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Abstract

We study how rich visual semantic information is repre-
sented within various layers and denoising timesteps of dif-
ferent diffusion architectures. We uncover monosemantic
interpretable features by leveraging k-sparse autoencoders
(k-SAE). We substantiate our mechanistic interpretations
via transfer learning using light-weight classifiers on off-
the-shelf diffusion models’ features. On 4 datasets, we
demonstrate the effectiveness of diffusion features for rep-
resentation learning. We provide an in-depth analysis of
how different diffusion architectures, pre-training datasets,
and language model conditioning impacts visual represen-
tation granularity, inductive biases, and transfer learning
capabilities. Our work is a critical step towards deepening
interpretability of black-box diffusion models. Code and
visualizations available at: https://github.com/
revelio-diffusion/revelio

1. Introduction
Generating high-quality photo-realistic and creative visual
content using diffusion models is a thriving area of research.
For a generative model to accurately simulate the visual
world around us, its latent space should in principle cap-
ture rich visual semantics and the physical dynamics of the
real world. A direct empirical evidence is in recent efforts
that leverage diffusion features for discriminative tasks such
as detection [13], segmentation [9, 67], classification [33],
semantic correspondence [36], depth estimation [66, 71], or
visual reasoning [65] tasks. Yet, they do not offer clear in-
sights on how this rich semantic information is represented
within the model. Some prior attempts that visualize atten-
tion maps [7] or use PCA [63] on the intermediate features,
though valuable, operate on per-image basis and thus, do
not offer a more holistic in-depth interpretation of diffusion
models’ internal representations.

In this work, we go beyond harnessing the rich repre-
sentations of diffusion models and aim to fundamentally
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!"#$%&'

(&#$%&'

)"*+,

-+,*+,

./0/"&1&

2&&13$"%

4$'5136'&78&''6&'

9'&/,7:;'&"&&1

</=$;&%

>7"$"?/#,60&7"&+'$"

Figure 1. k-sparse autoencoders (k-SAE) trained on complex visual
features help identify monosemantic visual properties represented within
black-box diffusion models. We show sample k-SAE neurons and top-4
images that yield highest activations when the k-SAE is trained on inter-
mediate diffusion layer’s features on Oxford-IIIT Pet [44] dataset. Note
how these features encapsulate distinct fine-grained information about dif-
ferent breeds like Keeshond and Samoyed. Best viewed in color.

understand and interpret diffusion models’ internal states.
Concretely, we address the following questions: what fla-
vors of visual information is captured in different layers
and time-steps of a diffusion model? How do they inter-
act with and complement each other and the overall learnt
visual information? Do different layers benefit differently
from external conditioning and why? What inductive bi-
ases are uniquely captured in convolution-based diffusion
models compared to transformer-based ones?

Understanding how a model learns visual information
offers several key benefits. First, current visual generative
models are black box in nature: it is not clear why a be-
nign prompt sometimes produces an unsafe output or why a
very slight tweak to the same prompt generates a very differ-
ent output [5]. Answering the above fundamental questions
will be a crucial step towards interpreting black box gener-
ative models. Second, distilling the granularity of semantic
information represented across different layers, timesteps,
and model architectures can aid in designing more efficient
algorithms that offer semantic and style control.

To reveal the visual knowledge learnt by diffusion mod-
els, we adopt “mechanistic interpretation” techniques and
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learn a sparse dictionary of monosemantic visual con-
cepts. It is physiologically proven that human visual sys-
tem sparsely encodes the most recurring visual patterns
using a small set of basis functions [42]. Motivated by
this, we aim to uncover interpretable features by leverag-
ing k-sparse auto-encoders (k-SAE) [39], which have been
shown to help interpret language models [16, 59]. We
illustrate how the semantic visual information is packed
differently depending on the representation granularity of
the test dataset, across different diffusion layers, denois-
ing timesteps, model architectures, and pre-training data.

Going beyond this, we corroborate our mechanistic in-
terpretation by learning very light-weight classifiers on top
of off-the-shelf diffusion models’ features. Through rig-
orous analysis against multiple baselines and benchmarks,
we show the surprising effectiveness of diffusion features
across a variety of tasks: coarse and fine-grained classifica-
tion and complex visual reasoning. Unlike all prior works,
our classifier, dubbed, Diff-C, bypasses the need to em-
ploy additional losses [33], training a student model [68],
or training a feature map fusing method [36], thereby offer-
ing significant computational benefits (4 orders of magni-
tude inference speedup compared to [33]1). We summarize
our empirical and interpretable analysis below, which align
perfectly across datasets, tasks, and model architectures.
• Representation granularity varies non-linearly with

model depth, with different diffusion layers captur-
ing varying levels of visual semantic information, from
coarse-grained shape, texture, or local color patterns to
fine-grained animal breed details, to more global visual
concepts like camera angles and object poses.

• Representation granularity and generalizability
varies with diffusion architectures, pre-training data,
latent or pixel space, cross and self-attention mecha-
nisms – design choices made to improve the overall pixel
generation quality and training efficiency.

• k-sparse autoencoders help isolate monosemantic vi-
sual properties systematically across model states and
help interpret black box diffusion models.

2. Related Work

Diffusion features for discriminative tasks: Diffusion
models have achieved remarkable results in generating
semantically rich high-resolution images [8, 20, 28, 46,
51, 53]. Several recent works leverage diffusion features
beyond image and video synthesis: for zero-shot clas-
sification [15, 33, 68], detection [13], segmentation [9,
67], semantic correspondence [27, 36], rendering novel
views [69], image editing and semantic image manipulation
tasks [32, 63], and so on. Our work is different from prior
works in two important ways. First, we propose a simple

1Our method requires training a classifier to achieve this.

method to adapt diffusion features for discriminative tasks
without the need to distill [68], train an expensive hyper-
network [36], or generate synthetic data [29]. Second, we
go beyond leveraging diffusion features and interpret how
visual information is packed with the model’s architecture.
Interpreting diffusion features: Some recent studies aim
at understanding and interpreting diffusion models [10, 12,
19]. Plug-and-Play [63] performs PCA analysis on inter-
mediate features of Stable Diffusion [51] and finds that
intermediate features reveal localized semantic informa-
tion shared across objects, while early layers capture high-
frequency details. However, their analysis is based only on
20 real and generated humanoid images, limiting the gener-
alizability of their findings to different domains and model
architectures. Authors of [25] explore how diffusion fea-
tures vary with the underlying architecture. Similarly, the
effect of cross-attention layers to image attributes [64] and
semantic information at different timesteps [37, 45] have
been studied by progressively conditioning text prompts.
While valuable, these analyses are also done on a per-image
basis and do not offer a holistic and in-depth interpretation
of the models’ internal states. Diffusion Lens [61] analyzes
the text encoder of diffusion models by generating images
from its intermediate representations. By contrast, our work
mechanistically interprets the opaque visual diffusion fea-
tures when conditioned on blank prompts using sparse au-
toencoders.

Recent works have demonstrated that sparse autoen-
coders (SAE) could recover monosemantic features in large
language models (LLMs) [11, 16, 23] and CLIP vision fea-
tures [17, 22]. Concurrent work [57] investigates the pos-
sibility of using SAEs to learn interpretable features from
residual updates within the U-Net to investigate how the
cross-attention layer integrates the input text prompt. By
contrast, our focus is to understand how visual information
is packed within the diffusion models’ internal states and
the interplay between representation abstraction and model
design choices. We propose a method to reveal valuable
human interpretable visual patterns baked within black box
diffusion models.

3. Approach
Our goal is to interpret and expand our understanding
of black box diffusion models. We address this from
two different perspectives: first, we train k-sparse autoen-
coders [39] to recover interpretable monosemantic visual
semantic features across different layers, timesteps, and dif-
fusion architectures. Second, we substantiate each inter-
pretability finding by training light-weight classifiers on the
exact same diffusion features.

We begin by providing an overview of diffusion mod-
els (Sec. 3.1), followed by motivation and architecture used
for training k-SAE (Sec. 3.2), followed by the light-weight
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Figure 2. k-SAE visualizations across layers of the U-Net in SD 1.5 and sample images from different neurons yielding highest activations when k-SAEs
are trained on different layers for t = 25 on Oxford-IIIT Pet. We note that across 3 random neurons of k-SAEs, the bottleneck layer captures very
coarse-grained information, where foreground objects positioned similarly are activated by the same neuron. up ft1 captures valuable breed specific
domain information while up ft2 seems to capture high-frequency visual patterns.

classifier, Diff-C (Sec. 3.3).

3.1. Preliminaries on diffusion models
Several powerful open and close-sourced diffusion models
have emerged just in the last two years [1, 2, 24, 46, 48, 50,
51, 53]. Broadly, diffusion models are probabilistic genera-
tive models that aim to learn a data distribution p(x) through
an iterative denoising process. During the forward diffusion
process, the input image x is gradually perturbed with noise
over T timesteps. The reverse process consists of iterative
denoising steps, where each step estimates the added noise
εθ(xt, t), parameterized by θ, with t = 1, . . . , T . Each iter-
ation takes a noisy image xt as input and predicts the added
noise ε. The objective of the diffusion model is given by:

LDM = Ex,t,ε∼N (0,1)
[
‖ε − εθ(xt, t)‖2

2
]

(1)

Instead of operating on images x, latent diffusion models
(LDM) [51] operate on a latent representation z, obtained
by mapping the image into a lower-dimensional space us-
ing a variational autoencoder [30] which consists of an en-
coder E and decoder D. The diffusion process models the
distribution of these latent embeddings, allowing for more
efficient computation. The revised objective is:

LLDM = EE(x),t,ε∼N (0,1)
[
‖ε − εθ(zt, t)‖2

2
]

(2)

3.2. Preliminaries on k-sparse autoencoders
Our aim is to gain insight into how visual information is en-
capsulated in a diffusion model. Given the very high non-
linearity and complex architectures of generative models,
identifying interpretable components directly from layer ac-
tivations is not viable. In this work, we isolate monose-
mantic features by training k-sparse autoencoders (k-SAEs)
on the activations from different diffusion layers, timesteps,
and architectures, which we describe next.

Sparse autoencoders [40] are neural networks to learn
compact feature representations in an unsupervised manner.
They contain an encoder and a decoder, and are trained with
a sparsity penalty and a sample reconstruction loss to en-
courage only a few neurons to be maximally activated for
a given input. However, the sparsity penalty term in SAEs
presents significant training challenges [39, 60]. A k-sparse
autoencoder is an extension of sparse autoencoder [40] de-
signed to improve the training challenges by explicitly reg-
ulating the number of active neurons during training to k.
Specifically, in each training step, a top-k activation func-
tion is used to retain only the k largest neuron activations,
while zeroing out the rest.

Let x denote the d-dimensional spatially-pooled diffu-
sion activations2. Let Wenc ∈ Rn×d and Wdec ∈ Rd×n

denote the weight matrices of the k-SAE’s encoder and de-
coder respectively (Fig. 1), where n denotes the dimension
of the autoencoder’s hidden layer. n is equal to d multiplied
by a positive integer, called the expansion factor. Follow-
ing [11], bpre ∈ Rd denotes the bias term added to input x
before feeding to the encoder (aka pre-encoder bias), while
benc ∈ Rn denotes the bias term for encoder. Upon passing
x through the encoder, we obtain z defined as:

z = TopK(Wenc(x − bpre) + benc), (3)

where the TopK activation function retains only the top k
neuron activations and sets the rest to zero [39]. The de-
coder then reconstructs z, given by:

x̂ = Wdecz + bpre (4)

The training loss is the normalized reconstruction mean
squared error (MSE) between the reconstructed feature (x̂)

2For notational simplicity, we describe our setup for an arbitrary layer
and denoising timestep, but the same method applies for activations from
any model state.
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and the original feature (x), given by:

Lmse = ‖x − x̂‖2
2 (5)

As we show in results (Sec. 4), k-SAE plays a key role in
qualitatively interpreting visual semantic information.

3.3. Diffusion Classifier (Diff-C)
Next, to quantitatively study the visual semantic informa-

tion packed within pre-trained diffusion models, we design
a lightweight classifier called Diff-C to adapt diffusion fea-
tures to downstream tasks. Diff-C (shown in Table 10 in
suppl. material) comprises a series of convolutional layers
to progressively reduce the spatial dimensions of the dif-
fusion features, followed by a pooling and a downstream
task-dependent fully-connected layer. Despite the inher-
ently unique architectures of convolutions-based U-Net [52]
and diffusion-based DiT [46], we adapt the outputs of dif-
ferent U-Net layers and DiT blocks into 2D feature maps
and process them using Diff-C.

4. Experiments

In this section, we first share the implementation details and
training setup, followed by detailed analyses while dissect-
ing diffusion models.

4.1. Implementation details
Unless otherwise stated, we use Stable Diffusion (SD) 1.5
model [51], DDIM scheduler [56], and an empty prompt
used as the text conditioning.
k-SAE: For training a k-SAE, we empirically found that
k = 32 yields the best results for different datasets, based
on training stability and overall sparsity. Diffusion activa-
tions are extracted by passing images from a target dataset
into the VAE of a pretrained diffusion model. For SD, we
spatially pool diffusion activations resulting in d = 1280
for bottleneck, up ft0, and up ft1 layers.
Diff-C has 4 convolutional layers (conv1-conv4) as shown
in Table 10. The final feature dimension is 1024. For all
classification tasks and datasets, we train on a NVIDIA
RTX A6000 GPU, use a batch size of 16, optimize using
AdamW [35], a learning rate of 1 × 10−4. We train Diff-C
for 30 epochs with cosine annealing learning rate sched-
ule and set a minimum learning rate ηmin (5 × 10−5). We
randomly crop and resize input images to 512 × 512 and
augment with random horizontal flip transformations.

4.2. Setup
Datasets and tasks: We interpret and analyze diffusion
features of on four image datasets and against competitive
baselines on two tasks: (a) classification Transfer learn-
ing onto Oxford-IIIT Pet [44], FGVC-Aircraft [38], and

Caltech-101 [21], (b) visual reasoning as in [62], we in-
terleave two visual features with CLIP: DINO [43] and dif-
fusion features. We use the LLaVA-Lightning 3 configura-
tion and MPT-7B-Chat [58] as the base language model.
We use CC595k [55] for stage 1 pre-training and LLaVA-
Instruct-80K [34] for stage 2 fine-tuning (more details in
suppl. material).
Notation: We focus on interpreting the bottleneck and the
decoder layers of the UNet, as the information from the
encoder is fed into the decoder through the skip connec-
tions. As illustrated in Fig. 2, features extracted from a
given upsampling (decoder) block index are denoted as
up ft{block index}. bottleneck refers to the cen-
tral block which has the smallest spatial resolution in U-Net.
Following the standard convention of reverse denoising of
diffusion models [28, 56], t = 0 corresponds to the timestep
where a final, fully denoised image is achieved and higher
values of t represent noisier images, with t = 1000 denot-
ing pure noise. For referring to the features from DiT we
use block index to denote the transformer block from
which we extract the features.
Evaluation metrics: For Diff-C, we report top-1 accuracy
for all classification tasks. For the visual reasoning task, we
evaluate on the LLaVA-Bench (in-the-wild) [34] and MM-
Vet benchmarks [70], where model outputs are scored rela-
tive to reference answers generated by text-only GPT-4 [4].
For k-SAE, to quantify the granularity of semantic informa-
tion captured in diffusion features, we measure how “pure”
the activated k-SAE neurons are. We do this by measuring
the average standard deviation in the class labels (σlabel)
of the top-10 most highly activating images among the top
1000 most highly activating features of the learned k-SAE.
We stress that the class labels are not used for training but
only to measure activated neurons’ purity of the k-SAE. We
also visualize images which result in highest activation for
a given k-SAE neuron. Furthermore, to further reduce sub-
jectivity, we frame the task of quantifying the granularity
of semantic information in diffusion features as a multiple-
choice question-answering problem for GPT-4o [3]. We as-
sess the level of semantic detail captured by different diffu-
sion features (prompt details in suppl. material). We note
that GPT-4o predictions can be noisy, hence we primarily
relied on label purity (σlabel) for accurate quantification.

4.3. Information granularity across diffusion layers
In this section, we study how the visual semantic informa-
tion arranges itself across different layers of a pre-trained
diffusion network. Specifically, how does the diffusion
training objective of minimizing global reconstruction loss
impact the visual information granularity across layers? To
this end, we extract diffusion features from bottleneck,
up ft0, and up ft1, train separate k-SAE and Diff-C

3We use LLaVA-Lightning due to compute constraints.
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Pets up1 / up2

(c) Persian cat (d) Newfoundland dog

(e) Black and white (f) Grass background
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(a) Animals on a blanket (b) Side-profile views of dogs

Figure 3. k-SAE visualizations on Oxford-IIIT Pet of bottleneck,
up ft1, and up ft2 U-Net layers at t = 25. bottleneck isolates
very coarse patterns of objects positioned similarly with respect to the
background. For up ft1, clear class-specific features are observed help-
ing us isolate different fine-grained breeds. up ft2 captures more global
texture information such as that of grass.

Figure 4. Top-1 accuracy of different SD 1.5 layer features. Features
from up ft1 consistently yield best performance for SD 1.5.

Layer 1. fine-grained 2. Moderately granular 3. Very coarse 4. No patterns
bottleneck 25 52 22 1
up ft0 33 46 20 1
up ft1 47 41 11 1
up ft2 28 50 20 2

Table 1. Accuracy (%) of GPT-4o predictions among four multiple-choice
options, given the top 10 most highly activating images among the top 100
most highly activating neurons of the k-SAE trained on Oxford-IIIT Pet.
Of the 4 layers, note how up ft1 features are most fine-grained. We note
that GPT-4o predictions can be noisy and very sensitive to system prompt.

models, and report evaluation metrics listed in Sec. 4.2.
Fine-grained classification task: From Table 2a, we note
that up ft1 yields the lowest σlabel, indicating that the

Caltech bottleneck/up1

(a) Saling ships (b) Elephants (c) Sketch style (d) Objects with white background

!"##$%&%'( )*+,#-

Figure 5. k-SAE visualizations on Caltech-101 of bottleneck and
up ft1 UNet layers at t = 25. Unlike for fine-grained dataset (Fig. 3),
bottleneck captures class information, likely due to distinct object
shapes (sailing ships v/s elephants). up ft1 captures more abstract in-
formation such as sketches or objects with white background.

features corresponding to this layer contain most class-
specific information compared to other layers. This is qual-
itatively corroborated by Fig. 3 where images that k-SAE
neurons get most activated by, have very clear class-specific
characteristics when using up ft1 features compared to
bottleneck and up ft2. Moreover, the accuracy of
GPT-4o predictions (Table 1) suggests that up ft1 cap-
tures more fine-grained information, whereas other layers
tend to capture moderately granular or very coarse features.
This finding is also consistent with Diff-C results presented
in Fig. 4 for Oxford-IIIT Pet and for another fine-grained
dataset: FGVC-Aircraft [38]. Note that there is a sharp
decline in performance at up ft2 layer and beyond, sug-
gesting that up ft2 features may be more aligned with the
pre-training task objective of pixel reconstruction for image
generation, thus are less generalizable for transfer learning.
A similar observation was made about the later layers when
mechanistically interpreting language models [41].
Does the trend hold for coarse-grained classification
task? To deconflate the effect of task-granularity from dif-
fusion feature granularity, we study the diffusion features
from Caltech-101 dataset. From Table 2a, it is evident that
bottleneck features yields a significantly smaller σlabel.
Also note that the difference between σlabel values between
layers is quite larger for Caltech-101 compared to Oxford-
IIIT Pet. To understand this better, we visualize the highest
activated images from different layers. From Fig. 5, we note
that those from bottleneck are more class-centric and
thus “purer” compared to up ft1, which may be capturing
more style or texture specific information. We hypothesize
that for the task of classifying Caltech-101, coarser shape
information is sufficient which is compactly provided by
bottleneck. This can be clearly seen from Fig. 4, where,
compared to Oxford-IIIT Pet, the performance gap between
up ft1 and bottleneck is significantly low. However,
for challenging tasks where finer-grained information is re-
quired, higher-level layers (up ft1) are more beneficial.
Does the trend hold for larger datasets? We conduct
the same analysis on ImageNet [18], a relatively coarser-
grained dataset. From Table 2a, we observe that even on
a larger dataset, the bottleneck layer captures more
class-specific information, exhibiting similar behavior as on
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Layer Oxford-IIIT Pet Caltech-101 ImageNet
bottleneck 9.48 9.35 25.35
up ft0 9.90 15.65 29.10
up ft1 8.59 21.33 34.3
up ft2 9.67 25.61 36.38

(a) ! label for different layers: For Oxford-IIIT Pet, up ft1
achieves the lowest ! label , whereas bottleneck yields
lowest ! label for Caltech-101, indicating the interplay of rep-
resentation and task granularity.

t Oxford-IIIT Pet Caltech-101
(up ft1 ) (bottleneck )

0 8.99 11.91
25 8.59 9.35
100 8.87 8.72
200 8.94 8.17
300 9.01 10.41
500 9.53 16.65

(b) ! label for different diffusion timesteps: For
Oxford-IIIT Pet up ft1, t = 25 yields the lowest
! label , whereas for Caltech-101 bottleneck,
t = 200 yields the lowest ! label .

Model Oxford-IIIT Pet
SD 1.5 8.59
SD 2.1 9.67

(c) ! label for SD 1.5 vs.
SD 2.1: SD 1.5 captures
more class-specific informa-
tion than SD 2.1.

Block Oxford-IIIT Pet
6 10.18
10 9.44
14 9.05
18 9.55
22 9.84

(d) ! label for different DiT
blocks at t = 25. Mid-blocks
of DiT yield the lowest ! label
than other layers.

Table 2. Label purity (! label ) measured by computing the average standard deviation in the class labels (! label ) of the top-10 most highly activating
images among the top 1000 most highly activating features of the learned k-SAEs for different diffusion layers, timesteps, models, and architectures on
Oxford-IIIT Pet, Caltech-101and ImageNet.

Figure 6. Top-1 accuracy of up ft1 at different timesteps: Earlier
timesteps perform better on fine-grained datasets (Oxford-IIIT Pet, FGVC-
Aircraft); interim ones on coarse-grained dataset (Caltech-101).

Caltech-101.

4.4. Information packed across diffusion timesteps
We now examine the interplay between diffusion denois-
ing timesteps and visual semantic information granularity.
To this end, we extract diffusion features from up ft1 at
different timesteps t = {25, 100, 200, 300, 400, 500}, train
separate k-SAE and Diff-C models. From Table 2b, we
observe that t = 25 yields the lowest σlabel. This is val-
idated both by top activated images shown in Fig. 3 and
Diff-C performance in Fig. 6. k-SAE neurons are being ac-
tivated by images with very clear class-specific characteris-
tics when using features extracted at t = 25 (more visual-
izations in suppl. material). This finding is also consistent
with Diff-C results presented in Fig. 6 for Oxford-IIIT Pet
and FGVC-Aircraft. By contrast, from Table 2b, we find
that for Caltech-101, features extracted at t = 200 yield
lowest σlabel. This finding is also consistent with Diff-C
results from Fig. 4. This finding is corroborated in [9, 33].
We hypothesize that the additional noise added at t = 200
could be helping in making features more generalizable, but
deeper investigation is needed in the future.

4.5. Effect of different models and architectures
Next, we inspect how diffusion models that differ in their
underlying architectures, pre-training datasets, attention
mechanisms differ in their internal encoding of visual se-
mantic information.
Stable diffusion variants: We study two stable diffusion
models (SD 1.5 v/s SD 2.1) which primarily differ in the

(a) Snow background (d) Grass background

!"#$%&

SD21

Figure 7. k-SAE visualizations of up ft1 of SD 2.1 on Oxford-IIIT Pet
at t = 25. Contrary to SD 1.5 (Fig. 3 (c), (d)) where 8 out of 9 images
depict the same breed, SD 2.1 features results in 4 in 9 images in (a) as
Wheaten Terriers and (b) 5 in 9 images are Great Pyrenees in (b).

Figure 8. Stable Diffusion vs DeepFloyd-IF: The performance dip at
up ft0 is not observed for DeepFloyd-IF across both datasets.

underlying text encoder and pre-trained datasets. We first
extract diffusion features from bottleneck and up ft1
at t = {25, 200} on Oxford-IIIT Pet dataset and train k-
SAE and Diff-C models. From Table 2c, we note that σlabel
is lower for SD 1.5 indicating that SD 1.5 captures more
object-specific information compared to SD 2.1. This is
qualitatively supported by Fig. 3 and Fig. 7 where k-SAE
neurons are being activated by images with clearer object-
specific information when using SD 1.5 features compared
to SD 2.1. This is also consistent with Diff-C results in Ta-
ble 3, where bottleneck features of SD 2.1 are particu-
larly under-performing compared to SD 1.5. Even though
there is a sharp performance boost of 13.17% from using
up ft1 for both architectures (t = 25), SD 1.5 performs
better overall across timesteps. Similar behavior was noted
for zero-shot classification in [33] but not well-understood
and is a fruitful topic for future research.



Model Params (M) Layer t Test Acc

SD 2.1 900
bottleneck 25 56.80

200 56.15

up ft1 25 84.74
200 81.77

SD 1.5 893
bottleneck 25 69.97

200 68.03

up ft1 25 88.61
200 86.89

DiT 783
block10 25 87.49

200 80.89

block14 25 88.61
200 83.02

DeepFloyd-IF I-900M 900
bottleneck 25 61.16

200 54.08

up ft1 25 84.08
200 76.09

Table 3. Top-1 accuracy of different diffusion architectures on Oxford-
IIIT Pet. SD 1.5’s up ft1 and DiT’s block 14 perform best overall.

DiT

!"#$%&' !"#$%&() !"#$%&**

(a) Texture (c) Orange cat faces

(d) Light brown animals (e) Havanese

(b) Molosser breeds

(f) Texture and grass

Figure 9. k-SAE visualizations of DiT blocks on Oxford-IIIT Pet. Block
14 captures fine-grained information; others capture less distinct features.

Latent v/s pixel space: We next examine how diffusion
denoising in the pixel space impacts the learnt visual infor-
mation differently from those learnt in the latent space. To
this end, we compare classification performance of stable
diffusion features with those from DeepFloyd-IF [6] which
operates directly in the pixel space4. Unlike SD 1.5, we
note an uptick in the performance of features from up ft0
layer of DeepFloyd-IF by 1.74% for Oxford-IIIT Pet, and
2.85% for Caltech-101 for t=25 as illustrated in Fig. 8. Fur-
thermore, from Table 3, we observe that DeepFloyd-IF’s
performance is more sensitive to timesteps than Stable Dif-
fusion. For instance, SD 1.5 has a dip of 1.97% in top-
1 accuracy when using bottleneck features at t = 25
v/s t = 200, while DeepFloyd-IF has a significant drop
of 7.08%. Given DeepFloyd-IF operates directly in the
pixel space, we think that each denoising step is introduc-

4We acknowledge that despite having similar number of model param-
eters, both models have different pre-training data, cross-attention connec-
tions, and different initial input image resolution.

Figure 10. Visualizing top-3 PCA components of diffusion features
from SD 1.5 and DiT. bottleneck, up ft0, and up ft1 of SD 1.5
capture spatially localized information at varied granularity. This property
is missing from DiT features across different blocks.

ing larger shifts in the underlying semantic structure than in
latent space, contributing to these differences.

Different diffusion architectures: We also study how se-
mantic information representation varies with the choice of
diffusion architecture. To this end, we compare features
from U-Net based diffusion model against transformer-
based model. Specifically, we extract features from dif-
ferent encoder blocks of DiT [46] and interpret them via
both k-SAE and Diff-C. From Table 2d, we observe that the
middle block of DiT (block14) yields the lowest σlabel
compared to earlier and later layers. This is qualitatively
supported by Fig. 9, where the block14 features contain
more class-specific information than other blocks. While
with U-Net based features we saw images with spatially re-
lated photographic styles emerge (e.g., similar postures or
photographic compositions as shown in Fig. 3 (a), (b)), we
did not find similar patterns emerge from earlier or later
layers of DiT. Though the selected DiT and U-Net based
diffusion models have similar number of parameters (Ta-
ble 3), transformer-based DiT may have less spatial induc-
tive biases compared to the convolutional-based U-Net. Ad-
ditional visualizations of DiT features in suppl. material.

Inductive biases in diffusion models: To more deeply un-
derstand the difference between DiT and SD 1.5 in how
spatial information is internally encoded, we follow the ap-
proach from [63] and apply principle component analysis
(PCA) on the diffusion features, and visualize the first three
principal components of images from UnRel [47] dataset.
From Fig. 10, it is evident that bottleneck features
of SD 1.5 capture very coarse spatial information, while
up ft1 capture very clear localized semantic information,
even on images where common objects occur out of con-
text. As we go deeper into SD 1.5, layer up ft2 tends to
capture more low-level information (more visualizations in
suppl. material). By contrast, DiT’s maps exhibit blended
colors across all layers, indicating no clear spatially local-
ized information. This property aligns with transformers’
tendency to capture more global context by attending to the
entire image, and supports k-SAE’s interpretations in Fig. 9
that there is less spatially-rich information in DiT.



LLaVA Vision Encoder Relative Score

CLIP 56.6
CLIP + DINO-v2 47.0
CLIP + SD 1.5 (up ft1 at t = 25) 59.9
CLIP + SD 1.5 (up ft1 at t = 200) 56.8

Table 4. Performance of multi-modal reasoning task: SD 1.5’s up ft1
features when integrated with CLIP into LLaVA lead to significant boosts
on LLaVA-Bench(In-the-Wild), reflecting alignment with the reference an-
swer generated by text-only GPT-4 responses.

Model Num Params (M ) Oxford-IIIT Pet FGVC-Aircraft

Diffusion Classifier (SD-2.0)  [33] 900 87.3* 26.04*
SD-2.0 features [33] 1420 75.9 35.2
Diff-C (up ft1) - empty 800 88.69 65.07
Diff-C (up ft1) - from CLIP 800 90.97* 64.98*

CLIP ResNet-50   [49] 102 85.4 19.3
OpenCLIP (ViT-H/14)  [14] 630 94.39 42.75

Table 5. Top-1 accuracy on Oxford-IIIT Pet and FGVC-Aircraft.
Among models that use diffusion features (top), Diff-C performs best and
competes well with CLIP (bottom)   : zero-shot. *: uses text-conditioning.

4.6. Performance on visual reasoning
Next, we study the generalizability of diffusion features for
visual reasoning by integrating them into the LLaVA [34]
framework. Specifically, on the LLaVA-Lightning config-
uration [34], we extract features from CLIP [49], DINO-
v2 [43], and up ft1 layer from SD 1.5 and pass them in-
dependently through separate multi-layer projection layers.
We then interleave the projected embeddings as done in [62]
and pass them into the language model in LLaVA [34]. We
use different visual features but keep the language model
fixed on the LLaVA-Bench (In-the-Wild) [34] evaluation
benchmark. We report the relative scores of the model com-
pared to GPT-4 obtained answers aggregated over three cat-
egories (complex reasoning, conversational, and descriptive
tasks), more details in suppl. material.

From Table 4, it is clear that interleaving CLIP with
up ft1 diffusion features extracted at t = 25 improves
the relative score by 3.3%. By contrast, interleaving CLIP
with DINO-v2 features led to a dip in the performance
by 9.6%. Additionally, we evaluate LLaVA on MM-Vet
benchmark [70] and find that diffusion features yield a cor-
rectness score of 26.4, as assessed by GPT-4o-mini, which
is a +1.1 improvement over using only CLIP features. No-
tably, for the OCR sub task we see a boost of +2.2 com-
pared to CLIP features. These results suggest that diffu-
sion features, like CLIP, enjoy the benefit of being multi-
modal. However, unlike CLIP, diffusion features also en-
code strong local semantic information (Fig. 10) making
them very powerful feature representations.

4.7. State-of-the-art performance
Finally, we compare Diff-C with other models that use dif-
fusion features for representation learning (Table 5 top row)
and also with CLIP variants (Table 5 bottom row). In addi-
tion to passing an empty prompt which is our default setting,

we also experiment with providing a CLIP-inferred prompt
during diffusion feature extraction for a fairer comparison
with [33]. We note that having access to prompts which pre-
sumably can have information about the object in the image
puts these models at an unfair advantage, but do this only for
comparison. From Table 5, we see that Diff-C performs sig-
nificantly better than the best reported numbers in [33]: an
improvement of +1.39% on Oxford-IIIT Pet (88.69) and
a huge boost of +39.03% for FGVC-Aircraft. “SD-2.0
features” baseline from [33] inputs bottleneck features
into ResNet [26] like architecture consuming 520M model
parameters. On the other hand, Diff-C is a significantly
lighter model (40M model parameters) and yet, achieves a
huge boost of +15.07% for Oxford-IIIT Pet and +29.87%
for FGVC-Aircraft from using up ft1 features. This boost
clearly illustrates the effectiveness of interpreting the dif-
fusion model states and making an informed selection for
achieving the best transfer learning performance on target
tasks. It also highlights the benefit of selecting the right
visual features over using complex, highly parameterized
models. Crucially, the diffusion classifier from [33] takes
≈ 24 sec / sample (using their default settings on Oxford-
IIIT Pet) on a single NVIDIA RTX A6000, while Diff-C
takes only ≈ 0.13 sec / sample, thereby yielding a 4 orders
of magnitude speedup during inference.
Effect of text conditioning: We note that text-conditioning
yields mixed results: it leads to performance improvement
of Diff-C (rows 3 v/s 4 in Table 5) by +2.28% on Oxford-
IIIT Pet, but a slight dip of −0.09% on FGVC-Aircraft
dataset. This detrimental effect of text-conditioning is more
pronounced when comparing Diffusion Classifier with SD-
2.0 features (rows 1 v/s 2 in Table 5), where the former
uses text information, while SD-2.0 features is based purely
on visual features. This behavior is not well understood
and could be because of the low frequency of occurrence of
specific aircraft model names in the natural language cap-
tions used for pre-training or a misalignment between pre-
training and the domain-specific aircrafts image data.

5. Discussion and Future work
In this work, we present k-sparse auto-encoders as an effec-
tive tool to dissect diffusion models of different architec-
tures, across different layers, and inference timesteps. Our
qualitative and quantitative analysis shows that the abstrac-
tion of visual information oscillates from coarse-grained to
fine-grained and then back to coarse-grained as we traverse
along the depth of a diffusion model. Fruitful research di-
rections entail effective ways to leverage the interpreted in-
formation to design better semantic editing algorithms, and
dense prediction tasks. Exploring models trained with rep-
resentation alignment also presents a valuable direction. We
hope that our work will spark more interest on the topic of
diffusion model interpretability in the research community.
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