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ABSTRACT

What is the best paradigm to recognize objects—discriminative inference (fast but
potentially prone to shortcut learning) or using a generative model (slow but poten-
tially more robust)? We build on recent advances in generative modeling that turn
text-to-image models into classifiers. This allows us to study their behavior and to
compare them against discriminative models and human psychophysical data. We
report four intriguing emergent properties of generative classifiers: they show a
record-breaking human-like shape bias (99% for Imagen), near human-level out-
of-distribution accuracy, state-of-the-art alignment with human classification er-
rors, and they understand certain perceptual illusions. Our results indicate that
while the current dominant paradigm for modeling human object recognition is
discriminative inference, zero-shot generative models approximate human object
recognition data surprisingly well.

Figure 1: Zero-shot generative classifiers achieve a human-level shape bias: 99% for Imagen, 93%
for Stable Diffusion, 92% for Parti and 92–99% for individual human observers (96% on average).
Most discriminative models are texture biased instead.
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Figure 2: Classification with a diffusion generative classifier. Given a test image, such as a
dog with clock texture (1), a text-to-image generative classifier adds random noise (2) and then
reconstructs the image conditioned on the prompt “A bad photo of a <class>” for each class (3).
The reconstructed image closest to the test image in L2 distance is taken as the classification decision
(4); this estimates the diffusion variational lower bound (Clark & Jaini, 2023). For visualization
purposes, icons corresponding to the prompt class are superimposed on the reconstructed images.

1 INTRODUCTION

Many discriminative classifiers perform well on data similar to the training distribution, but struggle
on out-of-distribution images. For instance, a cow may be correctly recognized when photographed
in a typical grassy landscape, but is not correctly identified when photographed on a beach (Beery
et al., 2018). In contrast to many discriminatively trained models, generative text-to-image models
appear to have acquired a detailed understanding of objects: they have no trouble generating cows
on beaches or dog houses made of sushi (Saharia et al., 2022). This raises the question: If we could
somehow get classification decisions out of a generative model, how well would it perform out-of-
distribution? For instance, would it be biased towards textures like most discriminative models or
towards shapes like humans (Baker et al., 2018; Geirhos et al., 2019; Wichmann & Geirhos, 2023)?

We here investigate perceptual properties of generative classifiers, i.e., models trained to generate
images from which we extract zero-shot classification decisions. We focus on two of the most
successful types of text-to-image generative models—diffusion models and autoregressive models—
and compare them to both discriminative models (e.g., ConvNets, vision transformers, CLIP) and
human psychophysical data. Specifically, we focus on the task of visual object recognition (also
known as classification) of challenging out-of-distribution datasets and visual illusions.

On a broader level, the question of whether perceptual processes such as object recognition are best
implemented through a discriminative or a generative model has been discussed in various research
communities for a long time. Discriminative inference is typically described as fast yet potentially
prone to shortcut learning (Geirhos et al., 2020a), while generative modeling is often described
as slow yet potentially more capable of robust inference (DiCarlo et al., 2021). The human brain
appears to combine the best of both worlds, achieving fast inference but also robust generaliza-
tion. How this is achieved, i.e. how discriminative and generative processes may be integrated has
been described as “the deep mystery in vision” (Kriegeskorte, 2015, p. 435) and seen widespread
interest in Cognitive Science and Neuroscience (see DiCarlo et al., 2021, for an overview). This
mystery dates back to the idea of vision as inverse inference proposed more than 150 years ago by
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Figure 3:Out-of-distribution accuracy across 17 challenging datasets (Geirhos et al., 2021). De-
tailed results for all parametric datasets are plotted in Figure 5; Table 3 lists accuracies.

von Helmholtz (1867), who argued that the brain may need to infer the likely causes of sensory
information—a process that requires a generative model of the world. In machine learning, this
idea inspired approaches such as the namesake Helmholtz machine (Dayan et al., 1995), the concept
of vision as Bayesian inference (Yuille & Kersten, 2006) and other analysis-by-synthesis methods
(Revow et al., 1996; Bever & Poeppel, 2010; Schott et al., 2018; Zimmermann et al., 2021). How-
ever, when it comes to challenging real-world tasks like object recognition from photographs, the
ideas of the past often lacked the methods (and compute power) of the future: until very recently,
it was impossible to compare generative and discriminative models of object recognition simply
because the only models capable of recognizing challenging images were standard discriminative
models like deep convolutional networks (Krizhevsky et al., 2012; He et al., 2015) and vision trans-
formers (Dosovitskiy et al., 2021). Excitingly, this is changing now and thus enables us to compare
generative classi�ers against both discriminative models and human object recognition data.

Concretely, in this work, we study the properties of generative classi�ers based on three different
text-to-image generative models: Stable Diffusion (SD), Imagen, and Parti on 17 challenging OOD
generalization datasets from the model-vs-humans toolbox (Geirhos et al., 2021). We compare the
performance of these generative classi�ers with 52 discriminative models and human psychophysi-
cal data. Based on our experiments, we observe four intriguing properties of generative classi�ers:

1. a human-like shape bias (Subsection 3.1),
2. near human-level out-of-distribution accuracy (Subsection 3.2),
3. state-of-the-art error consistency with humans (Subsection 3.3),
4. an understanding of certain perceptual illusions (Subsection 3.4).

2 METHOD: GENERATIVE MODELS ASZERO-SHOT CLASSIFIERS

We begin with a dataset,Dn := f (x 1; y1); (x 2; y2) � � � ; (x n ; yn )g of n images where each image
belongs to one ofK classes[yK ] := f y1; � � � ; yk g. Our method classi�es an image by predicting
the most probable class assignment assuming a uniform prior over classes:

~y = arg max
yk

p(y = yk jx ) = arg max
yk

p(x jy = yk ) � p(y = yk ) = arg max
yk

logp(x jy = yk ) (1)

A generative classi�er (Ng & Jordan, 2001) uses a conditional generative model to estimate the
likelihoodp� (x jy = yk ) where� are the model parameters.

Generative models: We study the properties of three different text-to-image generative models
namely Imagen (Saharia et al., 2022) which is a pixel space based diffusion model, Stable Diffusion
(SD) (Rombach et al., 2022) which is a latent space based diffusion model, and Parti (Yu et al., 2022)
which is a sequence-to-sequence based autoregressive model. Since these models are conditioned
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Figure 4: Error consistency across 17 challenging datasets (Geirhos et al., 2021). This metric
measures whether errors made by models align with errors made by humans (higher is better).

on text prompts rather than class labels, we modify each label,yk , to a text prompt using the tem-
plateyk ! A bad photo of a yk: to generate classi�cation decisions. Conceptually, our approach to
obtain classi�cation decisions is visualized in Figure 2.

Following Clark & Jaini (2023), we generate classi�cation decisions from diffusion models like
Stable Diffusion and Imagen by approximating the conditional log-likelihoodlogp� (x jy = yk )
using the diffusion variational lower bound (see Appendix A for a background on diffusion models):

~y = arg max
yk

logp� (x jy = yk ) � arg min
yk

E�;t
�
w t kx � ~x � (x t ; yk ; t)k2

2] (2)

For SD,x is a latent representations whereas for Imagenx consists of raw image pixels.

Evaluatingp� (x jy = yk ) for Parti amounts to performing one forward pass of the model since it
is an autoregressive model that provides an exact conditional likelihood. Thus, for each of these
models we evaluate the conditional likelihood,p� (x jy = yk ), for each classyk 2 [yK ] and assign
the class with the highest likelihood obtained via Equation (1).

Model-vs-human datasets: We study the performance of these generative classi�ers on 17 chal-
lenging out-of-distribution (OOD) datasets proposed in the model-vs-human toolbox (Geirhos et al.,
2021). Of these 17 datasets, �ve correspond to a non-parametric single manipulation (sketches,
edge-�ltered images, silhouettes, images with a texture-shape cue con�ict, and stylized images
where the original image texture is replaced by the style of a painting). The other twelve datasets
consist of parametric image distortions like low-pass �ltered images, additive uniform noise, etc.
These datasets are designed to test OOD generalization for diverse models in comparison to hu-
man object recognition performance. The human data consists of 90 human observers with a total
of 85,120 trials collected in a dedicated psychophysical laboratory on a carefully calibrated screen
(see Geirhos et al., 2021, for details). This allows us to compare classi�cation data for zero-shot
generative models, discriminative models and human observers in a comprehensive, uni�ed setting.

Preprocessing: We preprocess the 17 datasets in the model-vs-human toolbox by resizing the
images to64� 64 resolution for Imagen,256� 256for Parti, and512� 512for SD since these are
the resolutions for the each of the base models respectively. We use the prompt,A bad photo of a yk,
for each dataset and every model. Although Imagen (Saharia et al., 2022) is a cascaded diffusion
model consisting of a64 � 64 low-resolution model and two super-resolution models, we only use
the64� 64base model for our experiments here. We use v1.4 of SD (Rombach et al., 2022) for our
experiments that uses a pre-trained text encoder from CLIP to encode text and a pre-trained VAE to
map images to a latent space. Finally, we use the Parti-3B model (Yu et al., 2022) consisting of an
image tokenizer and an encoder-decoder transformer model that converts text-to-image generation
to a sequence-to-sequence modeling problem.
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(a) Colour / greyscale (b) True / false colour (c) Power equalised (d) Rotation

(e) Uniform noise (f) Contrast (g) Low-pass (h) High-pass

(i) Phase noise (j) Eidolon I (k) Eidolon II (l) Eidolon III

Figure 5: Detailed out-of-distribution accuracy for Imagen, Stable Diffusion and Parti in com-
parison to human observers. While not always aligning perfectly with human accuracy, the overall
robustness achieved by Imagen and Stable Diffusion is comparable to that of human observers even
though these models are zero-shot, i.e. neither designed nor trained to do classi�cation.

Baseline models for comparison: As baseline discriminative classi�ers, we compare Imagen, SD,
and Parti against 52 diverse models from the model-vs-human toolbox (Geirhos et al., 2021) that are
either trained or �ne-tuned on ImageNet, three ViT-22B variants (Dehghani et al., 2023) (very large
22B parameter vision transformers) and CLIP (Radford et al., 2021) as a zero-shot classi�er baseline.
The CLIP model is based on the largest version, ViT-L/14@224px, and consist of vision and text
transformers trained with contrastive learning. We use the CLIP model that uses an ensemble of 80
different prompts for classi�cation (Radford et al., 2021). We plot all baseline discriminative models
in grey and human subject data in red.

Metrics: We compare all the models over the 17 OOD datasets based on three metrics: (a) shape
bias, (b) OOD accuracy and, (c) error consistency. Shape bias is de�ned by Geirhos et al. (2019)
as the fraction of decisions that are identical to the shape label of an image divided by the fraction
of decisions for which the model output was identical to either the shape or the texture label on a
dataset with texture-shape cue con�ict. OOD accuracy is de�ned as the fraction of correct decisions
for a dataset that is not from the training distribution. Error consistency (see Geirhos et al., 2020b,
for details) is measured in Cohen's kappa (Cohen, 1960) and indicates whether two decision makers
(e.g., a model and a human observer) systematically make errors on the same images. If that is the
case, it may be an indication of deeper underlying similarities in terms of how they process images
and recognize objects. Error consistency between modelsf 1 andf 2 is de�ned over a dataset on
which both models are evaluated on exactly the same images and output a label prediction; the metric
indicates the fraction of images on which1f 1 (x )= yx is identical to1f 2 (x )= yx (i.e., both models are
either correct or wrong on the same image) when corrected for chance agreement. This ensures that
an error consistency value of 0 corresponds to chance agreement, positive values indicate beyond-
chance agreement (up to 1.0) and negative values indicate systematic disagreement (down to -1.0).
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model model type shape bias OOD accuracy error consist.

Imagen (1 prompt) zero-shot 99% 0.71 0.31
StableDiffuson (1 prompt) zero-shot 93% 0.69 0.26
Parti (1 prompt) zero-shot 92% 0.58 0.23
CLIP (1 prompt) zero-shot 80% 0.55 0.26
CLIP (80 prompts) zero-shot 57% 0.71 0.28

ViT-22B-384 trained on 4B images discriminative 87% 0.80 0.26
ViT-L trained on IN-21K discriminative 42% 0.73 0.21
RN-50 trained on IN-1K discriminative 21% 0.56 0.21
RN-50 trained w/ diffusion noise discriminative 57% 0.57 0.24
RN-50 train+eval w/ diffusion noise discriminative 78% 0.43 0.18

Table 1:Benchmark resultsfor model-vs-human metrics (Geirhos et al., 2021). Within each model
type (zero-shot vs. discriminative), the best result for each category is shown in bold.

3 RESULTS: FOUR INTRIGUING PROPERTIES OFGENERATIVE CLASSIFIERS

3.1 HUMAN -LIKE SHAPE BIAS

Introduced by Geirhos et al. (2019), theshape biasof a model indicates to which degree the model's
decisions are based on object shape, as opposed to object texture. We study this phenomenon us-
ing the cue-con�ict dataset which consists of images with shape-texture cue con�ict. As shown in
Geirhos et al. (2021), most discriminative models are biased towards texture whereas humans are
biased towards shape (96% shape bias on average; 92% to 99% for individual observers). Interest-
ingly, we �nd that all three zero-shot generative classi�ers show a human-level shape bias: Imagen
achieves a stunning 99% shape bias, Stable Diffusion 93% and Parti a 92% shape bias.

As we show in Figure 1, Imagen closely matches or even exceeds human shape bias across nearly
all categories, achieving a previously unseeen shape bias of 99%. In Table 1, we report that all three
generative classi�ers signi�cantly outperform ViT-22B (Dehghani et al., 2023), the previous state-
of-the-art method in terms of shape bias, even though all three models are smaller in size, trained on
less data, and unlike ViT-22B were not designed for classi�cation.

3.2 NEAR HUMAN-LEVEL OOD ACCURACY

Humans excel at recognizing objects even if they are heavily distorted.Do generative classi�ers also
possess similar out-of-distribution robustness?We �nd that Imagen and Stable Diffusion achieve
an overall accuracy that is close to human-level robustness (cf. Figure 3) despite being zero-shot
models; these generative models are outperformed by some very competitive discriminative models
like ViT-22B achieving super-human accuracies. The detailed plots in Figure 5 show that on most
datasets (except rotation and high-pass), the performance of all three generative classi�ers approx-
imately matches human responses. Additional results are in Table 3 and Figure 11 and 12 in the
appendix. Notably, all three models are considerably worse than humans in recognizing rotated
images. Curiously, these models also struggle to generate rotated images when prompted with the
text “A rotated image of a dog:” / “ An upside� down image of a dog:” etc. This highlights an ex-
citing possibility: evaluating generative models on downstream tasks like OOD datasets may be a
quantitative way of gaining insights into the generation capabilities and limitations of these models.

On high-pass �ltered images, Imagen performs much worse than humans whereas SD and Parti ex-
hibit more robust performance. The difference in performance of Imagen and SD may be attributed
to the weighting function used in Equation (2). Our choice of weighting function,w t := exp(� 7t),
as used in Clark & Jaini (2023) tends to give higher weight to the lower noise levels and is thus bad
at extracting decisions for high-frequency images. SD on the other hand operates in the latent space
and thus the weighting function in Equation (2) effects its decisions differently than Imagen. Never-
theless, this indicates that even though Imagen and SD are diffusion-based models, they exhibit very
different sensitivities to high spatial frequencies. Despite those two datasets where generative clas-
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Figure 6:Model-to-model error consistencyfor `cue con�ict' images. The matrix is sorted accord-
ing to mean error consistency with humans (higher consistency from left to right / top to bottom).

si�ers show varied performance, they overall achieve impressive zero-shot classi�cation accuracy
(near human-level performance as shown in Figure 3).

3.3 SOTAERROR CONSISTENCY WITH HUMAN OBSERVERS

Humans and models may both achieve, say, 90% accuracy on a dataset but do they make errors on
the same 10% of images, or on different images? This is measured byerror consistency(Geirhos
et al., 2020b). In Figure 4, we show the overall results for all models across the 17 datasets. While a
substantial gap towards human-to-human error consistency remains, Imagen shows the most human-
aligned error patterns, surpassing previous state-of-the-art (SOTA) set by ViT-22B, a large vision
transformer (Dehghani et al., 2023). SD also exhibits error consistency closer to humans but trails
signi�cantly behind Imagen. These �ndings appear consistent with the MNIST results by Golan
et al. (2020) reporting that a generative model captures human responses better than discriminative
models.

Additionally, a matrix plot of error consistency of all the models on cue-con�ict images is shown
in Figure 6. Interestingly, the plot shows a clear dichotomy between discriminative models that
exhibit error patterns similar to each other, and generative models whose error patterns more closely
match humans, thus they end up in the human cluster. While overall a substantial gap between
the best models and human-to-human consistency remains (Figure 4), Imagen best captures human
classi�cation errors despite never being trained for classi�cation. We report more detailed results in
the appendix in Table 2 and Figures 11-18.

3.4 UNDERSTANDING CERTAIN VISUAL ILLUSIONS

Beyond quantitative benchmarking, we investigated a more qualitative aspect of generative models:
whether they can understand certain visual illusions. In human perception, illusions often reveal as-
pects of our perceptual abilities that would otherwise go unnoticed. We therefore tested generative
models on images that are visual illusions for humans. In contrast to discriminative models, gener-
ative classi�ers offer a straightforward way to test illusions: for bistable images such as the famous
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