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ABSTRACT

Scaling and architectural advances have produced strikingly photorealistic image
generative model, yet their mechanisms remain opaque. Rather than advancing
scaling, we strip away complicated engineering trick and propose a simple, non-
parametric conditional generative model. Our design is grounded in three principles
of natural images—(i) spatial non-stationarity, (ii) low-level regularities, and (iii)
high-level semantics—and defines each pixel’s distribution from its local context
window. Despite its minimal architecture and no training, the model produces
high-fidelity MNIST samples and visually compelling CIFAR-10 images. This
combination of simplicity and strong empirical performance points toward a mini-
mal theory of natural-image structure. The model’s white-box nature also allows
us to have a mechanistic understanding how the model generalize and generate
diverse images. We study it by analyzing how is each pixel generated by tracing
every generated pixel back to its source images. These analysis reveal a simple,
compositional procedure for "part-whole generalization." These findings suggest a
hypothesis for how large neural network generative model learn to generalize.

1 INTRODUCTION

There has been tremendous progress over the past few years in the generative model community.
Early successes included parametric variants of the variational auto-encoder (VAE) [33; 45] and
adversarial training with GANs [22; 43; 31]. WaveNet-style autoregressive pixel models [53] and,
most recently, diffusion models [25; 32] pushed visual fidelity ever higher. Despite thousands
of proposed GAN and diffusion model variants, generation quality improvements have exhibited
diminishing returns, indicating limited scaling performance. On the other hand, the process of
generation still remains as a black box. Many works have been dedicated to visualize [15; 57; 39],
explain[5; 14; 58; 17], and simplify[1; 2] the generative models in hopes of achieving principle-first
theories. A computational theory of this kind could guide the construction of simple, fully explainable
generative models that still capture natural signal distributions. Related efforts toward first-principles,
“white-box” representation models trace back to simpler pre-deep-learning pipelines and sparsity-
based approaches [34; 52; 42; 27; 54; 56; 28]; highlight that the gap to modern deep baselines can be
smaller than expected [18; 44; 7; 50]; and continue with recent principled architectures [9; 8; 37].
Complementary lines of work simplify SOTA methods [11; 13; 55; 16]; relate them to classical
techniques [35; 4]; unify frameworks [4; 21; 48; 29; 26]; visualize learned representations [6; 10];
and develop theory [3; 23; 51; 4].

In this work, we take a small step toward this goal by building a minimalistic white-box image
generative model by integrating three principles of natural images: spatial non-stationarity, low-
level regularities, and high-level semantics. First, natural images are not statistically uniform across
the frame; for example, sky and sunlight usually appear on the top of an image and objects often
occupy the center while backgrounds dominate the periphery. Second, at fine spatial scales, perceptual
realism depends on faithfully reproducing local cues—edges, colors, shading, and textures. Finally,
global semantics and invariances—object identity, part–whole relationships, pose, viewpoint, and
style—impose long-range constraints that tie distant regions together in a meaningful final product.

To realize these three aspects, we revisit Shannon’s (1948) idea of generative model: (i) short-range
context is strongly predictive, and (ii) sampling from empirical conditionals yields realistic data
[47]. Efros and Leung [19] first brought this idea to images by treating a small patch as the “local
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context" and generating pixels by copying from similar patches in real images. This method excels in
stationary datasets like textures; however, it a great success in sythesizing low-level regularities such
as textures.

We extend Shannon’s original idea beyond just short-range context to long-range context as well. We
take an autoregressive n-gram approach to generation—at each pixel we assemble a small pool of
source patches that define a conditioned distribution on those three principles, then sample from it.
Unlike in [19] where they define “similarity” fully based on the low-level statistics of the images,
we define “similarity” based on low-level statistics, positional information, and a compact global
representation to capture a full description of natural images. Despite its minimal architecture and no
training, the model produces high-fidelity MNIST samples and visually compelling CIFAR-10 images.
The simple algorithm illuminates the mechanisms of image generation process. This combination
of simplicity and strong empirical performance points toward a minimal theory of natural-image
structure. It also serve as a hypothesis for understanding more complex, high-performing models.

In the rest of the paper, we will introduce our method in terms of a probabilistic model. We
performance ablation study to show the crucial role of each of three principles for image generation.
We then evaluate our model on a standard image generation task and show the performance of the
model both quantitatively and qualitatively. Finally, we present a visualization tool unique for the
non-parametric model for mechanistically understand the generation procedure and generalization
behaviors of the model. We discover the model is able to perform “part-whole” generalization and
demonstrate the mechanism behind this generalization behavior.

2 METHOD: NON-PARAMETRIC GENERATIVE MODEL WITH REPRESENTATION

Figure 1: Non-Parametric Sampling Conditioned on Representation. The representation model
computes some latent encoding before the last layer, and we extract that model with early exit,
allowing L2-norm comparison of the resulting latent representations.

2.1 NON-PARAMETRIC IMAGE GENERATION

As shown in Figure 1, We model image synthesis as a conditional generative process: each pixel is
sampled from an empirical conditional distribution determined by the statistics of its local context
window. For a target location p with context ω(p), we retrieve from the dataset the source patches
most similar to ω(p) under a similarity metric d, and convert the center pixels of those patches into
an empirical distribution over I(p). Sampling from this distribution yields the next pixel; we then
update the canvas and repeat until the image is complete. In what follows, we formalize the emperical
distribution for a single pixel, describe the full image-generation loop, and specify the similarity
metrics used to define the empirical distribution.
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2.2 SYNTHESIZING A SINGLE PIXEL

Let Ireal = {I(i)}Ni=1 be the source corpus, I the image being synthesized pixel by pixel, p ∈ I the
next pixel to fill, and ω(p) the w × w context patch centered at p (center unknown). We construct a
candidate pool Ω(p; d) by finding patches that are similar to ω(p), based on the metric d. Formally,

Ω(p; d) =
{
ω′ ⊂ Ireal : d

(
ω(p), ω′) ≤ R

}
.

R is the threshold that decide the size of Ω(p; d). From candidate pool Ω(p; d), we form an empirical
conditional distribution over the next pixel by placing equal mass on the center values of all admissible
patches in the candidate pool:

fp(x | ω(p)) =
1

Z(p)

∑
ω′∈Ω(p;d)

1{x = c(ω′)}, Z(p) =
∣∣Ω(p; d)∣∣,

where c(ω′) denotes the center pixel of patch ω′. We then sample x ∼ fp(· | ω(p)) for the pixel value
of p.

2.3 SYNTHESIZING IMAGE

We grow I from a small seed (e.g. a 8× 8 patch randomly drawn from Ireal) in concentric “shells.”
At each step, we choose an unfilled pixel p whose neighborhood ω(p) overlaps maximally with
already-synthesized pixels, then we define the empirical distribution of p as fp(· | ω(p)), we sample
a pixel value to fill in the unfilled p. We continue this process until all pixels in I are filled.

The essence of non-parametric statistics is the choice of a distance metric d. In the following
paragraphs, we define three distance metric dL, dN , dS to capture three key ingredients of natural
images, respectively: (i) low-level statistics, (ii) nonstationary statistics, and (iii) semantic-level
statistics.

Figure 2: Ablation Study Comparison of Statistical Components. Each image shows the improve-
ment from progressively adding our principle components to the generator.

2.4 IMAGE STATISTICS AND SIMILARITY METRICS

Low-Level Statistics. Low-level image statistics capture edges, shading, and textures. We use the
Gaussian-weighted SSD(Sum of Squared Differences) from [19] to capture the image statistics at this
level. For any candidate patch ω′, define

dSSD
(
ω(p), ω′) =

∑
x

G(x)
[
ω(p;x)− ω′(x)

]2
,

where the sum is over spatial coordinates x in the w × w patch and G(x) is a Gaussian weight. The
candidate pool for the pixel value based on this metric is thus:

Ω(p) =
{
ω′ ⊂ Ireal : dSSD

(
ω(p), ω′) ≤ RSSD(p)

}
.
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Like in [19], we pick an adaptive threshold for better generation, where

RSSD(p) := (1+ϵ) min
ω′′⊂Ireal

dSSD
(
ω(p), ω′′),

The SSD metric used here is identical to that of Efros and Leung[19]. Whereas Efros and Leung[19]
applies this non-parametric scheme to texture synthesis with a single source image, we scale the same
mechanism to image generation by using the entire dataset as the source corpus. As shown in Fig. 2,
sampling with dSSD produces patchwork artifacts—strokes and off-center fragments. The generated
image resembles “texture of squiggles” rather than coherent digits. This failure is expected: dSSD is
only able to model low-level stationary statistics of natural images. However, natural image statistics
are non-stationary, for example, digits are more likely to appear near the center of the frame than
in the periphery. Moreover, dSSD is purely local and cannot enforce global semantic consistency,
which leads to broken strokes and misaligned fragments in the generated samples. In what follows,
we refine the similarity metric d to incorporate non-stationarity and semantic level statistics, which
better captures image-level statistics.

Non-Stationary and Low-Level Statistics. We model non-stationarity natural images by limiting
the candidate set to patches whose centers lie near the target pixel’s location. Let c(ω′) denote the
center coordinate of a candidate patch ω′. Define the locality distance

dloc(p, ω
′) :=

∥∥c(ω′)− p
∥∥
∞,

and fix a search radius Rloc > 0. Merging this with the SSD constraint, we simply refine the same
candidate set notation to require both conditions:

Ω(p) =
{
ω′ ⊂ Ireal : dSSD

(
ω(p), ω′) ≤ RSSD(p) and dloc(p, ω

′) ≤ Rloc

}
.

Augmenting SSD with the locality constraint yields non-stationary, low-level statistics. With this
refined model of spatial statistics, MNIST samples concentrate strokes near the image center, contours
align, and spurious off-center fragments are markedly reduced (Fig. 2. nonstationary low-level
statistics). The samples generated by modeling non-stationary statistics resemble coherent digits
much more than the sample generated using only the SSD. That said, even with locality, most samples
still show broken strokes or mismatched parts: non-stationary statistics alone still cannot enforce
long-range semantic consistency.

Non-Stationary, Low-Level and High-Level Statistics. Low-level statistics alone preserve texture
but not high-level structure of images. To maintain global semantic coherence, we require candidate
patches to be close in a fixed, pretrained embedding (e.g., self-supervised encoders such as SimCLR;
[12]). Let ϕ denote the SSL encoder, then

dSSL

(
ω(p), ω′) = ∥∥ϕ(ω(p))− ϕ(ω′)

∥∥
2
, ω′ ⊂ Ireal,

Merging this with the SSD constraint and locality constraint together, the final candidate set for
modeling non-Stationary, low-level and high-level statistics is the following:

Ω(p) =
{
ω′ ⊂ Ireal :

dSSD
(
ω(p), ω′) ≤ RSSD(p)

and dloc(p, ω
′) ≤ Rloc

and dSSL
(
ω(p), ω′) ≤ RSSL(p)

}
.

As with RSSD(p), the threshold RSSL(p) is defined as following:

RSSL(p) := (1+ϵ) min
ω′′⊂Ireal

dSSL
(
ω(p), ω′′),

Self-supervised encoders are trained to map multiple augmented views of the same image nearby in
embedding space while pushing apart views of different images; as a result, ϕ tends to be invariant
to nuisance factors (e.g., color jitter, small crops, mild deformations) and to organize features by
object identity, parts, and pose. Using dSSL therefore injects high-level semantics that the local SSD
cannot supply. Candidates must agree not only on local appearance but also on a compact, global
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Table 1: Inception Score (IS) and FID on CIFAR-10. *Our full model (NS + L + H ) models all
three image statistics: spatial non-stationarity (NS), low-level statistics (L), and high-level statistics
(H). The ablated model omits low-level statistics (L).

Model IS ↑ FID ↓
NS + L + H * 5.903 60.357
NS + H 4.081 32.924
PixelCNN [53] 4.60 65.93
NCSN [49] 8.91 25.32
MDSM [36] 8.31 31.7

summary of the content. As shown in Fig. 2(non-stationary high-level statistics), conditioning on the
SSL encoder metric largely reduces broken strokes and misaligned fragments in the generated digits.
This implies that modeling high level statistics is necessary for generating a coherent numeral. More
result will be shown in next section to support this claim.

3 RESULTS

3.1 NON-PARAMETRIC GENERATION WITH REPRESENTATION

Figure 3: Samples from Non-Parametric Image Generation. We show the generation result for
non-parametric with non-stationary, low-level and high-level statistics: MNIST (left), and CIFAR-10
(right).

Qualitative Result. We present samples from the proposed three-stage non-parametric generator
in Figure 3. Despite occasional artifact at the finest scale, the outputs exhibit both low-level fidelity
(sharp edges, coherent colors/shading and textures on CIFAR-10; continuous strokes on MNIST)
and high-level structure (semantically coherent digits on MNIST; object-like layouts on CIFAR-10).
Crucially, the pipeline is fully white-box: each pixel is drawn from an explicit empirical distribution
over retrieved patches, and every choice can be traced to its source. Compared with the closest
white-box baseline—Efros–Leung texture synthesis—our method produces images that are not only
locally sharp but also globally consistent (see Fig. 2, Stationary Statistics is close to Efros-Leung’s
texture synthesis).

Quantitative Result. We also evaluate the generation result using FID[24] and Inception Score[46]
achieves substantially lower FID on CIFAR-10 and higher Inception Score than Efros–Leung on
MNIST and CIFAR-10 (Table 1).

Class-Conditional Model. To probe the source of our quantitative losses, we introduce a class-
conditional variant that replaces latent-space conditioning with a simple restriction: retrieval is limited
to patches from the target class, followed by the same locality and fine-match steps. As shown in
Table 1, the class-conditional model outperforms the representation-conditioned version, indicating
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Table 2: Entropy Score. Our full model has lower class-map entropy than the ablated repre-
sentation(WO Rep), and a higher index-map entropy, which are both good. When using class
conditioning(CC) instead of representation conditioning, we get zero class entropy, as there is only
one class it can draw from, but a much lower index entropy due to the smaller pool of images we can
select from.

CIFAR-10 Ours WO Rep CC
Class-Map 1.075 1.461 0.0
Index-Map 2.4962 2.2046 1.550

Figure 4: MNIST Samples from Class-Conditional Non-Parametric Model. Samples here are
generated from a model with non-stationary and low-level statistics as described in Section 2.4,
together with class label conditioning.

that on CIFAR-10 and MNIST much of the high-level semantics needed for generation is already
captured by the class label. The gap also suggests that our current self-supervised embedding (e.g.,
SimCLR-style) under-represents portions of the semantic space, pointing to a straightforward avenue
for improvement—stronger or task-aligned conditioning representations. Qualitatively, however
(Figure 4), samples from the class-conditional and representation-conditioned models are comparable.
This implies that label-free, self-supervised features are sufficient to capture the semantic structure
required for visually coherent synthesis, even if they lag in measured fidelity. This label-free design
keeps the model simple. Coupled with good generation result, It offers a working hypothesis for the
minimal components necessary for image generation.

Further Ablation Study. In the method section, we provide ablation study to illustrate the importance
of each component of the image statistics: non-stationary, low level an high level statistics. We show
one additional ablation study by ablating low level statistic, to generate image only condition on
locality constraint and SSL representation. As shown in Figure 2. non-stationary high-level statistics,
removing low-level statistics cause the model to ignore high-frequency details. The ablated model
generates globally correct shapes (e.g., the overall digit “3”), but the fine strokes are inconsistent or
shattered, resulting images appear fragmented and locally "shattered," lacking fine-grained structural
coherence. This underscores importance of the interplay between low-level and high-level statistics
for modeling natural image statistics.

Figure 5: Viewing Overlapping Inter-Class Features. (a) This sample does not resemble a digit. b)
The corresponding class source-map reveals conflict between classes 3, 5, and 6. c) This is another
unique sample, this time with CIFAR-10. d) It’s corresponding source map shows an even more
interesting scenario, where two images of ship and plane are combined due to the shared sky in the
background.
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3.2 SOURCE-TRACING: A VISUALIZATION TOOL FOR INTERPRETING GENERATION

In our proposed non-parametric model, each pixel is produced by selecting the center of a retrieved
patch from the dataset. Because every choice has a concrete source, this setting invites mechanistic
analysis. We introduce source-tracing, a simple tool to expose how the model assembles images and,
by analogy, to suggest what more complex neural networks might be implicitly doing.

Source-Tracing. At generation time, when a pixel is filled by sampling the center of some candidate
patch, we log the identity of that patch’s source image (and its class label), along with the source
coordinates. From these logs we render two maps aligned with the generated image: (i) an image-ID
map that colors each pixel by the source image it was copied from, and (ii) a class map that colors
each pixel by the label of its source. These maps make the copying mechanism visible—showing
which images/classes contribute where, how regions cohere semantically, and where categories
overlap or blend. Figure 5 highlights two cases. In the first case (Figure 5 a and b), the sample reads
as a single digit, yet the class map reveals that its left stroke is assembled from “3”-like patches while
the right stroke draws from “5”/“6.” This indicates that the global condition organizes parts (strokes,
curvature) more finely than class labels and composes them into a coherent digit. In Figure 5 c,
the image looks like a ship on the ocean, while the class map attributes hull and wake to “ship”
sources and the upper region to sky-like patches often labeled “plane.” The model thus reuses shared
background structure and foreground parts from different classes to form a plausible scene. In both
examples, source-tracing shows that representation-conditioning induces a part- and context-level
organization richer than class identity—enabling coherent generation via recombination rather than
memorization.

Figure 6: Detailed Class Source-Map Trace. (a) Center left: The beagle is the final generated image
using pixels from images in the dataset. Its top five most frequently used images surrounds it. Top
right: class map. Bottom right: image id Source-Map created by only these top five most frequently
used images on the left, with the gray areas being from other images. (b) Same layout, except the
representation was not invoked at generation time.

3.3 MECHANISTIC UNDERSTANDING OF PART-WHOLE GENERALIZATION

Generalization in generative models is notoriously hard to define, not to mention measuring. Unlike
supervised learning, there is no single target per input, and common metrics (FID/IS) summarize
distribution-level similarity to real data. The generative model could just entirely represent the
training data to achieve high distribution-level similarity, without generating any “novel” sample.
On the other hand, the definition of “novelty” is ambiguous. To make it more concrete, we need to
specifying what kind of generalization a sample reflects—e.g., new poses, new backgrounds or novel
recombinations of parts. The proposed non-parametric model, together with source-tracing, gives us
a concrete lens. We observe a characteristic behavior we call part–whole generalization.

Part–Whole Generalization. A generated sample exhibits part–whole generalization when it builds
a new whole by composing semantically coherent parts drawn from more than one training image.
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Although it’s hard to measure if the set of pixels used to construct the generated image is “semantically
coherent.” We define the following two criterion to make the definition of part–whole generalization
more rigorous: (i) class purity—each coherent region of generated images is dominated by a single
source class; (ii) multi-image support—within each such region, patches originate from several
distinct training images (no single image contributes the majority). The second criterion ensures the
sample is not a near-copy of any one training image, while the first ensures the generated image is
semantically coherent. An example is shown in Figure 6, the generated image of a dog is composed
of pixels from different dogs of the same breeds. The model assembles an object-level configuration
it never observed as a whole, recombining familiar parts under semantic constraints rather than
memorizing or producing texture-like patchworks.

The Role of Representation in Generalization. Figure 2 shows what happens when we remove
representation from the non-parametric model and rely only on locality and modeling low-level
statistics using SSD. The sampler can still stitch together locally compatible pixels (e.g., shared dark
tones), but the class map becomes a patchwork of many categories: large regions are not class–pure
and the result is a black blob with consistent color and shading but lacks object identity. In contrast,
the beagle example in Fig. 6 (with representation conditioning) draws parts from many different
dog images while remaining class–consistent across the whole object. This contrast highlights why
representation is essential for part–whole generalization: it enforces criterion (i) class purity, which
in turn allows criterion (ii) multi-image support to express genuine recombination rather than mere
texture assembly. We quantitatively measure the both criterion with empirical entropy:

Entropy Calculation. As described in source-tracing section, we log, for every generated pixel,
both the source image identity and its class label, yielding an image-ID map and a class map (each a
2D array of discrete labels). To quantify local diversity, we compute a sliding-window entropy over
these maps: (i) form the 2D label map; (ii) slide a 7× 7 window (stride 1); (iii) within each window,
estimate the empirical label distribution p(ℓ); (iv) compute the local entropy H = −

∑
ℓ p(ℓ) log p(ℓ);

and (v) average H over all windows.

Interpretation is complementary for the two maps. For class maps, low local entropy means neighbor-
ing pixels come from semantically consistent sources (good object-level coherence). For image-ID
maps, high local entropy means the model assembles a region from many distinct training images
(evidence of generalization at part-level rather than copying a single image). Thus, the signature of
part–whole generalization is low class-entropy together with high image-ID entropy.

Empirically (Table 2), representation conditioning consistently reduces spatial class entropy relative
to the model without representation conditioning, indicating more uniform, object-level structure.
By contrast, a purely class-conditional variant trivially drives class entropy toward zero (all patches
drawn from the target class), which is coherent but less informative. Meanwhile, the image-ID
entropy remains high under representation conditioning, showing that coherent regions are composed
from multiple training images rather than copied wholesale. This pattern—low class entropy, high
image-ID entropy—aligns with our qualitative source-tracing and supports the claim that the model
achieves true part–whole generalization.

4 FUTURE DIRECTIONS

We see our work as a first step towards understanding generative model by building a minimalistic
white-box model. It is meant to invite the community to propose better hypothesis on how these
amazing black-box generative model works. In general, we note that there’s two directions for future
exploration. One is to pushing the limit of generation quality with simple white-box model. The other
one is to explore how to use this simple model as a hypothesis for how large black box model works.

Down this first path of simple, unsupervised and training-free white box models, our result already
encouraging results, despite the bare-bones model, suggests a path to close the gap between white-box
models and state-of-the-art black-box models. Potential ideas to further close the gap include: (i)
replacing the current conditioning with stronger self-supervised encoders, (ii) adding light, transparent
mechanisms for modeling long-range interaction (e.g., a multi-scale or attention-like retrieval that
remains non-parametric), and (iii) moving from copying raw pixels to composing a small dictionary
of “atomic” parts (e.g., steerable/Gabor-like elements or learned but human-readable primitives)
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before rendering pixels. The goal is “simple model and good results leads to understanding”: each
increment should come with a clear account of what changed and why quality improved.

Another promising direction is to treat our simple non-parametric model as a working hypothesis for
larger black-box generators. In spirit, this echoes recent efforts such as [30], which model reverse
diffusion with an explicitly non-parametric procedure and report samples that closely resemble
those from a standard diffusion model—suggesting that a complicated, multilayer network may be
optimized to implement a comparatively simple algorithm. We could propose similar hypothesis
for autoregressive based generative model. For example, we could encode image into token like
the standard process of autoregressive model, then perform our non-parametric model in the token
space, then compare the generation result with a transformer based autoregressive model. Despite the
complicated multilayer and multihead attention structure, the transformer could potentially learn a
simple algorithm like proposed in this paper. This perspective aligns with toy-model mechanistic
interpretability work—e.g., the “Toy Model of Superposition,” transformer circuits/induction heads,
and grokking case studies—which aim to show that complex models can implement simple underlying
algorithms [20; 40; 41; 38].

5 CONCLUSION

We introduced a minimal, white-box generative model by modeling three principles of natural images:
spatial non-stationarity, low-level regularities, and high-level semantics—within a non-parametric,
training-free framework. Despite its simplicity, the model produces diverse, realistic samples on
MNIST and CIFAR-10 and exhibits generalization via part–whole composition of images rather than
mere copying. Our source-tracing and entropy analyses expose the mechanism step by step, yielding
a concrete understanding of how local context and global semantics interact during generation. The
central takeaway is “simple model + good results = theory”; strong empirical performance from a
transparent procedure points toward a minimal theory of natural-image structure. Our white-box
generator offers a concrete hypothesis for the mechanisms inside black-box deep generative models.
Although these large models are vastly over-parameterized, they may nevertheless discover and
employ simple, compositional rules similar to those made explicit in our framework.

9



486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539

REFERENCES

[1] Jonas Adler and Sebastian Lunz. Banach wasserstein gan. Advances in neural information
processing systems, 31, 2018.

[2] Sanjeev Arora, Yingyu Liang, and Tengyu Ma. A simple but tough-to-beat baseline for sentence
embeddings. In International conference on learning representations, 2017.

[3] Sanjeev Arora, Hrishikesh Khandeparkar, Mikhail Khodak, Orestis Plevrakis, and Nikunj
Saunshi. A theoretical analysis of contrastive unsupervised representation learning. arXiv
preprint arXiv:1902.09229, 2019.

[4] Randall Balestriero and Yann LeCun. Contrastive and non-contrastive self-supervised learning
recover global and local spectral embedding methods. arXiv preprint arXiv:2205.11508, 2022.

[5] David Bau, Bolei Zhou, Aditya Khosla, Aude Oliva, and Antonio Torralba. Network dissec-
tion: Quantifying interpretability of deep visual representations. In Proceedings of the IEEE
conference on computer vision and pattern recognition, pp. 6541–6549, 2017.

[6] Florian Bordes, Randall Balestriero, and Pascal Vincent. High fidelity visualization of what
your self-supervised representation knows about. arXiv preprint arXiv:2112.09164, 2021.

[7] Wieland Brendel and Matthias Bethge. Approximating cnns with bag-of-local-features models
works surprisingly well on imagenet. arXiv preprint arXiv:1904.00760, 2019.

[8] Kwan Ho Ryan Chan, YD Yu, Chong You, Haozhi Qi, John Wright, and Yi Ma. Redunet: A
white-box deep network from the principle of maximizing rate reduction. J Mach Learn Res, 23
(114):1–103, 2022.

[9] Tsung-Han Chan, Kui Jia, Shenghua Gao, Jiwen Lu, Zinan Zeng, and Yi Ma. Pcanet: A simple
deep learning baseline for image classification? IEEE transactions on image processing, 24
(12):5017–5032, 2015.

[10] Hila Chefer, Shir Gur, and Lior Wolf. Generic attention-model explainability for interpreting
bi-modal and encoder-decoder transformers. In Proceedings of the IEEE/CVF International
Conference on Computer Vision, pp. 397–406, 2021.

[11] Ting Chen, Simon Kornblith, Mohammad Norouzi, and Geoffrey Hinton. A simple framework
for contrastive learning of visual representations. In International conference on machine
learning, pp. 1597–1607. PMLR, 2020.

[12] Ting Chen, Simon Kornblith, Mohammad Norouzi, and Geoffrey E. Hinton. A simple framework
for contrastive learning of visual representations. CoRR, abs/2002.05709, 2020. URL https:
//arxiv.org/abs/2002.05709.

[13] Xinlei Chen and Kaiming He. Exploring simple siamese representation learning. In Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 15750–15758,
2021.

[14] Yubei Chen, Dylan M. Paiton, and Bruno A. Olshausen. The sparse manifold transform.
In Advances in Neural Information Processing Systems 31: Annual Conference on Neural
Information Processing Systems 2018, NeurIPS 2018, December 3-8, 2018, Montréal, Canada,
pp. 10534–10545, 2018.

[15] Yubei Chen, Adrien Bardes, Zengyi Li, and Yann LeCun. Bag of image patch embedding
behind the success of self-supervised learning. arXiv preprint arXiv:2206.08954, 2022.

[16] Yubei Chen, Adrien Bardes, Zengyi Li, and Yann LeCun. Intra-instance vicreg: Bag of
self-supervised image patch embedding. arXiv preprint arXiv:2206.08954, 2022.

[17] Yubei Chen, Zeyu Yun, Yi Ma, Bruno Olshausen, and Yann LeCun. Minimalistic unsupervised
representation learning with the sparse manifold transform. In The Eleventh International
Conference on Learning Representations, 2022.

10

https://arxiv.org/abs/2002.05709
https://arxiv.org/abs/2002.05709


540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

[18] Adam Coates, Andrew Ng, and Honglak Lee. An analysis of single-layer networks in unsuper-
vised feature learning. In Proceedings of the fourteenth international conference on artificial
intelligence and statistics, pp. 215–223. JMLR Workshop and Conference Proceedings, 2011.

[19] Alexei A. Efros and Thomas K. Leung. Texture synthesis by non-parametric sampling. In
Proceedings of the 7th IEEE International Conference on Computer Vision (ICCV), pp. 1033–
1038, Corfu, Greece, September 1999. URL https://doi.org/10.1109/ICCV.1999.
790383.

[20] Nelson Elhage, Tristan Hume, Catherine Olsson, Nicholas Schiefer, Tom Henighan, Shauna
Kravec, Zac Hatfield-Dodds, Robert Lasenby, Dawn Drain, Carol Chen, et al. Toy models of
superposition. arXiv preprint arXiv:2209.10652, 2022.

[21] Quentin Garrido, Yubei Chen, Adrien Bardes, Laurent Najman, and Yann Lecun. On the
duality between contrastive and non-contrastive self-supervised learning. arXiv preprint
arXiv:2206.02574, 2022.

[22] Ian Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing Xu, David Warde-Farley, Sherjil
Ozair, Aaron Courville, and Yoshua Bengio. Generative adversarial networks. Communications
of the ACM, 63(11):139–144, 2020.

[23] Jeff Z HaoChen, Colin Wei, Adrien Gaidon, and Tengyu Ma. Provable guarantees for self-
supervised deep learning with spectral contrastive loss. Advances in Neural Information
Processing Systems, 34:5000–5011, 2021.

[24] Martin Heusel, Hubert Ramsauer, Thomas Unterthiner, Bernhard Nessler, and Sepp Hochreiter.
Gans trained by a two time-scale update rule converge to a local nash equilibrium. In Advances
in Neural Information Processing Systems, 2017.

[25] Jonathan Ho, Ajay Jain, and Pieter Abbeel. Denoising diffusion probabilistic models. Advances
in neural information processing systems, 33:6840–6851, 2020.

[26] Junqiang Huang, Xiangwen Kong, and Xiangyu Zhang. Revisiting the critical factors of
augmentation-invariant representation learning. arXiv preprint arXiv:2208.00275, 2022.

[27] Herve Jegou, Matthijs Douze, and Cordelia Schmid. Product quantization for nearest neighbor
search. IEEE transactions on pattern analysis and machine intelligence, 33(1):117–128, 2010.

[28] Hervé Jégou, Matthijs Douze, Cordelia Schmid, and Patrick Pérez. Aggregating local descriptors
into a compact image representation. In 2010 IEEE computer society conference on computer
vision and pattern recognition, pp. 3304–3311. IEEE, 2010.

[29] Li Jing, Jiachen Zhu, and Yann LeCun. Masked siamese convnets. arXiv preprint
arXiv:2206.07700, 2022.

[30] Mason Kamb and Surya Ganguli. An analytic theory of creativity in convolutional diffusion
models. arXiv preprint arXiv:2412.20292, 2024.

[31] Tero Karras, Samuli Laine, Miika Aittala, Janne Hellsten, Jaakko Lehtinen, and Timo Aila.
Analyzing and improving the image quality of stylegan. In Proceedings of the IEEE/CVF
conference on computer vision and pattern recognition, pp. 8110–8119, 2020.

[32] Tero Karras, Miika Aittala, Timo Aila, and Samuli Laine. Elucidating the design space of
diffusion-based generative models. Advances in neural information processing systems, 35:
26565–26577, 2022.

[33] Diederik P Kingma and Max Welling. Auto-encoding variational bayes. arXiv preprint
arXiv:1312.6114, 2013.

[34] Svetlana Lazebnik, Cordelia Schmid, and Jean Ponce. Beyond bags of features: Spatial pyramid
matching for recognizing natural scene categories. In 2006 IEEE computer society conference
on computer vision and pattern recognition (CVPR’06), volume 2, pp. 2169–2178. IEEE, 2006.

11

https://doi.org/10.1109/ICCV.1999.790383
https://doi.org/10.1109/ICCV.1999.790383


594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

[35] Zengyi Li, Yubei Chen, Yann LeCun, and Friedrich T Sommer. Neural manifold clustering and
embedding. arXiv preprint arXiv:2201.10000, 2022.

[36] Zengyi Li, Yubei Chen, and Friedrich T Sommer. Learning energy-based models in high-
dimensional spaces with multiscale denoising-score matching. Entropy, 25(10):1367, 2023.

[37] Yi Ma, Doris Tsao, and Heung-Yeung Shum. On the principles of parsimony and self-
consistency for the emergence of intelligence. Frontiers of Information Technology & Electronic
Engineering, 23(9):1298–1323, 2022.

[38] Neel Nanda, Lawrence Chan, Tom Lieberum, Jess Smith, and Jacob Steinhardt. Progress
measures for grokking via mechanistic interpretability. arXiv preprint arXiv:2301.05217, 2023.

[39] Chris Olah, Alexander Mordvintsev, and Ludwig Schubert. Feature visualization. Distill, 2(11):
e7, 2017.

[40] Chris Olah, Nick Cammarata, Ludwig Schubert, Gabriel Goh, Michael Petrov, and Shan Carter.
Zoom in: An introduction to circuits. Distill, 5(3):e00024–001, 2020.

[41] Catherine Olsson, Nelson Elhage, Neel Nanda, Nicholas Joseph, Nova DasSarma, Tom
Henighan, Ben Mann, Amanda Askell, Yuntao Bai, Anna Chen, et al. In-context learning
and induction heads. arXiv preprint arXiv:2209.11895, 2022.

[42] Florent Perronnin, Jorge Sánchez, and Thomas Mensink. Improving the fisher kernel for large-
scale image classification. In European conference on computer vision, pp. 143–156. Springer,
2010.

[43] Alec Radford, Luke Metz, and Soumith Chintala. Unsupervised representation learning with
deep convolutional generative adversarial networks. arXiv preprint arXiv:1511.06434, 2015.

[44] Benjamin Recht, Rebecca Roelofs, Ludwig Schmidt, and Vaishaal Shankar. Do imagenet
classifiers generalize to imagenet? In International Conference on Machine Learning, pp.
5389–5400. PMLR, 2019.

[45] Danilo Jimenez Rezende, Shakir Mohamed, and Daan Wierstra. Stochastic backpropagation
and approximate inference in deep generative models. In International conference on machine
learning, pp. 1278–1286. PMLR, 2014.

[46] Tim Salimans, Ian Goodfellow, Wojciech Zaremba, Vicki Cheung, Alec Radford, and Xi Chen.
Improved techniques for training gans. Advances in neural information processing systems, 29,
2016.

[47] Claude E Shannon. A mathematical theory of communication. The Bell system technical
journal, 27(3):379–423, 1948.

[48] Ravid Shwartz-Ziv, Randall Balestriero, and Yann LeCun. What do we maximize in self-
supervised learning? arXiv preprint arXiv:2207.10081, 2022.

[49] Yang Song and Stefano Ermon. Generative modeling by estimating gradients of the data
distribution. Advances in neural information processing systems, 32, 2019.

[50] Louis Thiry, Michael Arbel, Eugene Belilovsky, and Edouard Oyallon. The unreasonable effec-
tiveness of patches in deep convolutional kernels methods. arXiv preprint arXiv:2101.07528,
2021.

[51] Yuandong Tian, Xinlei Chen, and Surya Ganguli. Understanding self-supervised learning
dynamics without contrastive pairs. In International Conference on Machine Learning, pp.
10268–10278. PMLR, 2021.

[52] Shimon Ullman. Object recognition and segmentation by a fragment-based hierarchy. Trends in
cognitive sciences, 11(2):58–64, 2007.

[53] Aaron Van den Oord, Nal Kalchbrenner, Lasse Espeholt, Oriol Vinyals, Alex Graves, et al. Con-
ditional image generation with pixelcnn decoders. Advances in neural information processing
systems, 29, 2016.

12



648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

[54] Jinjun Wang, Jianchao Yang, Kai Yu, Fengjun Lv, Thomas Huang, and Yihong Gong. Locality-
constrained linear coding for image classification. In 2010 IEEE computer society conference
on computer vision and pattern recognition, pp. 3360–3367. IEEE, 2010.

[55] Chun-Hsiao Yeh, Cheng-Yao Hong, Yen-Chi Hsu, Tyng-Luh Liu, Yubei Chen, and Yann LeCun.
Decoupled contrastive learning. arXiv preprint arXiv:2110.06848, 2021.

[56] Kai Yu, Tong Zhang, and Yihong Gong. Nonlinear learning using local coordinate coding.
Advances in neural information processing systems, 22, 2009.

[57] Zeyu Yun, Yubei Chen, Bruno A Olshausen, and Yann LeCun. Transformer visualization via
dictionary learning: contextualized embedding as a linear superposition of transformer factors.
arXiv preprint arXiv:2103.15949, 2021.

[58] Zeyu Yun, Galen Chuang, Derek Dong, and Yubei Chen. Denoising for manifold extrapolation.
In NeurIPS 2024 Workshop on Scientific Methods for Understanding Deep Learning, 2024.

13



702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755

Appendix

A MORE GENERATION RESULTS AND SOURCE MAP ANALYSIS

Figure 7: Generation with Low-Level Stationary Statistics, More Examples. Twenty-five exam-
ples of what essentially is Efros and Leung’s texture synthesis applied onto MNIST. Note that the
generated samples are quite large.

Figure 8: Non-Stationary and low-level Statistics More Examples. One hundred fully random
examples.

Figure 9: Non-Stationary, low, and high-level Statistics More Examples. For comparison to Figure
8, one hundred fully random examples.
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Figure 10: MNIST Class Trace. More examples of class tracing on MNIST generation.

Figure 11: Overfitting with Non-Parametric Generation. Although ssd produced a good looking
eight (left), and a unified class map (right) provides evidence of seemingly good alignment for
generalization. However, The middle figure shows that nearly every single source image, except
one from class 4, comes from the exact same image. The y axis the the image index (there are sixty
thousand images in MNIST) and the x axis is the time stamp.

Figure 12: Ship Source Image Another example of class source tracing using the full model, although
the center of the image started out as an airplane, but SimCLR decided it was closer to a ship. This
may be a shortcoming of the representation model at small scales or incorrect window sizes, or the
data may not fit the distribution of airplanes very well.
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B LLM USAGE STATEMENT

Large Language Models were only used in the proof reading stages of this paper and played a minor
role in finding and verifying references.
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