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Abstract

Sparse autoencoders (SAEs) promise a unified approach for
mechanistic interpretability, concept discovery, and model
steering in LLMs and LVLMs. However, realizing this poten-
tial requires learned features to be both interpretable and
steerable. To that end, we introduce two new computation-
ally inexpensive interpretability and steerability metrics, and
conduct a systematic analysis on LVLMs. We find that (i) a
majority of SAE neurons exhibit either low interpretability or
low steerability or both, rendering them ineffective for down-
stream use; and (ii) user-desired concepts are often absent
in the learned dictionary, thus limiting their practical utility.
To address these limitations, we propose Concept Bottleneck
Sparse Autoencoders (CB-SAE)—a novel post-hoc frame-
work that prunes low-utility neurons and adds a lightweight
concept bottleneck aligned to a user-defined concept set. The
resulting CB-SAE improves interpretability (+32.1%) and
steerability (+14.5%) across LVLMs and image generation
tasks. We will make our code and model weights available.

1. Introduction

Sparse autoencoders (SAEs) [3, 15, 34] have emerged as a
foundational tool for mechanistic interpretability, mapping
dense polysemantic activations into sparse monosemantic
latents in large language models (LLMs) [19], vision mod-
els [37], and large vision-language models (LVLMs) [29].
However, realizing this promise requires SAE features to
be semantically meaningful and causally effective, i.e. inter-
pretable and steerable respectively.

Prior work [1, 43] shows interpretability does not guar-
antee steerability in LLM SAEs, but its implications in vi-
sion encoders remain unexplored. Empirically, we find only
∼19% SAE neurons exhibit both high interpretability and
steerability. Further, despite large dictionary sizes (∼65k),
SAEs fail to represent 27-45% of user-defined concepts.
Hence, we identify two key limitations of SAEs: (i) a large
proportion of low utility SAE neurons, and (ii) incomplete
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Figure 1. A. Majority of SAE neurons have low interpretabil-
ity/steerability, with no guarantee of discovering user-specified
concepts. B. Our CB-SAE addresses both limitations by pruning
low utility SAE neurons, replacing them with a user-specified con-
cept bottleneck that improves interpretability and steerability.

coverage of semantically meaningful concepts.

To overcome these limitations, we propose Concept Bot-
tleneck Sparse Autoencoders (CB-SAE) – combining the
unsupervised discovery capabilities of SAEs with the con-
trollability of concept bottlenecks [16, 27, 36, 47]. We begin
by pruning SAE features that lack interpretability and steer-
ability, and then augment the resulting latent space with a
lightweight CB autoencoder [17], trained to align with a
user-specified concept set (Fig. 1B).

We evaluate CB-SAE on two challenging downstream
tasks: controlled text generation via LVLMs like LLaVA [9,
20] and controlled image synthesis using UnCLIP [35]. CB-
SAE consistently outperforms standard SAEs (+32.1% in
interpretability and +14.5% in steerability) across all models
and metrics. To our knowledge, CB-SAE is the first frame-
work to unify sparse autoencoders with concept bottleneck
models, enabling robust interpretation and control of vision
representations across modalities and architectures.
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Figure 2. We analyze the interpretability and steerability of 65,536 neurons of an SAE trained for a CLIP image encoder. We also visualize
the CLIP-Dissect assigned concept, top-activating images, and LLaVA steering outputs for some characteristic neurons. The dashed lines
indicate the average scores along each axis, and we observe that most SAE neurons have either low interpretability, low steerability, or both.

2. Interpretability vs Steerability in SAEs

Measuring SAE interpretability. We assign each SAE
neuron j to a concept cj using CLIP-Dissect [26], which
matches neurons to the closest concept in a user-specified
concept set C via a vision-language model like CLIP [33].
Hence, we measure interpretability as the maximum sim-
ilarity score from CLIP-Dissect averaged across all SAE
neurons (see Appendix D for more details).

Measuring SAE steerability. Steerability measures how
well overwriting an SAE neuron j’s activation causally shifts
model towards its concept cj . Since our base model is a
vision encoder, we use a downstream LLaVA [20] model
to evaluate interventions. Following [29], we use a white
image with the prompt “What is shown in this image? Use
exactly one word!”, overwrite neuron j’s activation to α
across all tokens, and measure the cosine similarity between
the steered LLaVA output and cj in sentence-transformer
embedding space. Unlike [29], our metric is grounded in
CLIP-Dissect concepts instead of image-space similarity.
Expt. 1: Are all SAE neurons interpretable & steerable?
Setup. We analyze a Matryoshka Batch Top-k SAE trained
on CLIP-ViT-L/14-336 activations following [29], using the
Broden concept set [2] (|C|=1197) for CLIP-Dissect. Results
with other models are presented in Appendix E.2.
Observations. Fig. 2 shows interpretability and steerabil-
ity scores for 65,536 SAE neurons, revealing four quad-
rants. They are split based on interpretability/steerability:
low/low (36.26%), high/low (19.87%), low/high (25.03%),
and high/high (18.84%). This indicates that over 80% of
neurons are unsuitable for downstream use.
Expt. 2: Can SAEs represent all user-specified concepts?
Although the SAE contains 65,536 neurons—far exceeding
the size of standard concept sets—its ability to represent con-

cepts varies considerably with the diversity and complexity
of the set. Using CLIP-Dissect, we evaluate the coverage of
unique concepts across multiple concept sets. Concept cover-
age ranges from 96.3% on the smaller Broden set [2] to just
28.0% on 20k English words [27]. Notably, the SAE misses
27-45% of ImageNet-related concepts from VLG-CBM [36]
and DECIDER [38] despite being trained on ImageNet.

3. Our Approach: CB-SAE
We propose a novel concept bottleneck sparse autoencoder
(CB-SAE) based on our analysis to address two limitations of
sparse autoencoders namely low interpretability/steerability
and the lack of support for user-specified concepts.

3.1. Pruning SAE neurons
Step 1 (Fig. 3) We begin with training an SAE on layer l
activations from the vision model f (Appendix B).
Step 2 (Fig. 3) As in our analysis experiments, we compute
interpretability and steerability scores for each sparse neuron
in the trained SAE denoted by I ∈ [0, 1]ω and S ∈ [0, 1]ω .
Step 3 (Fig. 3) We prune the SAE weights Esae, Dsae to
remove the M least interpretable and steerable SAE neu-
rons as they are unsuitable for downstream applications.
Concretely, the set of M SAE neurons to be pruned is
P = {m | Im + Sm < τ, m ∈ [ω]} where τ is the thresh-
old that determines |P| = M and [ω] = {1, 2, · · · , ω}. We
prune P by deleting corresponding rows/columns in Esae
and Dsae respectively, keeping the bias b ∈ Rd unchanged.

E′
sae = Esae[[ω] \ P, :] (1)

D′
sae = Dsae[:, [ω] \ P] (2)

Pruning degrades reconstruction fidelity, which we recover
by introducing a concept bottleneck below.
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Figure 3. Pipeline for CB-SAE. Step 1. A baseline SAE is trained and Step 2. evaluated with CLIP-Dissect and downstream steering to
obtain interpretability and steerability scores per SAE neuron. Step 3. M least interpretable and steerable neurons are pruned by deleting
the corresponding SAE weights. Step 4. We train CB-SAE with frozen, pruned SAE weights to recover the reconstruction ability lost by
pruning using Lr , incorporate the user-specified concept set with Lint, and promote steerability with a cyclic reconstruction loss Lst.

3.2. Training CB-SAE
Step 4 (Fig. 3) We introduce a linear concept bottleneck
autoencoder [17], Ecb ∈ R|C|×d, Dcb ∈ Rd×|C| alongside
the retained SAE, with a top-k activation function σcb for
sparsity, where C is a pre-defined concept set. Reconstruction
of v̂′ is done by,

z′ = σsae(E
′
sae(v − b)) (3)

c = Ecb(v − b) (4)
v̂′ = D′

saez
′ + b+Dcbσcb(c) (5)

To avoid redundancy, the CB concept set excludes con-
cepts already captured by the retained SAE: C = Cuser \ Crsae,
where Crsae are concepts present in the retained SAE.
Training Objectives. Retained SAE weights are frozen to
preserve their reconstruction, interpretability, and steerabil-
ity, and only Ecb, Dcb are trained.
Objective A: Reconstruction Lr (Fig. 3, Step 4). We opti-
mize the mean-squared error Lr between v and v̂′ from Eq.
(5), with top-k sparsity instead of ℓ1 regularization,

min
Ecb,Dcb

[Lr(v, v̂
′)] (6)

Objective B: Interpretability Lint (Fig. 3, Step 4). A CLIP
zero-shot classifier [33] M produces pseudo-ground-truth
concept activations [17, 27] ŷ = M(x, C) ∈ R|C|. We use
a cosine-cubed similarity loss [27] Lint between c = Ecb(v)
and ŷ. Note that σcb is applied only after the decoder in Eq.
5, allowing Ecb to interpret all concepts.

min
Ecb

[Lint(c, ŷ)] (7)

Objective C: Steerability Lst (Fig. 3, Step 4). We propose
a task-agnostic cyclic loss: reconstruction v̂′ is passed back

through Ecb to get ĉ = Ecb(v̂
′ − b), and we optimize the

same loss as Eq. (7) between ĉ and pseudo-GT concepts ŷ.
Only Dcb is updated to preserve the interpretability of Ecb.

min
Dcb

[Lst(ĉ, ŷ)] (8)

4. Experiments
We extensively evaluate our CB-SAE w.r.t. interpretability
and steerability on two downstream tasks, (image,text)-to-
text generation and image-to-image generation.
Baseline SAE and CB-SAE. We follow [29], retaining ω −
M = 30k SAE neurons after pruning, with k = 5 in σcb,
and use the VLG-CBM ImageNet concept set [27, 36] for
CB neurons (full details in Appendix E.1).
Evaluation Metrics. We report CLIP-Dissect and monose-
manticity [29] scores for interpretability (using a stronger
CLIP-ViT-L/14 for evaluation than ViT-B/16 used for train-
ing). Our steerability score is computed in two settings: Unit
Vector (neuron j set to α = 50, all others to 0) and White
Image (neuron j set to α = 50, all others to neuron values
for white image as input). For text outputs (LLaVA), steered
text is compared to the CLIP-Dissect concept in sentence-
transformer space. For image outputs (UnCLIP), we use
DINOv2 similarity to top-16 activating images [29].

4.1. Quantitative Comparison
Table 1 shows CB-SAE consistently outperforms SAE base-
line across all models and tasks, with gains of +32.1% in-
tepretability and +14.5% steerability. To our knowledge, we
are the first to show an SAE (and CB-SAE) trained with the
same method can steer different downstream tasks.

4.2. Analysis of our CB-SAE
Effect of CB neurons. Table 2 shows CB neurons achieve
the highest interpretability but lower steerability than re-



Table 1. Interpretability and Steerability Evaluation with LLaVA and UnCLIP. All four metrics are in 0-1 range (higher is better), CD
indicates CLIP-Dissect score and MS indicates monosemanticity score.

Downstream
Task

Steered
Model Method Interpretability Steerability

CD MS Unit-Vec White Image

Image + Text →
Text Generation

LLaVA-1.5-7B [21]
(CLIP-ViT-L + Vicuna-7B)

SAE [29] 0.154 0.517 0.198 0.203
CB-SAE (Ours) 0.244 0.556 0.261 0.250

LLaVA-MORE [9]
(DINOv2-L + Gemma2-9B)

SAE [29] 0.194 0.553 0.179 0.177
CB-SAE (Ours) 0.291 0.598 0.192 0.189

Image → Image
Generation

UnCLIP [35]
(CLIP-ViT-L + SD-2.1)

SAE [29] 0.058 0.540 0.642 0.654
CB-SAE (Ours) 0.092 0.594 0.659 0.664
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Figure 4. A. Sensitivity of CB-SAE to the choice of scores used for SAE pruning. B. Sensitivity of CB-SAE to the number of SAE neurons
retained. C. Ablation study for our proposed steerability objective Lst from Eq. (8).

Table 2. Evaluating interpretability and steerability of discarded
SAE neurons, retained SAE neurons, and CB neurons separately.

Set of Neurons Interpretability Steerability

CLIP-Dissect Unit-Vec White Image

All SAE neurons 0.154 0.198 0.203
Discarded SAE neurons 0.084 0.144 0.162
Retained SAE neurons 0.238 0.263 0.252
CB neurons 0.323 0.231 0.219
All CB-SAE neurons 0.244 0.261 0.250

tained SAE neurons. The latter is expected since steerability
was used as a pruning criterion.

Sensitivity to scores used for SAE pruning. Using both
interpretability & steerability scores gives balanced perfor-
mance; using only either sacrifices the other (Fig. 4A).

Sensitivity to no. of SAE neurons retained. Retaining
fewer SAE neurons improves scores but hurts reconstruction;
ω −M = 30k gives the best trade-off (Fig. 4B).

Ablation study for steerability loss Lst. Our steerability
loss Lst improves steerability by 2.9% without affecting
interpretability, validating its usefulness (Fig. 4C).

Qualitative examples of steering (Fig. 5). CB and retained
SAE neurons consistently produce coherent outputs, while
discarded neurons fail. CB neurons produce notably cleaner
images in UnCLIP due to explicit concept supervision (addi-
tional examples in Appendix E.4).
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Figure 5. Qualitative examples of steering UnCLIP and LLaVA.
Green indicates successful steering, yellow indicates partial success,
and red indicates failure cases. See Appendix for more results.

5. Conclusion

In this work, we made the first attempt to unify two comple-
mentary paradigms - SAEs for unsupervised concept discov-
ery and CBMs for interpretable control - into a single unified
framework, CB-SAE. Motivated by insights derived from our
comprehensive analysis of SAEs in LVLMs, we first pruned
low-utility neurons and their corresponding weights in the
SAE. We then introduced a lightweight CB module trained
alongside the frozen, retained SAE using three principled
objectives.
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Appendix

In this appendix, we present full implementation details
along with additional analyses. To support reproducibility,
we will also release our codebase and pretrained models.
The appendix is organized as follows:

• Section A: Limitations and Future Work
• Section B: Extended Background
• Section C: Related Work
• Section D: Implementation Details (Fig. 6)
◦ Interpretability score
◦ CLIP-Dissect
◦ Cosine-cubed similarity loss

• Section E: Experiments
◦ Experimental setup (Sec. E.1)
◦ Interpretability vs steerability (Sec. E.2, Fig. 7, 8)
◦ Extended analysis (Sec. E.3, Table 3, 4, Fig. 9)
◦ Extended qualitative results (Sec. E.4, Fig. 10)

A. Limitations and Future Work

We acknowledge that the efficacy of our approach depends
on the reliability of CLIP-Dissect in assigning accurate
neuron-level concepts. However, continued advances in
vision-language models are likely to enhance its perfor-
mance. Extending and exploring hybrid approaches that
combine the strengths of other unsupervised concept dis-
covery methods such as transcoders [32] with user-specified
concept control methods constitute our future work.

B. Extended Background

SAE preliminaries. Let v = fl(x) ∈ Rd denote the dense
activations from layer l of a deep pre-trained vision model
(e.g., CLIP image encoder [33]) f for an input image x ∈ X.
Here d denotes the activation dimension and X corresponds
to the space of images. SAEs decomposes the polysemantic
activations v into sparse, overcomplete latent representations
z ∈ Rω (ωd >> 1) with the aim of associating every unit
in z to distinct, interpretable concepts. Here ω

d corresponds
to the expansion factor of the SAE [12]. Formally, an SAE
is parameterized by a linear encoder Esae ∈ Rω×d, a linear
decoder Dsae ∈ Rd×ω , a shared bias term b ∈ Rd, and a
non-linear activation function σsae : Rω → Rω:

z = σsae(Esae(v − b)) (9)
v̂ = Dsaez + b (10)

The SAE training objective is given by Lr = ||v − v̂||22 +
λ||z||1, where λ ≥ 0 balances reconstruction fidelity and
sparsity, where v̂ represents the SAE reconstruction. In addi-
tion to standard ℓ1 regularization, sparsity can be enforced
directly via the activation function σsae(·), such as top-k [12],
batch top-k [6], or ReLU with a learnable threshold [19, 34].

C. Related Work

Sparse Autoencoders. SAEs aim to discover interpretable
features in neural networks by learning overcomplete decom-
positions of activations [23]. Recent work [5, 13] showed
SAEs can decompose LLM representations into monose-
mantic features. Various architectural innovations improved
SAEs, like Batch-Top-k sparsity [6], JumpReLU [34], and
Matryoshka SAEs [7] with multi-level feature hierarchies.
Large-scale efforts trained LLM SAEs across multiple lay-
ers and models [12, 19], with systematic benchmarks [15].
However, we uncover two key limitations of SAEs: their
unsupervised training does not guarantee the discovery of
user-desired concepts, and many SAE neurons exhibit low
interpretability or utility in downstream steering [1].
Concept Bottleneck Models. CBMs [16, 47] provide a
framework for building interpretable models by constraining
predictions through a human-understandable concept layer,
enabling both interpretation and steering. This approach
has been extended to label-free settings [27], enhanced with
vision-language guidance [36, 44, 46], applied to image
generative models [14, 17] as well as LLMs [39]. Our work
bridges SAEs and CBMs into our novel CB-SAE, combining
the expressiveness of overcomplete feature decomposition
with user-specified concepts, steerability, and interpretability
of concept-guided learning. A concurrent work, AlignSAE
[45], independently devised a similar approach to introduce
supervised concepts in SAEs. They attempt to disentangle
the supervised concepts from the unsupervised SAE neurons
with an orthogonality loss, while our approach explicitly
prunes the low utility SAE neurons and only introduces the
supervised concepts absent from the retained SAE neurons.
Further, AlignSAE focuses on text-based LLM SAEs while
we focus on vision SAEs for multimodal LLMs and image-
to-image generative models.
SAEs for Vision and Vision-Language Models. Recent
work showed that SAEs can learn interpretable, monoseman-
tic features in vision models [37] as well as vision-language
models [29, 48]. Another line of work [25, 30, 42] inves-
tigated how visual information maps to language feature
spaces via SAEs for cross-modal interpretability [22, 24].
However, these approaches typically neither address the chal-
lenges of ensuring discovered features are both interpretable
and steerable, nor do they guarantee the discovery of user-
specified concepts. Our CB-SAE addresses both limitations
through post-hoc pruning and concept-bottleneck training.

D. Implementation Details

Intepretability Score. We define our CLIP-Dissect-based
interpretability score as the similarity score obtained from
CLIP-Dissect, averaged across all SAE/CB-SAE neurons.
CLIP-Dissect [26]. Consider a probing dataset of N images
D = {xi ∈ X}Ni=1 where X is the space of images, a concept
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of steering LLaVA and UnCLIP when using unit vector steering
(zeroing out all SAE/CB-SAE neurons except the selected concept).

set C = {ck}Mk=1 with M concepts in text form, and let layer
l of model f being explained be denoted by fl. CLIP-Dissect
uses the probing set and a multimodal model, e.g. CLIP [33]
with an image and text encoder EI , ET to identify concepts
from C for individual neurons at the output of fl.

The probing set D is passed through the CLIP image
encoder EI to obtain corresponding set of image embed-
dings {Ai = EI(xi)}Ni=1. The concept set is passed
through the CLIP text encoder ET to obtain text embed-
dings {ET (ck)}Mk=1. Next, a matrix P ∈ RN×M is
computed as the inner product of the image-text embed-
dings with entries Pik = A⊤

i ET (ck), as CLIP image and
text encoders have the same embedding dimensions. The
layer l activations of a neuron j for the same probing set
are denoted by qj = [fl(x1)j , fl(x2)j , · · · , fl(xN )j ]. Fi-
nally, each neuron j can be identified to have the concept
argmaxk sim(P:,k, qj) where P:,k is the kth column of P .
In other words, we compare each neuron’s activations over
the probing set with the corresponding activations of the
CLIP model for each concept, and select the concept with
the highest similarity. The maximum similarity itself (aver-
aged across all neurons) is used as our interpretability score.
The similarity function sim is soft weighted pointwise mu-
tual information (soft-WPMI) following [26]. Please refer
to the original paper [26] for more details.

Cosine-cubed similarity loss [27] Lint. As discussed in Sec.
5.2 (main paper), we use a cosine-cubed similarity loss Lint
to train the CB encoder Ecb to produce concept predictions
c that match with CLIP zero-shot classifier predictions ŷ for

the same concept set C. Concretely,

Lint(c, ŷ) =

|C|∑
k=1

− c3k · ŷ3k
∥c3k∥2∥ŷ3k∥2

(11)

Here, ck is the kth concept prediction for the current mini-
batch and ŷk is the zero-shot CLIP prediction for concept k
with the same mini-batch. Following [27], we also normalize
both vectors ck, ŷk ∀ k before raising them to the third power
(element-wise) and computing the cosine similarity. The
third power is used to make the loss more sensitive to highly
activating inputs. And we minimize the negative similarity
which is equivalent to maximizing the similarity.

Instead of loss weighting hyperparameters, we train by
alternately minimizing the objectives via separate Adam
optimizers which adaptively scale weight updates [18].

E. Experiments
E.1. Experimental Setup
Baseline SAE and CB-SAE. We follow Pach et al. [29] and
train a Matryoshka Batch Top-k SAE [48] with expansion
factor ω

d = 64 as the baseline SAE on the ImageNet-1k [10]
dataset. Our CB-SAE is also trained on the same intermedi-
ate activations as the baseline SAE for a fair comparison. We
retain ω −M = 30k neurons in the SAE pruning and use a
top-k function as σcb with k = 5 in our CB-SAE. We use the
VLG-CBM ImageNet concept set [27, 36] for the CB neu-
rons. In our training, we use a CLIP-ViT-B/16 [33] model
for obtaining the pseudo-ground-truth concept activations.
Downstream model details. We experiment with SAEs/CB-
SAEs trained on vision encoders for downstream models
like LLaVA [20] and UnCLIP [35]. LLaVA models are
large vision-language models that take an image and a text
prompt as input and output a text-based answer (Fig. 2A,
main paper). Specifically, we used LLaVA-1.5-7B [21]
which uses a CLIP-ViT-L-14-336 [33] vision encoder, a
2-layer MLP projector (not shown in Fig. 2A for simplicity),
and an instruction-finetuned Vicuna-7B LLM [8]. We also
use LLaVA-MORE [9] with DINOv2-Large [28] vision en-
coder, a 2-layer MLP projector, and an instruction-finetuned
Gemma2-9B LLM [40]. On the other hand, UnCLIP is an
image-to-image generative model that uses a CLIP-ViT-L
[33] vision encoder and a finetuned Stable Diffusion 2.1 [35]
as the image generator (Fig. 2B, main paper).
Evaluation Metrics. To evaluate interpretability, we use
the CLIP-Dissect interpretability score introduced in Sec.
2 and the monosemanticity score from [29] using the Ima-
geNet validation set. To ensure a fair evaluation, we use a
stronger CLIP-ViT-L/14 model (w.r.t. smaller ViT-B/16 used
for training CB-SAE). To evaluate steerability, we use our
proposed steerability score (Sec. 2). Concretely, we evaluate
the steerability of each CB/SAE neuron in two ways:



Figure 7. We analyze the interpretability and steerability of SAE and CB-SAE neurons for LLaVA with DINOv2 and Gemma2 as well as for
UnCLIP with CLIP-ViT-L and Stable Diffusion 2.1. The dashed lines in the baseline SAE plots indicate the average scores along each axis.

• Unit Vector: The selected neuron is activated to a high
value α = 50 (as in [29]) & all other neurons are set to 0.

• White Image: The selected neuron is activated to a high
value α = 50 and all other neurons have the values pre-
dicted when using an empty white image (following [29])
as input, instead of 0 like in unit vector steering.

The interpretability and steerability scores of individual neu-
rons are averaged to obtain the overall scores. For exper-
iments where the steered output is text, we compare the
similarity between the steered text and the CLIP-Dissect
assigned concept for the selected neuron in a sentence trans-
former embedding space (as in Sec. 2). For experiments
where steered output is an image, we compute the average
similarity between the steered image and top-16 highly ac-
tivating images for the selected neuron in the DINOv2 [28]
embedding space. This is because the diffusion model be-
ing steered (UnCLIP [35]) may rarely return partially or
completely noisy images after steering, which cannot not be
properly evaluated with an image-text similarity score (e.g.
CLIP) that expects clean images. All metrics are normalized

in 0-1 range and higher values indicate better performance.
Miscellaneous details. We implement our CB-SAE in Py-
Torch [31] building on the SAE codebase from Pach et al.
[29]. Following the baseline SAE training [29], we train
the CB-SAE for 110k iterations with batch size 4096 and
learning rate 2e−4 on a single 80GB Nvidia H100 GPU.

E.2. Interpretability vs Steerability in SAEs
We extend our analysis from Sec. 4 (main paper) on an SAE
from LLaVA with CLIP image encoder to SAEs from LLaVA
with DINOv2 image encoder and UnCLIP image-to-image
generation model with CLIP image encoder in Fig. 7 (left).
We report our observations (repeating those from Sec. 4):
• LLaVA (CLIP-ViT-L + Vicuna-7B, Fig. 3, main paper):
◦ Low interpretability, low steerability: 36.26% (23763)
◦ High interpretability, low steerability: 19.87% (13022)
◦ Low interpretability, high steerability: 25.03% (16403)
◦ High interpretability, high steerability: 18.84% (12348)

• LLaVA (DINOv2-L + Gemma-9B, Fig. 7A):
◦ Low interpretability, low steerability: 33.07% (21675)



Table 3. Sensitivity to choice of metrics for SAE pruning.

Scores for SAE pruning Reconstruction evaluation Interpretability evaluation Steerability evaluation

Zero-shot ImageNet Acc. (%) CLIP-Dissect Monosemanticity Unit Vector White Image

None (SAE baseline) [29] 74.07 0.154 0.517 0.198 0.203
Interpretability score only 73.39 0.233 0.566 0.216 0.220
Steerability score only 70.99 0.167 0.520 0.288 0.269
Both scores 73.78 0.244 0.556 0.261 0.250

Table 4. Sensitivity of interpretability evaluation with CLIP-Dissect
to choice of CLIP-like model used.

CLIP-like model for evaluation Interpretability Score

Model Architecture SAE CB-SAE (Ours)

CLIP [33] ViT-B-16 0.198 0.307
CLIP [33] ViT-L-14-336 0.154 0.244
SigLIP [49] ViT-SO400M-14-384 0.189 0.289
SigLIP2 [41] ViT-gopt-16-384 0.188 0.290
SigLIP2 [41] ViT-SO400M-16-384 0.176 0.272
DFN [11] ViT-H-14-378 0.220 0.347
PE-core [4] BigG-14-448 0.207 0.312

◦ High interpretability, low steerability: 23.35% (15304)
◦ Low interpretability, high steerability: 23.75% (15565)
◦ High interpretability, high steerability: 19.82% (12992)

• UnCLIP (CLIP-ViT-L + Stable Diffusion 2.1, Fig. 7B):
◦ Low interpretability, low steerability: 30.84% (20209)
◦ High interpretability, low steerability: 14.53% (9517)
◦ Low interpretability, high steerability: 42.76% (28022)
◦ High interpretability, high steerability: 11.88% (7788)

Note that the average steerability score for UnCLIP is higher
than for LLaVA since the scores are computed in image
embedding space and text embedding space respectively.
Across both types of models, we consistently find that only
a small portion of neurons (12-20%) are useful for both
interpretability and steerability. And a majority of neurons
(30-36%) are unsuitable for both interpreting new inputs and
steering outputs.

We also show the retained SAE neurons and CB neurons
in Fig. 7 (right) and Fig. 8 similar to Fig. 6 (main paper). We
find CB neurons are similar to retained SAE neurons while
being significantly better than the discarded SAE neurons
(also shown quantitatively in Table 1, 2, main paper). We
emphasize that CB neurons have to incorporate relatively
more difficult concepts due to our concept set selection (Sec.
5.2, main paper) which excludes already discovered (and
relatively easier to learn) concepts present in the retained
SAE. Hence, it is more difficult for CB neurons to always
outperform the retained SAE neurons.

E.3. Extended Analysis of our CB-SAE

Sensitivity to type of SAE. In Table 5, we evaluate the sen-
sitivity of our CB-SAE to the type of pretrained SAE used.

We consider Top-k and Batch Top-k SAEs in addition to the
Matryoshka SAEs already compared in the main paper. We
find that our CB-SAE can provide consistent improvements
regardless of the type of pretrained SAE used. Interestingly,
Top-k and Batch Top-k SAEs have better interpretability and
steerability than Matryoshka SAEs, but also feature a very
high number of dead neurons, i.e. SAE neurons which do not
activate for any inputs. This makes sense since Matryoshka
SAEs were proposed to overcome the dead neurons limita-
tion. Further, our CB-SAE can also resolve the dead neurons
problem by eliminating frequently activating SAE neurons.
Ablation of SAE from CB-SAE. In Table 6, we evaluate
a CB-SAE model without using any SAE, i.e. a CB-AE
[17] where all the user-defined concepts are directly used
in the concept bottleneck. We find that CB-AE has higher
interpretability score than CB-SAE since all concepts are
now explicitly optimized for it. On the other hand, CB-SAE
achieves better steerability since the retained SAE neurons
have high steerability based on our analysis.
Sensitivity to scores used for SAE pruning. We extend
our sensitivity analysis from Fig. 5A (main paper) in Table
3 to additionally include monosemanticity score [29] (inter-
pretability evaluation) and zero-shot ImageNet-1k accuracy
(reconstruction evaluation) when using the SAE/CB-SAE
reconstructed latents. We observe that using either the in-
terpretability score or both scores yields similar reconstruc-
tion as the baseline SAE, while steerability-based pruning
leads to significantly worse reconstruction. Similarly, us-
ing either the interpretability score or both scores improves
the monosemanticity significantly w.r.t. the baseline, while
steerability-based pruning provides only a marginal gain
over the baseline.
Sensitivity to CLIP model in interpretability evaluation.
We evaluate the sensitivity of our interpretability evaluation
with CLIP-Dissect by varying the CLIP-like model used, in
Table 4. While our evaluation used a stronger CLIP-ViT-L-
14-336 [33] model w.r.t. the smaller CLIP-ViT-B-16 used for
training the CB-SAE, we now evaluate with even stronger
models including SigLIP [49], SigLIP2 [41], Data Filter-
ing Networks (DFN) [11] and Perception Encoder (PE) [4].
Across all CLIP-like models, our CB-SAE achieves consis-
tent gains over the baseline SAE for LLaVA with CLIP-ViT-
L encoder, validating that our choice of CLIP-like model for
interpretability score does not affect our evaluation.



Table 5. Sensitivity to type of SAE.

SAE type Interpretability Steerability

CD MS Dead Neurons Unit-Vec White Image

Top-k SAE 0.162 0.548 52965 / 65536 0.228 0.241
Batch Top-k SAE 0.158 0.540 56899 / 65536 0.226 0.231
Matryoshka SAE 0.154 0.517 4 / 65536 0.198 0.203

Top-k CB-SAE 0.264 0.556 0 / 32167 0.315 0.317
Batch Top-k CB-SAE 0.265 0.564 0 / 32162 0.307 0.299
Matryoshka CB-SAE 0.244 0.556 4 / 32169 0.261 0.250

Table 6. Ablation to quantify the usefulness of SAE in CB-SAE.

Interpretability Steerability

CLIP-Dissect score Unit-Vec White Image

SAE [29] 0.154 0.198 0.203
CB-AE (w/o SAE) 0.308 0.238 0.232
CB-SAE (Ours) 0.244 0.261 0.250

A. Retained SAE neurons B. Concept Bottleneck (CB) neurons

Figure 8. Visualizing the interpretability and steerability of retained
SAE neurons and CB neurons for LLaVA with CLIP-ViT encoder,
similar to Fig. 2.

Sensitivity to k in σcb. In Fig. 9, we analyze the sensitivity
of our CB-SAE to the choice of k in the top-k activation
function used in the CB decoder. Here, we define recon-
struction score as the zero-shot ImageNet-1k accuracy of
CLIP when using SAE/CB-SAE reconstructed latents. We
also report the white image steerability score of only the CB
neurons to understand the impact of k on steerability. Note
that we do not consider interpretability score here since σcb
is only applied in the CB decoder while interpretability eval-
uation only considers the CB encoder, i.e. interpretability
score does not change when varying k. We observe that re-
construction score improves as k increases, but it is already
very close to the baseline even at k = 3 to k = 5. The
steerability score first increases with k and then decreases
for k > 30. This is because with higher k, steering might be
less successful as the selected concept contends with many
other concepts to be combined into the final reconstructed
latent. On the other hand, if k is too low, then the reconstruc-
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Figure 9. Sensitivity analysis of CB-SAE in LLaVA to k in top-k
activation function used in the CB decoder. Steerability score here
is computed only for CB neurons, reconstruction score is zero-shot
accuracy when using SAE/CB-SAE reconstructions of CLIP latents
on ImageNet-1k.

tion might not be good enough for the downstream model to
produce the appropriate response. However, across all values
of k, our CB-SAE is able to outperform the discarded SAE
neurons while being worse than the retained SAE neurons.
Hence, future work can develop more steerability-focused
training objectives to further improve steerability.

E.4. Extended Qualitative Results
We provide qualitative examples of white image steering of
UnCLIP with SAE/CB-SAE in Fig. 10. Similar to our results
in Fig. 7 (main paper), we find steering CB-SAE neurons
produces higher quality images while SAE neurons tend to
produce more noisy images.
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