOVA).975

This test was used to compare bootstrapped mean top-1 accuracy across multiple levels of a single976

context manipulation family, including variations in context blur, context–object size ratios, and jigsaw977

permutations. The resulting p-value was used to determine whether at least one condition within each978

multi-level group differed significantly from the others. Statistical significance was determined using a979

consistent threshold of p < 0.05.980

4.4 Code and Data Availability981

All the source code and raw data are made publicly available in this submission through the following982

repository: GitHub Link.983
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Main Figures1254

Figure 1: Humans learn contextual rules from complex natural scenes without explicit instructions or
feedback. A. Humans perceive scenes holistically rather than as isolated objects. Through exposure to rich, multi-object
environments, they implicitly learn contextual associations without the need for explicit instruction or supervision. B.
Foveated vision, with high resolution at the center of gaze and lower resolution in the periphery, supports object-centric
representations of complex scenes. When fixating on a table (red), surrounding objects are organized into a table-centered
scene graph [59]. Bounding box colors denote contextual associations: local co-occurrence (e.g., mug on table), global
context (e.g., stove in kitchen), and crowding (e.g., multiple chairs near the table). C. To systematically study contextual
reasoning in humans and AI, we introduce two evaluation tasks: lift-the-flap and object priming. In lift-the-flap (left),
agents use scene context to infer the identity of a hidden object behind a black patch framed in red. In object priming
(right), given a scene and a target object that is not already present, agents predict contextually appropriate locations for
placing the object. D. FRibble In the sceNE (FRINE) dataset for studying how humans learn to reason from context.
Without relying on prior contextual knowledge of familiar objects, we construct the FRINE dataset using novel objects.
We begin by selecting four novel object families (Fa1, Fb1, Fb3, Fc1) from the Novel Object Dataset (NOD) [86]. These
“fribbles” have distinct body structures and appendages that are unfamiliar to humans as shown in D1. Next, we
replace eight common household object classes, which serve as anchor objects in the Unity-based indoor scene simulator
VirtualHome [79], with fribbles. D2 shows an example VirtualHome apartment, alongside example images of the eight
household objects in D3, each color-coded according to the global, local, and crowding associations defined in B. The
mapping between anchor objects and fribbles defines the three novel contextual rules, as illustrated in D4. Each column
represents a contextual rule, and each row shows the fribble assigned to the corresponding anchor object class within that
rule. See Methods for details on FRINE dataset.
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Figure 2: We introduce human psychophysics experiments in learning to reason on the FRINE dataset.
A. Schematic of the Human Psychophysics Experiments. The experiment comprises two phases: a training phase and
a testing phase. In the training phase, participants were shown a sequence of 40 training video clips from the FRINE
dataset. Each clip lasted 10 to 20 seconds and depicted a novel fribble object centered within a naturalistic scene. The
camera rotated around the fribble object in each video. See B for an example training clip. Participants were assigned to
either a supervised (Sup) or self-supervised learning (SSL) condition. In the Sup condition (clips framed in black), the
fribble object was highlighted with a red bounding box and labeled (e.g., “fb1”). In the SSL condition (clips framed
in gray), no labels were shown. Importantly, each participant viewed training videos from only one learning condition
(either Sup or SSL) throughout the entire training phase. In B, the first three frames are shown in the Sup condition and
the remaining frames in SSL for illustration only. Frame timestamps are shown above each frame, and a scale bar on the
right indicates the frame size in degrees of visual angle. During the test phase, participants viewed 40 test clips from the
FRINE dataset. In each clip, the fribble object was occluded by a black patch, and participants were required to infer its
identity based solely on contextual information, making a 4-way forced-choice classification. C. Context Manipulations in
the Lift-the-Flap Task. To investigate the role of context, we introduced four context variations in the test clips: normal
context, blur context, context areas, and jigsaw context. D. Example Test Clip. We show an example test clip under the
normal context condition, where the central fribble object is hidden beneath a black patch while the surrounding context
remains intact. Frame timestamps and video frame sizes (in degrees of visual angle) are annotated similarly to B. E.
Individual subject performance differences in the lift-the-flap task. Violin plots show the distribution of top-1 accuracy
across individual participants under SUP (green) and SSL (orange) learning conditions, with each black dot representing
a single subject. The box spans the interquartile range (25th–75th percentiles); whiskers denote the full range of the data.
F. Response time across human subjects for SUP and SSL conditions. The plot shows the proportion of SUP (black)
and SSL (dark grey) participants as a function of their mean reaction time per trial (in seconds). Vertical dotted lines
indicate the median response time for each group. G. Reaction times for correct and incorrect trials in SUP and SSL
humans. Trials were separated into correct and incorrect responses for SUP and SSL participants, and their average
reaction time was computed for each learning condition. Error bars indicate the standard error of the mean (SEM). “n.s.”
indicates no statistically significant difference between the two distributions (p > 0.05).
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Figure 3: We propose the Self-supervised Method with External Memories for Context Reasoning,
named as SeCo. A. Model schematic of SeCo. The architecture consists of three components: a target discovery
module, a two-stream visual processor (trapezoids), and an external memory module (orange squircle). During
pre-training, given a full image If , SeCo employs an unsupervised method (selective search) to generate potential
object proposals. These proposals are then converted into multiple context–target image pairs (Ic, It). For each
pair, SeCo processes the context and target separately using non-shared encoders (Ec, Et) followed by non-shared
projectors (Pc, Pt). In parallel, SeCo incorporates a trainable external memory to store contextual priors. Ideally, if
Ec encodes strong contextual cues, its latent representation should serve as an effective query to retrieve a relevant
object representation from the external memory based on learned keys Pk and values. A joint training objective is
applied: the mean squared error loss Lmse encourages alignment between the retrieved embedding from the memory
(based on context) and the target object embedding, while additional regularization losses—the covariance loss Lcov

and the variance loss Lvar—promote diversity and prevent collapse of the learned representations (shown as stacked
rectangles). B. During fine-tuning, SeCo is adapted to the downstream lift-the-flap task. Given a test image with
a hidden object, the pre-trained frozen context encoder Ec is used to extract contextual representations, followed
by a fully connected layer to predict the label of the hidden object (e.g., ”keyboard”) behind the black patch via
linear probing. C. Datasets used for pre-training, fine-tuning, and testing AI models. C1 The COCO-OCD dataset
contains naturalistic images from COCO-Stuff [13] overlapping with object classes in the OCD dataset [11]. C2 The
COCO-VOC dataset contains COCO-Stuff images overlapping with object classes in PASCAL-VOC07 [35]. For each
dataset, in-domain and out-of-domain test sets are provided, with target objects listed below each context image.
D. Top-1 accuracy of human participants and AI models on the lift-the-flap task under normal context conditions
using the FRINE dataset. From left to right: SUP humans (black), SSL humans (gray), SeCo (red), self-supervised
learning (SSL) baselines including ORL [99], SimSiam [19], VICReg [7], DINO [16], SimCLR [18], and Context
Encoder [75] (orange), and a supervised learning baseline (green). A total of 517 SUP human trials, 548 SSL human
trials, and 1,926 trials per model were collected. Error bars indicate standard errors computed across all trials for
each group. E. Top-1 accuracy of human participants and SeCo under normal context conditions for Rules 1–3 of
the FRINE dataset. Number of trials per rule is indicated in brackets: Rule 1—SUP humans (165), SSL humans
(186); Rule 2—SUP humans (180), SSL humans (187); Rule 3—SUP humans (172), SSL humans (175). SeCo was
evaluated on 1,926 trials for each rule. F. Top-1 accuracy under normal context conditions for SUP humans, SSL
humans, and SeCo across different context associations in the FRINE dataset. For each association type, the number
of trials exceeds 640 for SUP humans, SSL humans, and SeCo. See Methods for definitions of the three context
association types. Across D, E, and F, the chance level (25%) is indicated by a horizontal black dashed line. Error
bars indicate the standard error of the mean (SEM). * denotes performance significantly above chance based on
Welch’s two-tailed t-test (p < 0.05).

32



Figure 4

33



Figure 4: Contextual variations impact human and SeCo performance on the FRINE dataset in the
lift-the-flap task. A. Top-1 accuracy of humans and SeCo under the blur context condition. Context resolution was
manipulated using zero-mean Gaussian blur with standard deviation σ = 2, 4, 8, 16, 32 pixels. Example images for each
sub-condition are shown below the corresponding bar group. Format and design conventions follow Fig.3E. B. Top-1
accuracy of humans and SeCo under the reduced context area condition. Context amount was varied by adjusting the
context-object ratio (CO) = 128, 16, 8, 4, 2. Format and conventions follow A. C. Top-1 accuracy of humans and
SeCo under the jigsaw context condition. Spatial configuration of context was manipulated by randomly scrambling
the image into 3×3, 5×5, or 7×7 pieces, while the piece containing the target object remained in place. Format and
conventions follow A. D. Linear correlation between top-1 accuracy of SSL humans and AI models across all four context
manipulations. E. Top-1 accuracy of SeCo versus SSL humans across four context manipulations: normal context (red),
blur context (orange), reduced context area (green), and jigsaw context (blue). High-opacity dots indicate mean accuracy
for each manipulation, while low-opacity dots of the same color show mean accuracy for sub-conditions within each
manipulation. Cross-shaped error bars denote SEM across all trials. Pearson correlation coefficient: ρ = 0.88. Black
dotted line indicates the diagonal. Across A, and B, the chance level (25%) is indicated by a horizontal black dashed line.
Error bars indicate the standard error of the mean (SEM). * denotes performance significantly above chance based on
Welch’s two-tailed t-test (p < 0.05).
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Figure 5: SeCo outperforms all competitive baselines in the normal context in the lift-the-flap task,
and model analysis reveals key architectural insights. A. Top-1 accuracy on the lift-the-flap task using the
COCO-OCD and COCO-VOC datasets. Results are reported separately for in-domain (left) and out-of-domain (right)
test sets. Representative examples from each test set are shown for illustration. Format and design conventions follow
Fig. 3E. B. Selective Search identifies effective context–object pairs for pre-training. To evaluate its contribution, we
replaced SeCo’s context–object discovery module with: ground-truth bounding boxes as targets It (Ground Truth);
randomly sampled crops as targets It (Random Generation); or two independent random crops, commonly used in
self-supervised learning to form positive pairs Ic and It (Random Cropping). Their performance is evaluated on the
in-domain COCO-OCD dataset. Top-1 accuracy is reported alongside example context–object pairs generated by each
variant, with frame colors corresponding to the bars in the plot. Across A, and B, the chance level (6.7%) is indicated
by a horizontal black dashed line. Error bars indicate the standard error of the mean (SEM). * denotes performance
significantly above chance based on Welch’s two-tailed t-test (p < 0.05). C. Proposal quantity has a slightly greater
impact than proposal quality in SeCo. Top-1 accuracy on the in-domain COCO-OCD dataset is shown as a function of
proposal quality (light orange; IoU threshold on bottom x-axis) and proposal quantity (dark orange; number of proposals
on top x-axis). For the quality analysis, the number of proposals per image is fixed while varying the IoU threshold.
For the quantity analysis, the IoU threshold is fixed at 0 while varying the number of proposals. Shaded regions denote
standard error. D. To examine what SeCo encodes in its external memory, we use test samples from the in-domain
test set of COCO-VOC dataset and extract latent representations using the pre-trained context encoder Ec (trapezoid).
Attention scores over memory slots (squircles) are computed, and for each sample, the slot with the highest attention
weight is identified (blue arrow). E. Category-wise distributions of most-activated memory slots are aggregated across all
samples, and pairwise Kullback–Leibler (KL) divergence is computed and visualized as a heatmap. Low divergence (dark
cells) indicates that categories sharing similar contexts attend to similar memory slots. Colored boxes and arrows denote
COCO-VOC supercategories: Vehicle (green), Animal (dark blue), and Indoor (cyan). For example, “bicycle” and “car”
within the Vehicle supercategory activate overlapping memory regions, reflecting shared contextual associations.
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Figure 6: SeCo excels in the object priming task. A. Schematic for human psychophysics experiments in
the object priming task. A1. Participants were first shown a natural image along with a target object. They were
then instructed to place the object in appropriate locations by making 10 non-overlapping mouse clicks (indicated as red
dots). There was no time limit for each trial. The scale bar on the right indicates the image size in degrees of visual
angle. A2. Example priming map based on mouse clicks from humans. The left image shows the mouse click locations
made by three human participants (colored dots) for cup as the target object. The right panel shows the corresponding
normalized probabilistic priming map generated from the consolidated clicks. A higher density of clicks corresponds to a
higher probability in the priming map. See the color bar on the right for probability values. B. Alignment scores between
human priming maps and those predicted by SeCo (red), SSL baselines (orange), and a supervised baseline (green) are
presented in the object-priming task. See Methods for the definition of alignment scores. A chance model yields a score
of 0. Higher scores indicate better alighment with human clicks. Error bars show the standard error of the mean across
five independent runs per model. * denotes performance significantly above chance based on Welch’s two-tailed t-test
(p < 0.05). C. SeCo priming maps highlight contextually relevant regions of the image and closely approximate human
choices in the object priming task. The leftmost column of the first row shows the input scene image where human and
computational models are required to put the cake. The rest of the priming map from left to right, up to down are
the consolidated click map from 3 human subjects with 10 non-overlapping mouse clicks (dots) each in different colors,
ground truth priming maps generated from consolidated human mouse clicks, and priming maps predicted by our SeCo
(framed in red) and predicted by supervised baseline (framed in green) and SSL baselines (framed in orange). See the
color bar in A2 for probability values.
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Supplementary Figures1255

Figure S1: Amazon Mechanical Turk (AMT) user interfaces of the psychophysics experiments. A1. AMT
user interface of the training stage from FRINE dataset. This example shows a screenshot when the human subject learns
a fribble from family fb3 in the supervised learning condition. A2. AMT user interface of memorization test in the
training phase. In this example, an image of a fox was presented along with the question. The participant was required
to decide whether they had seen this object in the current training video. B1. AMT user interface of the lift-the-flap
task in the test stage. A test video where the fribble was hidden under the black patch was presented along with the
lift-the-flap question and four answer choices. The participant was expected to infer the identity of the hidden target
and choose one of four fribble families as their answer. B2. AMT user interface of the control trials in the test stage.
This example shows an image of a fish and the participant was required to decide whether it is a dog. C. AMT user
interface of object priming task. Participants are presented with various image-object pairs. For each pair, participants
were required to make 10 non-repeated mouse clicks at relevant regions of the image. In this example, the participant
was required to place an apple in the given scene. Red dots indicate the past click locations of the participant.
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Figure S2: Quality of human subject data is high, with most participants passing control trials with
high accuracy. We report performance on the memorization test in control trials during the training phase of the
human psychophysics experiment on the FRINE dataset. A1. Error distribution in the memorization tests where test
objects were either positive samples from the current training video clip of FRINE (VirtualHome-Present) or negative
samples from other FRINE training videos but absent from the current clip (VirtualHome-Absent). See Methods for
details. Data from participants who made more than five errors (indicated by dashed white bars) were excluded. A2.
Memorization test accuracy (VirtualHome-Present and VirtualHome-Absent) versus top-1 accuracy on the lift-the-flap
task on the FRINE dataset. Each dot represents one participant trained via supervised learning (black) or self-supervised
learning (gray). B1. Error distribution in the memorization test where test objects were always negative and they
were sampled from ImageNet images whose class labels never appear in FRINE (ImageNet-Absent). See Methods for
details. Data from participants who made more than one error (indicated by dashed white bars) were excluded. B2.
Memorization test accuracy (ImageNet-Absent) versus top-1 accuracy on the lift-the-flap task using the FRINE dataset.
Each dot represents one participant trained via supervised learning (black) or self-supervised learning (gray).
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Figure S3: The performance of humans and AI models on all three context rules and all three contextual
associations on FRINE dataset. Top-1 accuracy of human participants and AI models in the lift-the-flap task
under each A. contextual rule and B. type of contextual association on the FRINE dataset. From left to right, the
models are ordered as follows: human participants trained via supervised learning, human participants trained via
self-supervised learning, SeCo, ORL, VICReg, SimSiam, DINO, SimCLR, Context Encoder (C. Enc.), and the supervised
model (Supervised (I.N.)). See Methods for details on all baselines. The chance-level performance is indicated by a
horizontal black dotted line. The design convention follows that of Fig. 3F.
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Figure S4: The effect of context on human and AI models in the lift-the-flap task on the FRINE dataset.
The design conventions in A–C follow those in Fig. 3C–E, respectively. See Methods for details on all baselines.
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Figure S5: Comparison of human performance in online and onsite experiments. From left to right: top-1
accuracy of SUP humans in the online experiments (Sup. Online), SUP humans in the onsite experiment (Sup. Onsite),
SSL humans in the online experiment (SSL. Online), SSL humans in the onsite experiment (SSL. Onsite). Results were
grouped according to four context manipulations: normal, blur, amount, and jigsaw. The format and conventions follow
those in Fig. 3D. We recruited 20 onsite subjects (17 subjects left after the data quality control) to study the effect
of prolonged exposure in LoR and the design of the curriculum on human performance of the lift-the-flap task on the
FRINE dataset. See Methods for details on the onsite experiments.
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Figure S6: The architecture of Context Encoder [75] with ResNet-50 [47] as the backbone encoder.
To ensure fair comparisons with other SSL baselines, we replaced the AlexNet backbone used in the original Context
Encoder with a ResNet-50 (trapezoid) architecture (see Methods). Following the original design, the encoder output is
passed through a channel-wise fully connected layer (shown as double-headed arrows), followed by a five-layer decoder
(represented by cuboids of varying sizes) that reconstructs the masked central region. We employed the same pixel-level
L2 reconstruction loss as in the original configuration.
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Figure S7: Impact of memory capacity (number of slots and memory vector dimension) and loss
components on SeCo performance in the normal context on the COCO-OCD dataset in the lift-the-flap-task.
A. We analyze top-1 accuracy as a function of the number of memory slots (K) in the external memory module of SeCo
and the vector dimension (H) for each memory slot. B. We also quantify the impact of individual loss components on
SeCo’s reasoning performance (top-1 accuracy). The hyperparameters α, β, and γ represent the weights assigned to
the Mean Squared Error (MSE) loss, variance loss, and covariance loss, respectively (Refer to Eqn. 2). Removing the
variance loss component β = 0 results in model collapse. Hence, top-1 accuracy is not applicable in those cases.
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Figure S8: Schematic overview of the systematic curation of the COCO-OCD and COCO-VOC datasets.
(A) COCO-OCD curation: Training and in-domain test sets were derived from COCO-Stuff [13] by filtering for the 15
object classes shared with the Out-of-Context Dataset (OCD) [11]. An out-of-domain test set was curated from OCD
synthetic indoor scenes, restricted to the same 15 classes under normal context conditions. (B) COCO-VOC curation:
Following a procedure analogous to (A), training and in-domain test sets were derived from COCO-Stuff [13] by filtering
for the 20 object classes shared with the PASCAL-VOC07 dataset [35]. The out-of-domain test set was curated from
realistic PASCAL-VOC07 scenes containing the same 20 target classes.
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