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SPARSE AUTOENCODERS REVEAL SELECTIVE REMAP-
PING OF VISUAL CONCEPTS DURING ADAPTATION
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ABSTRACT

Adapting foundation models for specific purposes has become a standard ap-
proach to build machine learning systems for downstream applications. Yet, it
is an open question which mechanisms take place during adaptation. Here we de-
velop a new Sparse Autoencoder (SAE) for the CLIP vision transformer, named
PatchSAE, to extract interpretable concepts at granular levels (e.g., shape, color,
or semantics of an object) and their patch-wise spatial attributions. We explore
how these concepts influence the model output in downstream image classifi-
cation tasks and investigate how recent state-of-the-art prompt-based adaptation
techniques change the association of model inputs to these concepts. While acti-
vations of concepts slightly change between adapted and non-adapted models, we
find that the majority of gains on common adaptation tasks can be explained with
the existing concepts already present in the non-adapted foundation model. This
work provides a concrete framework to train and use SAEs for Vision Transform-
ers and provides insights into explaining adaptation mechanisms.

Code and Demo: github.com/dynamical-inference/patchsae

1 INTRODUCTION
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Figure 1: Overview. (a) We train our PatchSAE on a frozen CLIP ViT with an MSE loss and an L1 sparsity
regularizer using ImageNet (IN) (§3.1). (b) We analyze the trained PatchSAE by interpreting patch- and image-
level concepts of activated SAE latents (§3.2 & 3.3). (c) We then investigate the influence of SAE latents on
the model behavior in classification tasks (§4.1) and explain how adaptation methods improve the downstream
task performance (§4.2).

Foundation models excel at fast adaptation to new tasks and domains with limited extra training
data (Radford et al., 2021; Caron et al., 2021; Touvron et al., 2023). In the space of vision-language
models, CLIP (Radford et al., 2021) became an important backbone for numerous applications (Liu
et al., 2024, Li et al., 2023; Rombach et al., 2022). The CLIP model consists of two transformer
networks to encode text and image inputs. Various parameter-efficient adaptation techniques, such
as adopting learnable tokens, have been proposed targeting either of the systems. While early works
targeted the text encoder (Zhou et al., 2022b,a), more recently it was shown that joint adaptation
of both the text and image encoders can further improve classification performance (Khattak et al.,
2023a,b). Despite these advances in adaptation methods, it remains an open question of how repre-
sentations in a foundation model change during adaptation.

*This work was done during a research visit at Helmholtz Munich.
TCorrespondence: steffen.schneider @helmholtz-munich.de
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Recently, Sparse Autoencoders (SAEs; Bricken et al., 2023; Cunningham et al., 2023) have gained
emerging attention as a tool of mechanistic interpretability (Templeton, 2024; Yun et al., 2021)
after showing its effectiveness in widely used LLMs (Bricken et al., 2023; Lieberum et al., 2024).
SAEs map dense model representations, which are difficult to interpret because multiple unrelated
concepts are entangled (polysemantic), to sparse and interpretable (monosemantic) concepts.

In this work, we develop PatchSAE, a new SAE model for the CLIP Vision Transformer (ViT)
(Fig. 1(a)). PatchSAE extracts interpretable concepts and their patch-wise spatial attributions, pro-
viding localized understanding of multiple visual concepts that can be simultaneously captured from
different regions of a single image (Fig. 1(b)). Before analyzing model behaviors through the SAE,
we first validate PatchSAE as an interpretability tool. Our PatchSAE identifies diverse interpretable
concepts, provides localized interpretation, and performs well across multiple datasets (§3.3). We
then explore the influence of interpretable concepts on the final output of the CLIP model through
classification tasks.

We use our PatchSAE to shed light on the internal mechanisms of foundation models during adapta-
tion tasks. Recent state-of-the-art adaptation methods for CLIP (Zhou et al., 2022a,b; Khattak et al.,
2023a,b) add trainable, dataset specific tokens for adaptation, akin to a system prompt in LLMs.
Through extensive analysis, we reveal a wide range of interpretable concepts of CLIP, including
simple visual patterns to high-level semantics, employing our PatchSAE as an interpretability tool
(Fig. 1(b)). We also localize the recognized concepts through token-wise inspections of SAE la-
tent activations, while extending it to image-, class-, and task-wise understandings. Furthermore,
we demonstrate that the SAE latents have a crucial impact on the model prediction in classification
tasks through ablation studies. Lastly, we show evidence that prompt-based adaptation gains the
performance improvement by tailoring the mapping between recognized concepts and the learned
task classes (Fig. 1(c)).

Our paper proceeds as follows: First, we introduce PatchSAE, a sparse autoencoder which allows to
discover concepts for each token within a vision-transformer with spatial attributions (§3). We train
this model on CLIP, and show the interpretability and generalizability of ImageNet-scale trained
SAE across domain-shifted and finer-grained benchmark datasets. We explore the CLIP behavior in
classification tasks and how adding learnable prompts changes the model behavior using PatchSAE
(§4). In the end, we discuss conclusions and broader implications (§5).

2 RELATED WORK

Sparse autoencoders for mechanistic interpretability. Mechanistic interpretability (Elhage
et al., 2021) aims to interpret how neural networks infer their outputs. To achieve this, it is nat-
ural to seek a deeper understanding of which feature (concept) is recognized by each neuron in
the neural network (Olah et al., 2020). For instance, the logit lens (Nostalgebraist, 2020) approach
attempts to understand the intermediate layer output by mapping it into the final classification or
decoding layer. However, understanding neurons in human interpretable form is challenging due to
the polysemantic (Elhage et al., 2022) nature of neurons, where each neuron activates for multiple
unrelated concepts. This property is attributed to superposition (Elhage et al., 2022), where neural
networks represent more features than the number of dimensions.

To overcome the superposition phenomenon in neural network interpretation, sparse autoencoders
(SAEs) (Sharkey et al., 2022; Bricken et al., 2023) have recently gained significant attention. SAEs
decompose model activations into a sparse latent space, representing them as dictionary of high
dimensional vectors. Several studies (Yun et al., 2021; Cunningham et al., 2023) have applied SAEs
to language models. Using SAEs, Templeton (2024) discovered bias- and safety-related features in
large language models (LLMs), demonstrating that these features can be steered to alter the behavior
of LLMs. Recent research extended the application of SAEs to vision-language models, such as
CLIP (Radford et al., 2021). Fry (2024) and Daujotas (2024a) extracted interpretable concepts from
the vision encoder of CLIP and Daujotas (2024b) utilized these features to edit image generation
in a diffusion model. Rao et al. (2024) named the SAE concepts using word embeddings from the
CLIP text encoder and used them for a concept bottleneck model.

Distinct from previous works, we propose to use patch-level image tokens for SAEs which allows
intuitive and localized understanding of SAE latents and easily transformable to higher (image- /
class- / dataset-) level of analysis. Furthermore, we adopt SAE latents masking method to examine
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the relationship between interpretable concepts and downstream task-solving ability. For the first
time, this allows precise investigation of how foundation models behave during adaptation, and how
concepts are re-used across datasets.

Prompt-based adaptation. Adapting vision-language foundation models like CLIP through fine-
tuning requires large datasets and significant computation resources. In addition, the generaliza-
tion ability of the model may be compromised after fine-tuning. As an alternative, prompt-based
adaptation has recently emerged, training only a few learnable tokens while keeping the weight of
pre-trained models fixed. CoOp (Zhou et al., 2022b) proposed adapting CLIP in few-shot learn-
ing setting by optimizing learnable tokens in the language branch, while Bahng et al. (2022) applied
prompt adaptation to the vision branch. MaPLe (Khattak et al., 2023a) improved few-shot adaptation
performance by jointly adding learnable tokens to both the vision and language branches and con-
sidered as a base structure for more recent multimodal prompt adaptation methods (Khattak et al.,
2023b). Although these studies demonstrate that prompt learning is effective for adapting CLIP,
there is still a lack of research focusing on how and why prompt learning enables such adaptation.

Our work focuses on exploring the CLIP image encoder using an SAE on a vision transformer. We
choose MaPLe (Khattak et al., 2023a) as a representative structure of multimodal prompt adaptation
and investigate the internal work of adaptation methods.

3 PATCHSAE: SPATIAL ATTRIBUTION OF CONCEPTS IN VLMS

In this section, we revisit the basic concept of sparse SAE and introduce our new PatchSAE model
in §3.1. We then discuss how we discover interpretable SAE latent directions in §3.2. Our analysis
includes computing summary statistics of SAE latents, that indicate how often and how strongly one
latent is activated, detecting model-recognized concepts by inspecting reference images with high
SAE latent activations, and spatially localizing SAE concepts in the image space (Fig. 2).

3.1 PATCHSAE ARCHITECTURE AND TRAINING OBJECTIVES

SAEs typically consist of a single linear layer encoder, followed by a ReLU non-linear activation
function, and a single linear layer decoder (Bricken et al., 2023; Cunningham et al., 2023). To
train an SAE on CLIP Vision Transformer (ViT), we hook intermediate layer outputs from the pre-
trained CLIP ViT and use them as self-supervised training data. We leverage all tokens including
class (CLS) and image tokens from the residual stream output ! (Fig. 9(c)) of an attention block and
feed them to the SAE. Formally, we take ViT hook layer output as an SAE input z, multiply it with
the encoder layer weight Wg 2 RT>dsae | pags to the ReLU activation , then multiply with the
decoder layer weight Wp 2 RYsaexdvir2 The column (or row) vectors of the encoder (or decoder),
dsag vectors size of Rdvir | correspond to the candidate concepts, i.e., SAE latent directions. We call
the output vector of the activation layer (size of R%%®) as SAE latent activations. For simplicity, we
use T for the encoder and ¢ for the decoder:

z = ViT(x)[hook layer]; SAE(z) = (g )2 =Wg5 (WE2): (1)
To train the SAE, we minimize the mean squared error (MSE) as a reconstruction objective, and use
L1 regularization on the SAE latent activations to learn sparse concept vectors (Fig. 1(a)):

Lsae = KSAE(z) zK5 + .k (F(2))ki: )
An ideal SAE encoder maps the dense model representations into multiple monosemantic concepts
and an ideal decoder reconstructs the original vector by linearly combining these distinct concepts.

Training details. We use a CLIP model with an image encoder of ViT-B/16, which results in 14 14
image tokens and a CLS token as input. It has 12 attention layers with model dimension dy;t of 768.
For PatchSAE, we set the expansion factor to 64 that multiplies with dy;r, which results in a SAE
latent dimension dsag of 49,152. We take the ViT output from the residual stream of the second
last attention layer (i.e., 11-th layer output). Note that we use all image tokens, so the input and
output of SAE have a size of (number of samples, token length, model dimension dy;t). We average
the training loss across all individual tokens. We evaluate the trained SAE for reconstruction ability
and the sparsity. We report the training performance of different configurations (§A.1) and show
variations for training the SAE on different layers (§A.2) in the Appendix.

!The residual stream is the sum of the attention block’s output and its input, see Fig. 9(c).
2We use bias terms for linear layers and centralize z, i.e., SAE(z  Dec):
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Figure 2: Analyzing SAE latents (a) We take an average over patch-level activations for an image and
keep topk images having the highest mean activation as the reference images for each SAE latent. (b) From
patch-level latent activations, we investigate localized concepts. Furthermore, we represent image-, class-, and
dataset-wise concepts by aggregating the patch-level activations. (c) For a certain concept, we provide the
spatial attribution of the concept by visualizing the patch-level activations as a segmentation mask.

3.2 ANALYSIS METHOD AND EVALUATION SETUP

After training, we validate our PatchSAE model by interpreting the activated SAE latents from
input examples. We rst discover the candidate concepts -Stig latent directions by collecting
reference images that maximally activate each SAE latent and compute their summary statistics.
Then, we investigate th8AE latent activatioio see how much the given input aligns with the
corresponding SAE latent directions. The token-wise, (patch-wise) investigation allows spatially
localized understandings of an image. To derive a global interpretation of the image for an SAE
latent, we aggregate the patch-level activations into an image-level activation by counting the number
of patches activating the corresponding latent. Similarly, we extend it to class- and dataset-level
analysis (Eq. 5).

Reference images for SAE latentsAs a rst step of discovering the interpretable concepts that
SAE represents, we consider a set of images that maximally activate each SAE latfateaaxe
images Given a trained SAE and a dataset, we keep the&topages having the highest SAE latent
activation value for each latent dimensiam,, we havek  dsae reference images in total. Here,
we use image-level activations to select topnages. Fig. 2(a) illustrates the procedure.

Summary statistics of SAE latents.To inform the general trend of an SAE latent, we compute sum-
mary statistics of the activation distribution (Bricken et al., 2023). We usedtieated frequency
and themean activation valuesver a subset of training images. Using the class label informa-
tion from a classi cation benchmark dataset such as ImageNet, we compusbdientropy(Fry,
2024) andstandard deviatiorirom the reference images. Speci cally, we compute and interpret the
statistics as follows:

» Sparsity (activated frequency)represents how frequently this latent is activated. We count
the number of images having positive SAE latent activations and divide by the total number of
seen images. An SAE latent with a high frequency either represents a common concept or is an
uninterpretable (noisy) latent.

* Mean activation valueis computed by averaging the positive activation value among the ac-
tivated samples. The mean activation value implies the SAE model's con dence. A latent
direction is more likely to represent a meaningful concept if it has a high mean activation value.

« Label entropy measures how many unique labels activate the latent. Precisely, we compute the
probability of a label based on its activation value and compute the entropy as

X
prol, = 1&; entropy= (prob, log proh,); 3)
c2c SUM c2C

where surp is the summed activation values for lalze2 C. The entropy being equal to zero
indicates that all reference images have exactly the same label. Higher entropy indicates that
more labels contribute to the latent's activation.

« Label standard deviation. In ImageNet, class labels are organized in a hierarchical structure
based on WordNet's semantic relationships (Deng et al., 2009; Miller, 1995). We leverage this
label structure and use the label standard deviation of reference images as a clue for the semantic
granularity besides the label entropy when exploring the latents. We discuss more in 8A.1.



Published as a conference paper at ICLR 2025

Figure 3: SAE latents statistics and reference imagesLeft: Scatter plot of SAE latent statisticz-@xis:
log10 of activated frequencyy-axis: lodlO of mean activation) colored by label entropy. Right: Reference
images from Imagenet of four SAE latents in different regions.

Discovering active SAE latents in diverse levelsUsing the reference images as an interpretable
proxy for SAE latent directions and the SAE latent activation of an input as the similarity with the
corresponding latent, we examindichconcepts arbow stronglyactive for the input. As depicted

in Fig. 2(b) and (c), thepatch-levelSAE latent activations inform the recognized concepts from
each patch. For example, for the input patch containing the “dog's nose”, the SAE latent having the
reference images of “dog's nose” is active.

To obtain a global concept from the image, we transform the patch-level activations imager

level activation. In speci c terms, we rst binarize the SAE latent activation of tith image at

j -th token for thes-th SAE latenth;; [s] = (f (2))i; [S] 2 R using a small positive numberas

a threshold. We call the SAE latent above the threshold asctive latent, otherwise amactive
latent. Then we count the number of patches that activate the ktard consider it as the image-
level activationa;[s]. Similarly, we obtain the classa{[s]) and dataset-levelf [s]) activation

by incorporatinga;[s] for the images with the same class or dataset, respectively. Formally, we
represent this as below:

ai; [s] = |(hi;j [s]> ); wherel s dsag 4)
Xi X
ails]=  a[s]; ac[s]= ai[s]; ap[s]=  ails] ()
j=1 i2l ¢ i2D

From the class- or dataset-level activations, we discover the shared concept within the group. We use
these group-wise active SAE latents to analyze the relationship between the interpretable concepts
and the model behavior in 8§4.1.

Localizing patch-level SAE latent activations.PatchSAE allows localizing an active latent in the
image space. We treat the patch-level latent activation as a soft segmentation mask. Precisely, given
an imagex; and an SAE latent indes, we multiply each patcl;; with the corresponding latent
activation valueh;; [s] for visualization. For example in Fig. 2(c), we highlight “yellow owers” or

“dogs with black, white, and brown colors” concepts from the input image. Separating the patches
releva&t to the targeting latent from the input and reference images shows a clearer view of the
conce

3.3 MTCHSAE DISCOVERS SPATIALLY DISTINCT CONCEPTS INCLIP
More examples in the following sections are provided in the interactive demo (Fig. 12).

PatchSAE identi es diverse interpretable concepts.As depicted in Fig. 3, we explore the SAE

latents guided by the statistics. We observe two big clusters of rarely activated with low activation
value (bottom left) and frequently activated with high activation (top right), and one small cluster
near the center. Although the statistics do not ensure the interpretability of the latents, we nd
several interesting patterns. Many latents from the bottom left region with high label entropy are

3We recommend trying the on/off segmentation mask option in the interactive demo.
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Figure 4: Localizing SAE latent activations under a covariate shift. Given two input images of class

hen, we show image-level aggregated SAE latent activatiaraxis: SAE latents indey-axis: image-level
activation), reference images from ImageNet, and segmentation masks for each input are shown. Among top 10
latents for each input, we pick three interpretable indices where (a) and (b) represent different domains (image
style or background) and (c) shows the shared concept.

uninterpretable (Fig. 3(a)). We nd more interpretable latents from the second large cluster (top right
region). For interpretable latents, lower entropy (Fig. 3(d)) indicates more distinctive semantics such
as a speci c class, while the higher entropy latent (Fig. 3(c)) represents the shared style of reference
images. We also observe multimodal latents that activate when certain text appears in the image.
For example, Fig. 3(b) latent detects the e}t K. More examples are in Fig. 13.

PatchSAE provides spatial attribution of concepts.As a case study, we compare a pair of images
having the same class label but different domains (covariate shift) in Fig. 4. The commonly activat-
ing SAE latent from both images shows the shared corteept(Fig. 4(c)). From both images, the

hen latent is activated by the relevant regions. Exclusively activating latents (Fig. 4(c) & (d)) repre-
sent discrete concepts suchyatlow or net . The segmentation map highlights the contributing
patches for the concepts.

PatchSAE generalizes across multiple datasetsAlthough we train our PatchSAE model only

using ImageNet training data, we nd that the interpretability of SAE latents is transferrable to
different datasets. We show that an SAE latent retrieves a consistent concept from different datasets
if such concept exists in the dataset. Otherwise, the mean activation value is low and/or the retrieved
images are uninterpretable (8A.3). Fig. 10 shows reference images from ImageNet and four ne-
grained datasets for two SAE latents and Fig. 14 shows reference images of top-1 task-wise latent.

4 ANALYZING CLIP BEHAVIOR VIA PATCHSAE

In this section, we seek the relationship between SAE latents and model behaviors under classi -
cation tasks. By replacing the model's intermediate layer output with SAE reconstructed one and
ablating the latents used for the SAE decoder, we nd that SAE latents contain class discrimina-
tive information (84.1). Comparing the behaviors of CLIP models before and after adaptation on
downstream tasks, we explain the major performance gain stems from adding new mappings at SAE
latents to downstream task classes, rather than ring additional class discriminative concepts (84.2).

4.1 IMPACT OF SAE LATENTS ON CLASSIFICATION

We explore the in uence of SAE latents on the nal model prediction in classi cation tasks. We
replace the intermediate layer representation of CLIP image encoder with the SAE reconstructed
output to steer the model outguempleton, 2024) by selectively using a subset of SAE concepts.
Then we compute cosine similarity between text and image encoder outputs for the classi cation
task. Fig. 5(a) summarizes the procedure.

“We add reconstruction score when replacing the intermediate layer output with SAE reconstructed one
following Templeton (2024).
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