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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 for
a systematic analysis of LVLM SAEs. This uncovers two
observations; (i) a majority of SAE neurons exhibit either
low interpretability or low steerability or both, rendering
them ineffective for downstream use; and (ii) user-desired
concepts are often absent in the SAE, thus limiting their prac-
tical utility. To address these limitations, we propose Con-
cept Bottleneck Sparse Autoencoders (CB-SAE)'—a novel
post-hoc framework that prunes low-utility neurons and aug-
ments the latent space with a lightweight concept bottleneck
aligned to a user-defined concept set. The resulting CB-
SAE improves interpretability by +32.1% and steerability by
+14.5% across LVLMs and image generation tasks.

1. Introduction

Sparse autoencoders (SAEs) [5, 17, 37] have emerged as
a foundational tool for mechanistic interpretability, map-
ping dense polysemantic activations into sparse monoseman-
tic latents in large language models (LLMs) [23], vision
models [12, 42, 43, 46], and large vision-language models
(LVLMs) [33]. However, realizing this promise requires
SAE features to be semantically meaningful and causally
effective, i.e. interpretable and steerable respectively.
Recent work on SAEs [1, 48] in the context of LLMs
shows that interpretability does not guarantee steering ef-
fectiveness, i.e. features that activate strongly for a human-
understandable concept may fail to control it when inter-
vened upon [1, 16, 17, 49]. Although this trade-off has been
observed in language models, its presence and implications
in vision encoders and LVLMs remain largely unexplored.
To investigate this in the LVLM setting, we conducted an
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Figure 1. A. We find that the majority of SAE neurons in vision
models have low interpretability or steerability, with no guarantee
of discovering user-specified concepts. B. Our CB-SAE addresses
both limitations by pruning SAE neurons with low interpretability
and steerability, and replacing them with a user-specified concept
bottleneck that improves both interpretability and steerability.

empirical study of SAEs trained on activations from the
CLIP [36] vision encoder. We introduced metrics to quantify
both interpretability and steerability at the neuron level and
analyze their alignment across the SAE’s latent space. Our
findings reveal that only about 19% of SAE neurons exhibit
both high interpretability and steerability. Moreover, despite
the SAE’s large dictionary size (65,536 neurons), it fails
to represent 27-45% of concepts drawn from established
ImageNet-derived benchmarks [44], even when trained on
the corresponding data. This highlights the inability of unsu-
pervised SAEs to cover user-specific concepts reliably.

These findings surface two key limitations that constrain
the practical utility of SAEs: (i) the inability to ensure com-
prehensive coverage of semantically meaningful concepts,
and (ii) the lack of mechanisms for explicitly encoding user-
defined concepts into the latent space to support better steer-
ability. As a result, practitioners are left to work with the
latent features the SAE happens to discover and searching
post hoc for relevant activations, with no guarantee of align-
ment with task-specific requirements. This motivates the
need for a unified framework that supports both unsuper-
vised discovery and user-guided specification.
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Figure 2. A. Our CB-SAE and baseline SAE can steer multiple
downstream models like large vision-language models (LLaVA
[25]) or image generative models (UnCLIP [40]). B. Examples
of steering LLaVA and UnCLIP when using unit vector steering
(zeroing out all SAE/CB-SAE neurons except the selected concept).

A counterpart to SAEs are Concept Bottleneck Models
(CBMs) [19, 21, 31, 41, 45, 54], with concept learning from
a supervised perspective. CBMs explicitly train a model
to predict a fixed set of human-interpretable concepts by
introducing a bottleneck layer that mediates the final predic-
tion. This enables guaranteed concept coverage, but limits
CBMs to predefined concepts, preventing discovery of novel
features unlike SAEs. These complementary strengths high-
light the need for a unified framework that combines CBMs’
controllability with SAEs’ discovery capabilities.

Motivated by these observations, we propose Concept
Bottleneck Sparse Autoencoders (CB-SAE) — a unified
framework that combines the unsupervised discovery ca-
pabilities of SAEs with the controllability of concept bottle-
necks. We begin by pruning SAE features that lack inter-
pretability and steerability, and then augment the resulting
latent space with a lightweight CB autoencoder [21], trained
to align with a user-specified concept set (Fig. 1B). The
model is optimized using tailored loss functions that pre-
serve reconstruction fidelity, interpretability, and steerability.
As a result, our CB-SAE produces latent features that are
both semantically meaningful and causally effective.

We evaluate CB-SAE on two challenging downstream
tasks: controlled text generation via vision—language mod-
els (LLaVA-1.5-7B [24], LLaVA-MORE [9]) and controlled
image synthesis using UnCLIP [40]. CB-SAE consistently
outperforms standard SAEs, with average gains of +32.1%
in interpretability and +14.5% in steerability across all mod-
els and metrics. This improved performance is also shown
qualitatively in Fig. 2B, where the retained SAE and CB neu-
rons consistently outperform discarded SAE neurons w.r.t.
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steerability. 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.

2. Related Work

Sparse Autoencoders. SAEs aim to discover interpretable
features in neural networks by learning overcomplete decom-
positions of activations [27]. Recent work [6, 14] showed
SAEs can decompose LLM representations into monose-
mantic features. Various architectural innovations improved
SAE:s, like Batch-Top-k sparsity [7], JumpReLU [37], and
Matryoshka SAEs [8] with multi-level feature hierarchies
[10]. Large-scale efforts trained LLM SAEs across multiple
layers and models [ 13, 23], with systematic benchmarks [17].
However, we uncover two key limitations of SAEs: they do
not guarantee the discovery of user-desired concepts, and
many SAE neurons exhibit low interpretability or utility in
downstream steering [1, 12, 16, 17,49, 51].

Concept Bottleneck Models. CBMs [19, 54] 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 [31], enhanced with
vision-language guidance [41, 50, 53], applied to image gen-
erative models [15, 21] as well as LLMs [45]. DN-CBM
[38] used an SAE encoder as a concept bottleneck layer, and
trained a linear layer to classify using the SAE concepts.
However, their approach is limited to image classification
and susceptible to SAE limitations highlighted in our work.
A concurrent work, AlignSAE [52], 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.
Our work bridges SAEs and CBMs into our novel CB-SAE,
combining the expressiveness of overcomplete feature de-
composition with user-specified concepts, steerability, and
interpretability of concept-guided learning.

SAE:s for Vision and Vision-Language Models. Recent
work showed that SAEs can learn interpretable, monoseman-
tic features in vision models [43] as well as vision-language
models [33, 55]. SpLiCE [3] interprets CLIP with sparse
concept embeddings using supervised reconstruction and a
sparsity constraint, but does not support unsupervised con-
cept discovery unlike SAE/CB-SAE. Another line of work
[29, 34, 47] investigated how visual information maps to
language via SAEs for cross-modal interpretability [26, 28].
However, prior works neither address the challenges of ensur-



ing discovered features are both interpretable and steerable,
nor guarantee the discovery of user-specified concepts. Our
CB-SAE addresses both limitations through post-hoc prun-
ing and concept bottleneck training.

3. Background

SAE preliminaries. Let v = f;(x) € R? denote the dense
activations from layer [ of a deep pre-trained vision model
(e.g., CLIP image encoder [36]) 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 € R¥ (4 > 1) with the aim of associating every unit in
z to distinct, interpretable concepts. Here ¢ corresponds
to the expansion factor of the SAE [13]. Formally, an SAE
is parameterized by a linear encoder Fy,. € R¥*4 3 linear
decoder Dg,. € R¥*% | a shared bias term b € R?, and a
non-linear activation function oy, : RY — R%:
b)) ey
@)

Z = Usae(Esae (U -
0 = Dgez +b

The SAE training objective is given by £, = ||v — ||2 +
Allz||1, where A > 0 balances reconstruction fidelity and
sparsity, where © represents the SAE reconstruction. In addi-
tion to standard ¢; regularization, sparsity can be enforced
directly via the activation function og,(+), such as top-k [13],
batch top-k [7], or ReLU with a learnable threshold [23, 37].

Measuring SAE interpretability. After training, SAEs
are typically evaluated using reconstruction fidelity or spar-
sity [17, 26]. However, these metrics do not directly quantify
interpretability which is namely the extent to which indi-
vidual SAE neurons correspond to human-understandable
concepts. While existing work [18, 33] relies on manual
inspection of top-k activating inputs or autointerpretability
scores [4, 35] that depend on external language models or
measuring the monosemanticity [33], they are often subjec-
tive, computationally expensive, and difficult to scale. To
this end, we leverage a popular neuron interpretability tool
CLIP-Dissect [30], which utilizes a user-specified concept
set C and a pretrained vision-language model to assign each
neuron j of an SAE to a human-interpretable text concept
¢j. Our interpretability score is the similarity score com-
puted in CLIP-Dissect. This approach is computationally
inexpensive, scalable, and is used for the first time with
SAEs. Neuron interpretability scores have also been useful
for downstream tasks like adversarial defense [20]. Please
refer to Appendix for further details on CLIP-Dissect.

Measuring SAE steerability. Beyond interpretability,
SAEs have been shown to enable controllable manipula-
tion of model behavior across language [1], large-scale vi-
sion [43], and large vision-language models [26, 33] such
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as LLaVA [25]. Steerability refers to the ability to influ-
ence model outputs through targeted modifications of SAE
neuron activations, thereby inducing semantically consistent
changes [1]. It is typically quantified by measuring the align-
ment between the steered output and the concept label of the
intervened neuron. Since, in our study, the base model f is
a vision-only encoder, we employ a downstream generative
model to evaluate the effect of SAE latent interventions.

Following [33], we adopt LLaVA [25], which maps an im-
age—text pair (z,t) to a text output o. In LLaVA, the vision
encoder f (e.g. CLIP [36]) produces visual tokens {v; }¥ ;,
which are projected by an adapter into the LLM’s word em-
bedding space, where they are combined with prompt tokens
to generate o. Similar to [33], to probe steerability, we use a
white image with the prompt “What is shown in this image?
Use exactly one word!”. For a given target neuron j € [w]
of the SAE, we overwrite its activation across all tokens
(from this white image) with a fixed value «, reconstruct the
modified latents {;} through the SAE decoder, and feed
them into LLaVA to produce the steered output o;.

We then compute the cosine similarity between 0, and the
neuron’s CLIP-Dissect-assigned concept c; in a sentence-
transformer embedding space [39]. Higher similarity indi-
cates greater steerability, as the neuron reliably drives the
output toward its associated concept. Unlike [33], which
compared steered outputs to top-activating images in CLIP’s
image-text space, our method compares o; with concepts
identified by CLIP-Dissect, which produces these descrip-
tions by aggregating activations across all images thus yield-
ing a more robust, semantically grounded steerability metric.
Note that while steering (image,text)-to-text LLaVA [25] is
one way to compute a steerability metric, a similar metric
can be computed using an image-to-image generator like
UnCLIP [40] (see Appendix for analysis with UnCLIP).

4. Interpretability vs Steerability in SAEs

In this section, we empirically analyze SAEs from two com-
plementary perspectives: (i) their capacity to capture inter-
pretable concepts and (ii) their ability to steer model outputs
and quantify their trade-offs. While these two measures i.e.,
interpretability and steerability are related, they capture dis-
tinct yet complementary aspects of SAE behavior [48]. In
practice, interpretable neurons may not be steerable if their
activations are weakly causal or entangled, while steerable
neurons may encode abstract features misaligned with user
objectives [, 48]. The insights from this analysis on large
vision-language models motivate our hybrid framework, in-
troduced in Sec. 5, which integrates SAEs with principles
from concept bottleneck models [19, 31, 41].

Expt. 1: Are all SAE neurons interpretable & steerable?
Setup. We train a Matryoshka Batch Top-k SAE [7, 55] with
w = 65536 and an expansion factor of 64 on layer [ = 22
of the CLIP-ViT-L/14-336 vision encoder [36], following
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Figure 3. 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.

the setup of [33], using the ImageNet-1K dataset [11] (see
Appendix for more details and results with other layers and
models). As CLIP-Dissect requires a predefined concept
set C, we employ the Broden dataset [2], (|C|=1197) which
provides both low-level attributes and object-level visual
concepts. We then compute interpretability and steerability
scores for each SAE neuron as described in Sec. 3.
Observations. Fig. 3 illustrates the trade-off between inter-
pretability and steerability scores, with dashed horizontal
and vertical lines marking their respective mean values to
delineate four distinct neuron groups. For each group, the
figure shows the top-10 activating images, CLIP-Dissect-
assigned concepts (interpretability), and LLaVA-steered out-
puts (steerability) for a representative neuron, highlighting
characteristic behaviors. The distribution of neurons across
these groups is as follows:

* Low interpretability, low steerability (36.26%, 23,763):
These neurons are largely inactive and contribute mini-
mally to either semantic meaning or controllable behavior.

* High interpretability, low steerability (19.87%, 13,022):

These neurons capture clear, human-understandable con-

cepts but have limited influence on model outputs.

Low interpretability, high steerability (25.03%, 16,403):

These neurons effectively steer outputs but correspond to

abstract or composite features that lack semantic clarity.

* High interpretability, high steerability (18.84%, 12,348):
This is the most desirable group of neurons that are both
interpretable and causally effective.

These indicate that a vast majority of SAE neurons are not
directly useful for downstream tasks such as explanation
or control, reinforcing the need for hybrid approaches that
jointly enhance interpretability and steerability.

Expt. 2: Can SAEs represent all user-specified concepts?
A key question is whether the SAE can represent all concepts
from a given concept set, thereby supporting both human
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interpretability and controllable model behavior. Although
the SAE contains 65,536 neurons, far exceeding the size of
standard concept sets, its ability to represent concepts varies
considerably with the diversity and complexity of the set.

Observations. Using CLIP-Dissect, we evaluate the cover-
age of unique concepts across multiple concept sets:

¢ Broden [2]: 1,153/1,197 (96.3%)

e VLG-CBM [41]: 3,445/4,729 (72.8%)

e DECIDER [44]: 4,333/7,827 (55.3%)

¢ 3k common English words [31]: 1,857/3,000 (61.9%)

* 20k common English words [31]: 5,596/20,000 (28.0%)

The SAE performs well on the smaller and well-defined
Broden concept set, capturing 96.3% of its visual concepts.
However, coverage drops sharply for larger or linguistically
diverse sets, with only 28—73% of concepts represented on
average. Notably, despite being trained on ImageNet, the
SAE fails to capture 27-45% of ImageNet-related concepts
from the VLG-CBM and DECIDER sets. These results
indicate that, while SAEs effectively capture simple, low-
level concepts, their latent spaces struggle to generalize to
broader, user-specified concept sets—Ilimiting their utility
for downstream interpretability and nuanced steerability.

Our analysis reveals two key requirements: (i) expand-
ing the SAE latent space to capture a broader range of se-
mantically distinct concepts while remaining effective for
downstream tasks such as steering, and (ii) enabling ex-
plicit user specification of concepts within the SAE. Simply
pruning neurons with low interpretability and steerability
degrades reconstruction fidelity. To address this and enable
user-specified concepts, we propose to train a concept bot-
tleneck autoencoder [19, 21] alongside the retained SAE.
This hybrid framework combines (supervised) concept align-
ment with (unsupervised) discovery, restoring reconstruction
fidelity while enhancing concept coverage and steerability.



Step 1. SAE baseline

Neuron
Interpretability Tool
(e.g. CLIP-Dissect)

z

S

Interpretability Score

Esae Dsae

Steerability Score

Downstream
Steering Evaluation
(e.g. LLaVA)

Step 4. Concept Bottleneck Sparse Autoencoder (CB-SAE) training

User-specified
’—® conceptset  x;

Uj
1 CLIP zero-shot
Eéae D;ao '{) . classifier
7
c Al Pseudo-GT
. i : Concept
J Vi Yi Activations

Step 2. SAE analysis

U

Step 3. SAE pruning

z
/
N z A/
v v v v
Esae Dsae E:de D;ae
Outcome. CB-SAE
Pseudo-GT
?;ilécgpt Ui Concept Bottleneck SAE
Activations
% = v
li
Eéae D;ao @ 1 Esae Déae ~

(Y

~

Ci z 7?
E cb D cb

Ech ch ‘| Ecb

C

Figure 4. Pipeline for building 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. The M least interpretable and steerable neurons are
pruned by deleting the corresponding SAE weights. Step 4. We train the CB-SAE with frozen, pruned SAE weights with three objectives:
A. recover the reconstruction ability lost by pruning using £,, B. incorporate the user-specified concept set with Lin, and C. promote
steerability with a cyclic reconstruction loss L. Outcome. CB-SAE uses both retained SAE and CB-AE for inference.

5. 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.

5.1. Pruning SAE neurons

Step 1 (Fig. 4) As discussed in Sec. 3, we begin with training
an SAE on layer [ activations from the vision model f.
Step 2 (Fig. 4) Following our analysis experiments, we
compute the interpretability and steerability scores for each
sparse neuron in the trained SAE denoted by I € [0, 1] and
S € [0, 1]“ respectively.
Step 3 (Fig. 4) We prune the SAE weights Fe, Dy 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| L,+ Sn < T, m € [w]} where 7 is the thresh-
old that determines |P| = M and [w] = {1,2, - ,w}. In
practice, we simply sort the I + S in descending order and
select the bottom- M neurons that constitute P.

SAE consists of Ege € R¥*? and Dge € R¥*¥. We can
then prune the selected set of neurons P by deleting the cor-
responding rows and columns in Ej,. and Dy,. respectively.
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In other words, the retained SAE weights E!,. and D, have

all rows and columns other than those in P respectively:

Es/ae
D /

sae

= Ege[[w] \ P, ]
= Dga[:, [w] \ P]

3)
4)

Here, \ denotes the set minus operator. Note, the shared
bias term b € R? does not change as it is independent of
the number of SAE neurons w. The retained SAE consists
of the retained encoder E/,, € R(“~)*d retained decoder
Dl,. € RIX@=M) and the bias b € R?. Using Eq. (1),
(2) with E/,., D!, the retained SAE latent changes to 2’ €
R“=M) and the reconstructed latent is o' € R? (Fig. 4, Step
3). While the reconstructed 9’ has the same dimensions as
v, the average reconstruction loss E, [v — ©'] will be higher
than without pruning E,, [v — ©], due to loss of information to
effectively reconstruct the activations. As discussed earlier,
to recover this lost reconstruction ability and to incorporate

user-specified concepts, we introduce a concept bottleneck.

5.2. Training CB-SAE

Step 4 (Fig. 4) We introduce a concept bottleneck au-
toencoder [21] alongside the retained SAE (Fig. 1B). Our
CB-SAE consists of the retained SAE E!,., D.., a lin-

sae? sae’




ear concept encoder Fy, € RICIX9, a linear concept de-
coder Dy, € R®*ICl and a non-linear activation function
ow : RI€l — RICl similar to the SAE, where C is a pre-
defined concept set. For an input v € R?, the CB-SAE
reconstructs ¢’ € R? as,

2 = Oge(ElLe(v — b)) (5
¢c=Ep(v—0) 6)
o = Déaezl +b+ chUcb(C) (7)

We use a top-k function as o, with k& < |C| to ensure that
sparsity constraints are similar to the original SAE. The bias
term b € R? is shared with the retained SAE.

Concept Set Selection. Based on our motivation to support
user-specified concepts, the concept set C can be specified
by the user as a list of text-based concepts, similar to prior
work [31, 41]. However, as shown in Sec. 4, the SAE can al-
ready represent some concepts well and including them in the
concept set C would be redundant. Hence, we only use con-
cepts absent from the retained SAE in the CB-SAE concept
set. Let Cyqer be the user-specified concept set, Crgae C Cyser
be the concepts present in the retained SAE (found using
CLIP-Dissect before pruning the SAE, Fig. 4 Step 2). Then
our CB-SAE concept set is given by C = Cyger \ Cisge-

Training Objectives. We propose three training objectives
to guide the CB-SAE. First, the concept bottleneck should
recover the reconstruction fidelity lost by pruning the SAE
neurons. Second, the CB neurons should be interpretable
w.r.t. the concept set C. And third, the CB neurons should be
steerable w.r.t. the concept set C. The neurons of the retained
SAE already meet the reconstruction, interpretability, and
steerability objectives for their discovered concepts Cigye, SO
we keep the retained SAE weights frozen.

Objective A: Reconstruction L, (Fig. 4, Step 4A). Similar
to the SAE, we optimize the mean-squared error £, between
the input latent v € R? and the CB-SAE reconstruction ¢/,

®)

Instead of an ¢; regularizer for sparsity, we use a top-k
activation function o, as mentioned earlier.
Objective B: Interpretability L;,; (Fig. 4, Step 4B). To en-
sure that each CB neuron in c activates for its corresponding
concept in the concept set C, we use a CLIP zero-shot classi-
fier [36] with C as the classes and obtain pseudo-ground-truth
concept activations similar to prior work in CBMs [21, 31].
This enables concept-label-free training of the CB-SAE, i.e.
does not require explicit concept labels and also supports
any arbitrary user-specified concept sets.

The zero-shot classifier M : X x TI¢l — RICI (T refers
to text space) takes in an image x € X, list of concept names
C, and predicts concept logits 7 = M(z,C) € RI¢l. We use
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a cosine-cubed similarity loss Ly following [31] between
the concept encoder’s predictions ¢ = Eg,(v) and g,

min{Lin(c, J)] ©)

cb

Here, v = fi(z) is the vision encoder f output at layer [ for
the same image x used with M. Further, note that we use the
sparsity constraint of a top-k activation function o, only for
the decoder in Eq. (7). This is because the concept encoder
E, should be able to interpret all concepts in an image, but
the concept decoder D, can only use the top-k concepts for
reconstruction. This is further ensured by updating only Eip
with the interpretability objective Li,,. We defer more details
of the cosine-cubed similarity loss [31] to the Appendix.

Objective C: Steerability Ly (Fig. 4, Step 4C). Prior work
on CBMs for generative models [21] leveraged the down-
stream image generation task to design explicit steerability
objectives. In contrast, we propose a simple task-agnostic
cyclic reconstruction objective for steerability. With this,
we show in Sec. 6 that the same CB-SAE can steer two dif-
ferent downstream tasks: image-to-image generation and
image-text-to-text generation.

Concretely, as shown in Fig. 4, Step 4C, we pass the
reconstructed latent o’ back through the concept encoder E,
to produce cyclically reconstructed concepts é = Eq, (9 —
b). Then, we use the same pseudo-ground-truth concept
activations gy computed for Objective B and optimize the
same loss as Objective B with ¢ (denoted by Ly for clarity),

min[Lg (¢, )] (10)
Dy
Only the concept decoder Dy, is updated with the steerability
loss. This is because only the decoder Dy, is responsible
to appropriately modify the latent 9" when a concept in ¢
is modified for steering. On the other hand, the concept
encoder E, should focus only on interpreting the input v
and updating it with L could hurt interpretability.

Instead of loss weighting hyperparameters, we train by
alternately minimizing the objectives via separate Adam
optimizers which adaptively scale weight updates [22].

6. Experiments

We extensively evaluate our proposed CB-SAE w.r.t. in-
terpretability and steerability on two downstream tasks,
(image,text)-to-text generation and image-to-image gener-
ation. We also performed detailed ablation and sensitivity
analysis experiments to validate our design choices.

6.1. Setup

Baseline SAE and CB-SAE. We follow Pach et al. [33] and
train a Matryoshka Batch Top-k SAE [55] with expansion
factor % = 64 as the baseline SAE on the ImageNet-1k [11]



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 Steered Interpretability Steerability
Task Model Method
as ode CD MS  Unit-Vec White Image

LLaVA-1.5-7B [25] SAE [33] 0.154 0.517 0.198 0.203

Image + Text — (CLIP-ViT-L + Vicuna-7B)  CB-SAE (Ours) 0.244  0.556 0.261 0.250

Text Generation 1\ MORE [9] SAE [33] 0.194 0553  0.179 0.177
(DINOv2-L + Gemma2-9B)  CB-SAE (Ours) 0.291  0.598 0.192 0.189

Image — Image  UnCLIP [40] SAE [33] 0.058 0.540 0.642 0.654

Generation (CLIP-ViT-L + SD-2.1) CB-SAE (Ours) 0.092 0.594 0.659 0.664
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Figure 5. 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 Ly from Eq. (10).

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

dataset. Our CB-SAE is also trained on the same intermedi-
ate activations as the baseline SAE for a fair comparison. We
retain w — M = 30k neurons in the SAE pruning and use a
top-k function as o, with & = 5 in our CB-SAE. We use the
VLG-CBM ImageNet concept set [31, 41] for the CB neu-
rons. In our training, we use a CLIP-ViT-B/16 [36] model
for obtaining the pseudo-ground-truth concept activations.

Evaluation Metrics. To evaluate interpretability, we use
the CLIP-Dissect interpretability score introduced in Sec.
3 and the monosemanticity score from [33] 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. 3). Concretely, we evaluate
the steerability of each CB/SAE neuron in two ways:

» Unit Vector: The selected neuron is activated to a high
value o = 50 (as in [33]) & all other neurons are set to 0.
* White Image: The selected neuron is activated to a high
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value v = 50 and all other neurons have the values pre-

dicted when using an empty white image (following [33])

as input, instead of O 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. 3). 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 [32]
embedding space. This is because the diffusion model being
steered (UnCLIP [40]) may rarely return partially or com-
pletely noisy images after steering, which cannot 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.

6.2. Quantitative Comparison

In Table 1, we compare our CB-SAE with the baseline
SAE [33] across several downstream models as well as
tasks. For two different variants of the (image,text)-to-text
LLaVA [9, 25] model, our CB-SAE demonstrates consis-
tent gains over the SAE baseline across both interpretability
(avg. +33.0% for CLIP+Vicuna and avg. +29.0% for DI-
NOv2+Gemma) and steerability metrics (avg. +27.5% for
CLIP+Vicuna and avg. +14.0% for DINOv2+Gemma). Simi-
larly, for the image-to-image UnCLIP [40] generative model,
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Figure 6. Visualizing the interpretability and steerability of retained
SAE neurons and CB neurons, similar to Fig. 3.

our CB-SAE outperforms the SAE baseline (avg. +34.3%
interpretability and avg. +2.1% steerability). To the best of
our knowledge, we are the first to show that an SAE (and
CB-SAE) trained with the same method can be used to steer
different downstream tasks.

6.3. Analysis of our CB-SAE

Effect of CB neurons. In Table 2, we separately eval-
uate the interpretability and steerability of discarded and
retained SAE neurons, as well as CB neurons. We ob-
serve CB neurons have significantly higher interpretability
than SAE neurons. Whereas, CB neurons’ steerability is
worse than retained SAE neurons but significantly better
than discarded SAE neurons as well as all SAE neurons
(discarded+retained). Intuitively, the retained SAE neurons
contain many highly steerable neurons because steerability
(and interpretability) were used to prune SAE neurons.
Sensitivity to scores used for SAE pruning. In Fig. 5A,
we compare the CB-SAE performance while varying the
choice of metrics for SAE pruning: either interpretability
score or steerability score or both. We find that prioritizing
either score leads to some loss in performance on the other,
while using both scores gives balanced performance. This is
beneficial as users can choose the score or even design a new
score for pruning based on their target downstream usecase.
Sensitivity to no. of SAE neurons retained. In Fig. 5B, we
evaluate CB-SAE models trained with varying number of
SAE neurons retained after pruning using both interpretabil-
ity and steerability scores. We find that lower number of
SAE neurons retained leads to higher interpretability and
steerability scores. This is because pruning keeps a smaller
subset of SAE neurons with higher scores. However, further
reducing the number of SAE neurons would hurt perfor-
mance as reconstruction becomes more difficult.

Ablation study for steerability loss Ly. In Fig. 5C, we
analyze the impact of our proposed steerability loss Ly on
the CB-SAE. We observe similar interpretability with and
without L, which is significantly better than the SAE base-
line. And using Ly improves steerability by 2.9%, validating
its usefulness in CB-SAE training.

Visualizing retained SAE and CB neurons. We visualize
the distribution of CB neurons and retained SAE neurons
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Figure 7. 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.

uncCLIP
steered
output

w.r.t. interpretability and steerability scores in Fig. 6. Com-
pared to Fig. 3, the retained SAE neurons do not include low
interpretability/steerability neurons as per our SAE pruning
(Fig. 4, Step 2). Whereas the CB neurons have higher in-
terpretability and similar steerability scores to the retained
SAE neurons. Hence, there is potential to further improve
steerability by designing better or more task-specific losses.
Qualitative examples of steering. We report qualitative ex-
amples of steering LLaVA and UnCLIP with discarded SAE
neurons, retained SAE neurons, and CB neurons in Fig. 7.
We find discarded SAE neurons to be worse in steering than
retained SAE neurons, which is expected as pruning uses
the steerability score. Specifically, in the image-to-image
generator UnCLIP [40], we find steering the CB neurons
produce higher quality images compared to the SAE neurons
which often produce noisy images, likely due to the explicit
concept supervision in CB-SAE. We also highlight some
failure cases and partially correct steering for all neurons.

7. Conclusion

In this work, we made the first attempt to unify two comple-
mentary paradigms - SAEs for unsupervised concept discov-
ery and CBM for interpretable concept control - into a single
unified framework, CB-SAE. Motivated by insights derived
from our comprehensive analysis of SAEs in LVLMs, we
first pruned the low-utility neurons in the SAE. We then intro-
duced a light-weight CB module trained alongside the frozen,
retained SAE using three principled objectives. Across
vision-language (LLaVA) and image generation (UnCLIP)
tasks, CB-SAE consistently improves interpretability and
steerability, while enabling user-specified concept control.
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