© ® N O o A~ W N =

21
22
23
24
25
26
27
28
29
30

31
32
33
34
35
36
37

On the Role of Mechanistic Interpretability for
Vision-Language Prompt Learning

Anonymous Author(s)
Affiliation
Address
email

Abstract

Recent advances in mechanistic interpretability of vision-language models (VLMs)
such as CLIP propose using sparse autoencoders (SAEs) to discover monoseman-
tic, human-understandable features that explain CLIP’s internal representations.
Existing work using SAEs to probe VLMs primarily focuses on post-hoc inter-
pretability analysis. We posit that SAE-based interpretability methods are not
just probing tools, but can also serve as meaningful training guides for adapt-
ing VLMs to downstream tasks. To this end, we propose IPL (Interpretability-
Guided Prompt Learning), which leverages SAE decoders to extract interpretable
concept directions, composes them into prompt tokens via a learnable attention
selector, and injects the resulting tokens into both the vision and text encoder
layers of CLIP for adaptation. We further study how prompt tokens obtained
by probing vision-only, text-only, and unified concept directions from respective
interpretability methods affect performance on downstream tasks. We perform
extensive experiments across downstream settings such as base-to-novel general-
ization, domain generalization, cross-dataset transfer, and few-shot learning. While
IPL using vision-only and text-only concept directions obtains decent gains, IPL
with unified concept directions achieves the strongest results, outperforming prior
prompt-learning methods over 15 datasets across all downstream settings. Code:
https://anonymous.4open.science/r/IPL-34EF/

1 Introduction

Mechanistic interpretability (MI) research on vision-language models (VLMs) like CLIP [30] has
made rapid progress in the past years. Sparse autoencoders (SAEs) [23, 32, 2] have emerged as a
prominent tool in the MI toolkit and they have been shown to be able to decompose intermediate
representations of VLMs into human-understandable concept directions: dictionaries of features that
fire selectively on coherent semantic categories such as object parts, textures, or scene types, with
explicit per-input activation magnitudes that quantify each concept’s presence in any given image.
These tools have given researchers a better picture of what CLIP has learned. So far, however, this
growing toolbox has been used almost exclusively for post-hoc purposes like interpreting model
behavior after the model has been trained. Our central research question is can interpretability tools
act as a training guide for adapting VLM'’s like CLIP to different downstream settings?

We posit that this is exactly where mechanistic interpretability can be practically useful, and we
ground the question in a concrete use case, i.e., prompt learning. Prompt learning has emerged as
the dominant parameter-efficient strategy for adapting CLIP to downstream tasks, with approaches
like CoOp [45], MaPLe [20], and MMRL [15] introducing learnable prompt tokens at various
layers of CLIP. While effective, these prompts are opaque continuous vectors with no human-
interpretable semantics. Recent attempts to make prompts interpretable like CPL [42], ArGue [35],
IntCoOp [14], and IPO [10], do so by importing concepts from outside CLIP: querying language
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models or vision-language models for natural-language attributes and hard-coding them into the
prompt. The interpretability is thus outsourced to external tools; it does not engage with the rich
internal concept structure that mechanistic interpretability methods [23, 2, 32] have shown already
exists inside CLIP itself.

This gap motivates our central proposal. We treat SAE-derived concept dictionaries not as analytical
artifacts/probes but as a semantically grounded concept directions from which prompt tokens can
be composed. Rather than asking a large language model (LLM) to provide semantic attributes for
prompt tokens, we leverage CLIP’s own interpretable features (the same features that MI researchers
have already identified, labeled, and inspected) to guide the prompt-learning process. To this end, we
propose IPL (Interpretability-Guided Prompt Learning), a prompt-learning framework to adapt to a
dataset, that extracts a concept dictionary from a frozen SAE for that dataset, composes prompt tokens
as learnable attention-weighted combinations of those concepts, and projects the resulting tokens
into both vision and text encoder layers. A projection-preservation regularizer keeps prompt-token
geometry aligned with the underlying concept directions, so that the learned prompts remain anchored
to the interpretable concept directions they were composed from. The framework is agnostic to the
choice of SAE based probing methods: vision-only, text-only, and unified concept dictionaries can all
be plugged in.

Overall, our contributions and key findings can be summarized as follows:

* We introduce IPL, a prompt-learning framework that composes prompt tokens via attention over
interpretable concept directions and preserves their geometry through a projection preservation
regularizer. The framework is agnostic to the source SAE, supporting vision-only, text-only, and
unified concept dictionaries.

* Through this framework, we show that mechanistic interpretability tools can be use as a training
guide for vision-language prompt learning.

* We systematically study how the modality of interpretability signals (vision, text, or unified) affects
downstream performance, finding that unified signals from VL-SAE [32] produce the strong gains.

* Across four standard prompt-learning downstream task settings and 15 evaluation datasets, IPL
outperforms prior interpretable prompt-learning methods by up to +2.49% in harmonic mean on
base-to-novel generalization while remaining competitive with strong black-box prompt-learning
baselines.

2 Related Works

Mechanistic interpretability of vision-language models. Mechanistic interpretability aims to de-
compose neural computations into human-understandable circuits and features. Sparse autoencoders
(SAESs) [7] are a promising tool for this purpose: by reconstructing intermediate activations with
a sparse overcomplete dictionary, SAE decoder directions often capture monosemantic concepts.
PatchSAE [23] applies SAEs to CLIP vision-transformer residual streams to reveal patch-level visual
concepts. SpLiCE [2] decomposes CLIP image embeddings into sparse non-negative combinations of
text-aligned concept directions. VL-SAE [32] learns a unified latent concept space for image and text
inputs with modality-specific decoders. So far, these methods have mainly been used for post-hoc
interpretation. In contrast, IPL uses SAE-derived concept directions as a structured basis for prompt
learning, bridging mechanistic interpretability with downstream adaptation.

Prompt learning for vision-language models. CLIP [30], ALIGN [19], and related contrastive
vision-language models achieve strong zero-shot recognition using hand-crafted text prompts. Prompt
learning adapts these models efficiently to downstream tasks while preserving pretrained capabilities.
CoOp [45] learns continuous text prompts, and CoCoOp [44] makes them image-conditional to
reduce base-class overfitting. KgCoOp [40] regularizes prompts toward hand-crafted templates, while
ProDA [26] models prompt distributions for diverse class semantics. Multimodal methods such
as MaPLe [20] learn coupled vision-text prompts, while PromptSRC [4], MMA [39], TCP [41],
2SFS [11], and SkipT [37] improve generalization through regularization or architectural changes.
More recently, MMRL [15] injects multimodal representation tokens into intermediate layers, and
VaMP [5] learns sample-conditioned text prompts via variational inference. Despite their effectiveness,
these methods learn opaque continuous prompt vectors without human-interpretable semantics.

Interpretable prompt learning. A separate line of work improves prompt interpretability by using
human-readable concepts as prompt content. CPL [42] caches class-relevant concept descriptions
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Figure 1: a) We extract concept directions from the training set of dataset to be adapted. We use these
concept directions to contruct concept attention weighted prompt tokens. b) IPL prompt tokens are
projected at different layers in both text and vision encoder of CLIP. A projection regularization is
applied to ensure concept geometry after projection.

as context, while ArGue and ArGue-N [35] use GPT-3 to generate visual attributes per class (e.g.,
a long tail,” black paws”) and concatenate selected attributes into prompts. IntCoOp [14] extracts
attribute labels with BLIP-2 and aligns them with class embeddings during prompt tuning. IPO [10]
optimizes prompts in discrete token space so learned tokens remain natural-language phrases. Overall,
these methods rely on externally generated concepts or attributes, so interpretability comes from
the prompt input form rather than CLIP’s internal computation. In contrast, IPL derives concept
directions from inside CLIP using mechanistic interpretability methods, explicitly connecting prompt
learning to CLIP’s internal representations. Please refer to appendix Section E for detailed related
works.

3 Method.

Our approach IPL (Interpretability-Guided Prompt Learning) leverages mechanistic interpretability
to guide prompt learning for adapting VLMs such as CLIP [30] to downstream tasks like base to
novel generalization, domain generalization, cross-dataset evaluation and few-shot learning. We first
introduce preliminaries elucidating zero-shot classification, prompt learning with CLIP, and sparse
autoencoder-based interpretability probing in Sections 3.1.1 to 3.1.3 respectively. Then, we show
how our approach leverages CLIP-based mechanistic interpretability methods like VL-SAE [32],
PatchSAE [23] etc, to obtain vision, language and unified interpretability signals in Section 3.2.1, and
explain how we use the interpretability signals to guide construction of prompt tokens in Sections 3.2.2
and 3.2.3. In Section 3.2.4, we use the interpretability signal guided prompt tokens as learnable
representations and describe the training and inference process.

3.1 Preliminaries

3.1.1 Revisiting CLIP zero-shot classification.

CLIP consists of paired image encoder f, and text encoder f; trained contrastively to align image and
text embeddings in a shared latent space. Image encoding: Given an input image X € R#XWx3,
the visual transformer backbone [9] first patchifies X into M patch tokens, prepends a [CLS] class
token, and adds positional embeddings to obtain the input sequence X(©) € RM*dv with d,, = 768
for ViT-B/16. This sequence is processed by L transformer layers as

[CLS;, Xi] = fo(ICLSi—1, Xi_1]), Vie{l,--- L} M
The final image embeddings are obtained by applying layer normalization and a patch projection

layer P, to the [CLS] token of the last layer thus projecting the output of [CLS] token into shared
vision-language latent space.

feat, = P,(CLSL) feat, € R 2)

Text encoding: A textual prompt like “‘a photo of a [class]’’is tokenized and embedded, pro-
ducing G token embeddings wy = [w,wd,--- ,w§] € RG>, After processing through £ text
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transformer layers [w;] = fi([w;—1]); Vi € {1,---, L}, the text embedding features are obtained by
and passing through a final projection layer P;

feat, = P,(w¥)  feat, € R% 3)

Zero-shot classification For an image X and text prompts with class labels Y € {1,2,--- ,C}. the
prediction is decided by highest cosine similarity, using temperature coefficient 7:
Z} = arg max CeXp(Sim(.fﬁ’(ltv, featt)/?-) (4)
v Y., exp(sim(feat,, featy)/T)

3.1.2 Understanding prompt learning for efficient adaptation.

Hand-engineered prompts like ‘‘a photo of a [class]’’ that are used as inputs to CLIP are
often sub-optimal for downstream tasks on complex and fine-grained datasets as they may not
be aligned with the semantic context of different domains. One way out is to fine-tune CLIP on
prompts engineered for each domain but it can lead to catastrophic forgetting and is computationally
expensive. The alternative, prompt learning, introduces continuous learnable tokens either in the
input [20, 45, 44, 10, 42] or intermediate layers [15, 39, 5] for adapting CLIP to downstream tasks
without hand-engineering the prompts and keeping the CLIP’s encoder frozen. Existing approaches
differ in the layers and encoders in which these prompt tokens are inserted. Language prompt
learning introduces randomly initialized learnable prompt tokens I}, € RN consisting of N
tokens, into each H consecutive transformer layers he{J, J+H —1} of the text encoder f;, leaving
the rest of the layers unchanged. Similarly, vision prompt learning introduces N learnable prompt
tokens I} € RN *dv  Tn Multimodal prompt learning prompt tokens are added to both text and
vision branches. MaPLe [20] passes language prompt tokens to a learnable coupling function to
obtain vision prompts tokens, MMRL [15] proposes a learnable and shared representation space with
tokens initialized by sampling from gaussian distribution and uses a linear projection layer to get
vision and text branch prompt tokens, and VaMP [5] injects sample specific text prompts obtained by
variation inference conditioned on image features, and also simultaneously injects vision prompts.

3.1.3 Sparse-Autoencoder based mechanistic interpretability

Recent mechanistic interpretability studies [23, 32, 7] have shown that sparse autoencoders (SAE’s)
find highly interpretable features in their latent space. We will first elucidate the working mechanism
and terminologies for SAE’s and then define what constitutes a ""concept' and ''interpretability
signal". Sparse Autoencoder: Given an input image X to CLIP image encoder, h € R% is CLIP
vision encoder layer’s (I € L) representation. These are given as an input to SAE with encoder
Wene € RIvxK produces concept activations

z(h) = 0(hWene + bene) € RY, )
and decoder W gee € RE*%v reconstructs h from z
fl(Z(h)) = Wdecz(h) + bdecv (6)

Here, o is a non-negative activation (ReLU or TopK) inducing sparsity, benc and bgec are the bias
terms. The SAE is trained to minimize ||h—h(z(h))||24 ||z (h)]|| on a huge corpus of representations
(VL-SAE [32] is trained with CC3M dataset). K is dictionary size (typically K > d,. For instance,
in PatchSAE[23] K is 64 times the dimension of d, ). Each row W gec[i, :] is interpreted as concept
1’s direction in the SAE representation space. Each entry in z; measures concept ¢’s presence in h.

Definition 1 (Concept). Each SAE decoder row can be viewed as a candidate concept feature with a
unit-norm direction. Wi, ]
dec|?s dy .

v, TWoaedli I € R%, ie{l,...,K}, @)
Consider an image X of a dog passed through CLIP, yielding a residual-stream represen-
tation h € R%. A sparse autoencoder trained on CLIP’s residuals might yield a con-
cept dictionary containing candidate concept directions that can be empirically annotated as
Viurs Viour-legged Viails Vsky> Vindoor scene - - -» based on the training images on which the correspond-
ing SAE latent activates strongly. Thus, each candidate concept feature is paired with an evidence set
of training images supporting its semantic interpretation.
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Definition 2 (Interpretability Signal). Given a representation h € R% and a candidate concept
feature direction v, the interpretability signal for v; on h is defined as the corresponding SAE latent
activation

2i(h) = 0 (Wenc[:,d] "h + benc,i) € Rz, ®)
i.e., the i-th entry of z(h) in Equation (5). The signal z;(h) serves as an input-dependent activation
score for the candidate concept feature v;. Interpretability signals are therefore input-dependent: the
same candidate concept feature can produce different signal magnitudes for different representations.

Vision, text, and unified interpretability signals. The interpretability methods we use yield three
modalities of signal, distinguished by which CLIP encoder produces the representation h that drives
concept activation. Vision interpretability signals: are obtained by running images through CLIP’s
vision encoder and reading concept activations from a vision-side SAE. Methods like PatchSAE [23],
VL-SAE-vision [32] operate in this mode. Text interpretability signals: are obtained by running
per-class textual prompts through CLIP’s text encoder and reading activations from a text-side SAE.
Methods like VL-SAE-text [32] operate in this mode. Unified interpretability signals: constitute a
unified concept set obtained by leveraging both image and text embeddings from CLIP. VL-SAE-
unified [32] instantiates this construction.

3.2 Interpretability Guided Prompt Learning

3.2.1 Extracting concepts from interpretability methods

Given a frozen sparse autoencoder provided by any CLIP [30] based mechanistic interpretability
method (we use pretrained SAE provided by VL-SAE [32] and PatchSAE [23]), we construct an
interpretable concept dictionary E € R¥*4v L C K, where each row of E is a concept direction
(Definition 1) corresponding to a human-meaningful concept in CLIP’s residual-stream space. The
construction of E has three steps.

Computing mean interpretability signal. Let Dy,,. denote the base-class training set, comprising
images and their associated class prompts. We forward each sample through the CLIP encoder then
pass the resulting representation h through the SAE encoder to obtain per-sample interpretability
signals z(h) over the SAE’s full dictionary of K concepts (Definition 2). So for S samples in Dyyse,
we then compute its mean signal z; across all samples in Dy, yielding a per-concept mean signal:

. s
Z(h) =322, (2i(h))
We refer to z(h) as a vision signal when h is produced by the image encoder, a fext signal when h is

produced by the text encoder, and a unified signal when the two are concatenated to obtain a unified
concept activation.

Top-k selection. We retain the indices Z of the top-k, where k& C K obtained by mean signal
magnitude |Z(h)|. The resulting concept dictionary is

E = Wy [Z,:] € RF*d, 9)

We instantiate three modality variants : Ei8" is constructed using the SAE decoder weights ranked
by mean of image interpretability signals, E*** is constructed using the SAE decoder representations
ranked by mean text interpretability signals on per-class textual prompts, and E"ifd is constructed
using the SAE decoder representations ranked by unified interpretability signals like VL-SAE [32]
encoder is trained to produce unified interpretability signals in the shared latent space from both
vision and text inputs.

3.2.2 Interpretability signal guided prompt tokens

We introduce N learnable representation queries Q = [qi; .. .; qas] € RM*4v trained jointly with
the rest of the prompt-learning objective. Unlike prior works like [15, 5] which uses Gaussian-
initialized free-form representations, our queries select content from the frozen interpretable dictionary
E via attention. For each rep-injection layer ¢ € L transformer layers, we instantiate a multi-head

attention selector MHA ) that attends from Q to E:
1) = MHAY(Q,E,E) € RV*d, (10)

where Q provides the queries and E provides both keys and values. Each row of I(¥) is a layer-specific
prompt token expressed as an attention-weighted combination of interpretable concepts.
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3.2.3 Projecting prompt tokens into encoder layers

The prompt tokens I(©) live in CLIP’s vision-encoder residual space (d,) and must be projected
into the form expected at each injection layer in both the vision and text encoders. We employ two
per-layer projections:

IO = 20O A1) e RN*d and 1Y = r2t@ 10)) ¢ RN ¥de (11)

where 720 is a linear map preserving residual width and r2t(*) projects to the text encoder width
d;. The projected tokens are concatenated to the existing token sequence at layer ¢ in their respective
encoders as defined in Section 3.1.2

3.2.4 Learning with projected prompt tokens

Training. For an image-class pair (x, y), IPL produces two complementary classification logits. The
first reflects the standard image-text similarity using the [CLS] embedding.

exp(sim(feat,,, featgc))/T)
Zf’;l exp(sim(feat,, featgi))/T) 7
(e)

where feat, and feat, ’ denote [CLS] token projection and CLIP text projection features computed
with prompt tokens injected at layers £, and 7 is CLIP’s learned temperature coefficient.

15 (x) =

(12)

The second logit derives image features from the prompt tokens themselves: we take the mean-pooled
prompt-token output at the final injection layer, denoted I(x) = mean(I(x)), and use it in place of
the CLS-derived image feature:

exp(sim(i(x),featgc))/T) .
Zic;l exp(sim(I(x), featiz))/r)

Projection-preservation regularization. A naive linear projection performed to obtain prompt
tokens (as described in Section 3.2.3) can rotate concept structure arbitrarily, decoupling the prompt
tokens’ geometry from I’s interpretable structure. To encourage the projections to preserve concept
geometry, we introduce a projection-preservation loss:

1) (x) = (13)

1
Lproj = m Z ( 1 —cos (7‘2@“) (ISJ‘*)), Ig)) +1—cos (7”215(‘3) (Ig)), I,E”) ), (14)
LeLl
vision: cosine alignment(LY, ) text: cosine alignment(L? )

where cos(-, -) averages cosine similarity row-wise. The vision term encourages r20® to act near-
identically on Igf), while the text term preserves the pairwise similarity structure of Iy) under 2t
even though dimensionality changes. Together, these constrain the projections to keep prompt-token

geometry similar to concept directions.

Our training objective is the Lagrangian with « balancing the two cross-entropy objectives, and Ay
is the projection-preservation loss weight tuned per dataset:

»C =« CCE(lclsv y) + (]— - a) ﬁCE(lrepa y) + )\proj »Cproj~ (15)

The trainable parameters are: queries Q in layer-specific selectors {MHA(O }, and projections

{1"211([), r2t () }. CLIP’s encoders, E, and the interpretability methods’ parameters remain frozen
throughout training.

Inference. For base-class evaluation, we use the fused logits avleis + (1 — o) Liep to leverage both the
standard and rep-token classification signals. For novel-class evaluation, we use only 1, since rep
tokens are trained on base classes and may bias predictions toward seen categories. This asymmetry
preserves the zero-shot transfer capability of the underlying CLIP alignment for unseen classes.

4 Experiments

We evaluate IPL on four standard downstream tasks for prompt learning: base-to-novel generalization,
few-shot learning, domain generalization, and cross-dataset transfer.
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Table 1: Base-to-novel generalization accuracies (B: Base, N: Novel, H: Harmonic Mean) compared
to state-of-the-art interpretable and blackbox methods. Bold indicates best overall and underline
indicates best interpretable method. Note: the average reported in this table is over all 11 datasets,
please refer to Section A for detailed results with on other datasets.

Method Average ImageNet StanfordCars SUN397 UCF101
B N H B N H B N H B N H B N H
CPL [42] 84.38 78.03 81.08 78.74 72.03 7524 79.31 76.65 77.96 81.88 79.65 80.75 86.73 80.17 83.32
» IPO[10] 79.92 80.51 80.21 77.83 7245 75.04 73.42 7571 74.55 81.25 80.92 81.08 85.32 80.92 83.06
3@ IntCoOp' [14] 8320 78.72 80.75 75.99 72.67 7429 77.04 76.32 76.67 81.63 79.33 80.46 86.76 79.42 82.92
§ ArGue-N[35] 83.77 78.74 81.18 76.95 71.86 74.32 75.06 74.18 74.62 81.89 80.48 81.18 86.00 79.43 82.58
S IPL (Vision)  85.80 77.15 81.25 78.30 70.80 74.36 81.10 7520 78.04 83.00 79.20 81.06 88.60 79.90 84.03
= IPL (Text) 85.75 76.59 80.91 78.40 70.70 74.35 81.40 75.50 78.34 83.10 79.40 81.21 88.80 80.00 84.17
IPL (Unified) 86.26 81.23 83.67 79.30 74.50 76.83 81.90 80.40 81.14 83.00 82.10 82.55 89.30 85.80 87.52
CLIP [30] 69.34 74.22 71.70 72.43 68.14 70.22 63.37 74.89 68.65 69.36 7535 7223 70.53 77.50 73.85
CoOp [45] 82.69 63.22 71.66 76.47 67.88 71.92 78.12 60.40 68.13 80.60 65.89 72.51 84.69 56.05 67.46
CoCoOp [44] 80.47 71.69 75.83 7598 70.43 73.10 70.49 73.59 72.01 79.74 76.86 78.27 82.33 7345 77.64
ProDA [26] 81.56 7230 76.65 7540 70.23 7272 7470 71.20 7291 78.67 7693 77.79 85.23 71.97 78.04
.. KgCoOp [40] 80.73 73.60 77.00 75.83 69.96 7278 71.76 75.04 7336 80.29 76.53 7836 82.89 76.67 79.65
S MaPLe [20] 82.28 75.14 78.55 76.66 70.54 73.47 7294 74.00 73.47 80.82 78.70 79.75 83.00 78.66 80.77
< PromptSRC [4] 84.26 76.10 79.97 77.60 70.73 74.01 78.27 7497 76.58 82.67 78.47 80.52 87.10 78.80 82.74
?2 TCP [41] 84.13 75.36 79.51 77.27 69.87 73.38 80.80 74.13 77.32 82.63 78.20 80.35 87.13 80.77 83.83
MMA [39] 83.20 76.80 79.87 77.31 71.00 74.02 78.50 73.10 75.70 82.27 78.57 80.38 86.23 80.03 82.20
2SES [11] 85.55 75.48 80.20 77.71 70.99 7420 82.50 74.80 78.46 82.59 7891 80.70 87.85 78.19 82.74

SkipT [37] 85.04 77.53 81.11 77.73 70.40 73.89 8293 72.50 77.37 82.40 79.03 80.68 87.30 82.47 84.81
MMRL [15] 85.68 77.16 81.20 77.90 71.30 74.45 81.30 75.07 78.06 83.20 79.30 81.20 88.10 80.07 83.89
VaMP [5] 86.45 78.67 82.37 7898 73.45 76.11 83.78 80.14 81.91 83.37 78.95 81.09 88.52 78.99 83.48

Additional analyses in the appendix. Due to space constraints, several supporting analyses are
deferred to the appendix: (i) loss-component ablations (Section C.1), (ii) the effect of prompt-
token injection layers (Section C.2), (iii) the effect of concept-dictionary size (Section C.3) k, (iv)
sensitivity to the loss weights v and Apro; (Section D), (v) the effect of the number of prompt tokens
(Section D.2), (vi) the effect of the layer range used for prompt-token injection (Section C.2), (vii)
a computational complexity analysis (Section C.4), and (viii) IPL’s performance across different
SAE-based interpretability tools (Section D.1).

4.1 Experimental Settings

Datasets. We evaluate on the 15 standard image-classification datasets used by the prompt-learning
literature: For Base to novel generalization, Few-shot Learning, and cross-dataset evaluation we use
11 datasets ImageNet [8], Caltech101 [22], OxfordPets [29], StanfordCars [21], OxfordFlowers [28],
Food101 [3], FGVCAircraft [27], SUN397 [38], DTD [6], EuroSAT [16], and UCF101 [33]. For
domain generalization we use ImageNetV2 [31], ImageNet-Sketch [36], ImageNet-A [18], and
ImageNet-R [17] as target domains.

Interpretability Methods. We instantiate IPL with three interpretability tool variants. VL-SAE [32]
provides three modalities: VL-SAE-vision (vision decoder), VL-SAE-text (text decoder), and VL-
SAE-unified (concatenation of both decoders, see Section 3.2.1).

Hyperparameter details. All IPL runs use N = 5 representation tokens, o = 0.7, soft injection
mode, and inject prompt tokens at layers L., = {6,7,8,9,10,11,12} in both vision and text
encoders. We train for 10 epochs with a learning rate of 0.0035 (cosine schedule, 1-epoch warmup),
batch size 4, and SGD optimizer following the convention of MMRL [15]. All our experiments
use CLIP ViT-B/16 as the frozen vision-language backbone. Image and text encoder weights from
OpenAlT’s released checkpoints are used throughout, with no fine-tuning of CLIP at any point. All
experiments use 16-shot training and results reported over 3 seeds.

Baselines. We compare IPL against two categories of baselines. black-box prompt-learning: which
inject randomly initialized prompt tokens into CLIP encoder layer and optimize over them like
zero-shot CLIP, CoOp [45], CoCoOp [44], MaPLe [20], PromptSRC [4], MMA [39], TCP [41],
2SES [11], SkipT [37],MMRL [15], and VaMP [5]. interpretable prompt-learning: which inject the
LLM queries attributes into CLIP encoder layers and optimize over them like CPL [42], ArGue-N [35],
IntCoOp [14], and IPO [10]. Numbers are reported from original papers.
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4.2 Results and Discussion

Base to novel generalization In this experiment,
we split each dataset equally into base and novel
classes across 11 datasets. During training, only
the base classes are used, while evaluation is per-
formed on both base and novel classes. This set-
ting allows us to examine how interpretability-
signal-guided prompts affect VLM generalization
to both seen and unseen classes.

In Table 1, we report the performance of IPL using
vision-only interpretability signals (IPL(vision)),
text-only interpretability signals (IPL (text)), and
unified interpretability signals (IPL (unified)). We
observe that IPL (vision) and IPL (text) achieve
gains over previous interpretable prompt-learning

/
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g '/_/o =e= IPL (Ours) PromptSRC
& 661 . —e— CoOp —— MMA
T 64 / —== CoCoOp  —+— MMRL
P —— MaPLe
621, ; :
1 2 4 8 16
Number of shots

Figure 2: Few-shot performance on ImageNet
under the base-to-novel protocol. IPL consis-
tently improves harmonic mean over base and
novel classes across shot counts, with the largest

methods on the base and novel classes for a few
datasets, such as StanfordCars[21], UCF101[33],
and Caltech101[22]. On average, they also im-
prove base-class performance. However, their performance comparatively drops on several other
datasets, particularly on novel classes. This is likely because interpretability signals derived from a
single modality may not be sufficient to produce well-aligned logits that improve generalization.

gain at 16 shots. Shaded bands denote =+ std over
3 seeds.

In contrast, IPL with unified signals achieves the strongest average results on both base and novel
classes. Notably, IPL (unified) also outperforms the black-box state-of-the-art method VaMP on sev-
eral datasets, including ImageNet[8], Caltech101[22], OxfordPets[29], Food101[3], and UCF101[33].

Domain generalization In this
experiment, we evaluate whether
interpretability-guided prompt learn-
ing enables VLMs to generalize to
distribution shifts during inference.
We use ImageNet as the source
dataset for training and evaluate the

Table 2: Domain generalization. All methods are trained on
ImageNet (16-shot, ViT-B/16) and evaluated on four Ima-
geNet variants. Results are top-1 accuracy (%). Best and
second-best per column. The leftmost column groups meth-
ods into Interpretable (concept/attribute-based prompt learn-
ing) and Blackbox (other prompt learning).

learned model on target ImageNet Method IS"“’;e R f"get n - R
. . . ¢ - -Sket - - .
variants, including ImageNet-V2[31], — =" aee e o i
Ketchl36 I N < ICoOp! [14] 7185 6521 4920 5155 7688  60.71
ImageNet-Sketch[36], mageNet- 5 arGue-N'(35] 7184 6502 4925 5147 7696 6068
A[18], and ImageNet-R[17]. Table 2 X 1PL (Vision) 73.63 <orr 64.93 -0 48.10 <um 51.90 205 75.90 205 60.20 ~oos
shows that IPL (vision) and IPL £ IPL(Textf 7357 sun 64.77 2o 48.07 cum 5173 2o 75.67 cuxs 60.06 <o
(text) achieve strong source-domain = IPL (Unified) 74.50 son 65.83 -on 50.17 c0n 52.13 con 77.87 s00 6150 00
g CLIP [30] 6673 6083 4615 4777 7396 5718
accuracy on ImageNet, but show . CoOp [45] 7151 6420 4799 4971 7521  59.28
Shghtly weaker genera]izaﬁon on S CoCoOp [44] 71.02 64.07 48.75 50.63 76.18 59.91
I Net-V2. I Net-Sketch. and < MaPLe [20] 7072 6407 4915 5090 7698 6026
mageNet-vz, ImageNet-oketeh, and = ponpisre 41 7127 6435 4955 5090 7780 60.65
ImageNet-R compared to previous MMRL [15] 7203 6447  49.17 5120 7753 60.59
VaMP [5] 7283 6496 4969 5197 7801 6116

interpretability-based state-of-the-art
methods. IPL (unified) achieves strong results, outperforming prior interpretability-based
state-of-the-art methods across all target domains and on the average target-domain accuracy.

Few-shot learning In this experiment, we evaluate IPL’s ability to adapt under different few-shot
regimes using all the classes of ImageNet dataset. From Figure 2 We observe that IPL (unified)
consistently outperforms previous baselines across different numbers of shots. Since only a limited
number of prior methods report few-shot learning results, we compare IPL against the baselines for
which such evaluations were reported. Results on other datasets in Section B.

Cross-dataset evaluation In this experiment, we evaluate the transferability of IPL to different
target datasets during evaluation. Following the setting of CoCoOp [44], we train the source model
on ImageNet and evaluate its performance on 10 other datasets at inference time in the few-shot
setting as shown in Table 3. Similar to trends observed in base-to-novel generalization and domain
generalization, IPL (unified) achieves the better overall performance across the target datasets.
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Table 3: Cross-dataset transfer. All methods are trained on ImageNet (16-shot, ViT-B/16) and
evaluated zero-shot on 10 downstream datasets. Top-1 accuracy (%) averaged over 3 seeds. The
methods are grouped into Interpretable and Blackbox.

Source Target
~ 1) 4%7 Q
5 S g S S
2 5 g g z S . 5 < 5
g g 5 g g 5 g g a g Z
g 5 5 5 5 g £ 5 £ 5 &
Method £ S S & & IS < & Q I3 IS Avg.
% CPL[42] 7353 9552 9164 6617 7335  87.68 2736 6824 4896 5125 7052  68.07
S PO [10] 7215 9434 9096 6610 7275 8675 2514 6797 4701 4856 6923  67.36
§ IPL (Vision)  73.70+005 94.80+061 91.60+057 65.20+050 72.204031 85.20+£029 25.30+026 66.60+024 44.90£163 53.80+306 68.60+073 66.82+033
§ IPL (Text) 73.60+005s 94.90+042 91.30+037 65.00+045 72.80+083 84.90+0.12 26.00+059 66.60+£031 45.00+037 54.50+421 68.40+046 66.94+045
= IPL (Unified) 73.70=008 95.90-03 91.30033 66.80+07 73.40=005 87.60+017 27.40£000 68.80=£0.43 45.90-£0.43 54.50+424 70.702066 68.23=0.60
CoOp [45] 7151 9370  89.14 6451 6871 8530 1847 6415 4192 4639 6655  63.88
CoCoOp [44] 7102 9443  90.14 6532 7188 8606 2294 6736 4573 4537 6821 6574
5 MaPLe [20] 7072 93.53 9049 6557 7223 8620 2474 6701 4649 4806  68.69  66.30
= PromptSRC [4] 7127 93.60 9025 6570 7025 8615 2390 6710 4687 4550 6875  65.81
£ TCP [41] 7140 9397 9125 6469 7121  86.69 2345  67.15 4435 5145 6873  66.29
2 MMA [39] 7100 9380 9030 6613 7207 8612 2533  68.17 4657 4924 6832  66.61
MMRL[15] 7203 9467 9143 6610 7277 8640 2630  67.57 4590  53.10 6827  67.25
VaMP [5] 7283 9496 9179 6610 7318 8697 2676  68.04 4682 5382 6893  67.74
S Qualitative Analysis
Qualitative visualization. Figure 3 traces the in-
terpretability chain that IPL exploits for prompt ‘(h) E “““ “ _ Concept Contibtions to Patch Tokens ()
construction, illustrated on an Oxford Flowers { "% © ‘"] oo
dataset. We use VL-SAE [32] as the interpretabil- | 32 thomytip R ——r
: : : : i 3.01 yellow petal ! ol rosetts %6
ity tool, which pI‘OYIdCS a pretrained shared la- | 370 Glcia ! i = N
tent space along with human-readable concept : 272 roundedpetal b) cosine simariy
. . .. 1 213 thorny stem !
labels for each decoder direction. Initially We | Vo) radiaistipes | without oL (NavecLIP)  With 1PL
rank concepts by mean SAE activation Z;(h) over | 130 leaflobe : ' '
) .. . 1 1.28 slender petal H
the dataset’s base classes (Definition 2) yields | |7y smooth margin !
the unit-norm directions v; € E"ified that pop- | 087 whiteraypeal
s L. . R ' 042 glossy floret tips
ulate IPL’s concept dictionary, which are visu- ; ;
ally meaningful and dataset-relevant (pointed flo- ._ i

ret tips, pinched bud). A learned prompt token
1) at injection layer ¢ then composes these direc-
tions via attention, with cosine contributions re-
vealing that I(¥) re-weights concepts beyond their
raw activation ranking, indicating that the multi-
head attention selector learns task-discriminative
combinations rather than just copying z(h). Com-
paring Grad-CAM saliency, vanilla CLIP attends
to semantically irrelevant regions, while IPL con-
centrates on the flower head, suggesting that
interpretability-guided prompts induce more se-
mantically grounded attention.

6 Conclusions

a) Concept directions

C) Grad-cam Visualization

Figure 3: (a) top-ranked concept directions in
E with mean activations z(h) on oxford flowers
dataset, (b) contributions of these concepts to a
learned prompt token I in terms of cosine simi-
larity, and (c) Grad-CAM heatmaps showing that
IPL focuses attention on the semantic features
flower head while naive CLIP does not.

We presented IPL, a prompt-learning framework that leverages SAE based mechanistic interpretability
tools as active training guides. By extracting concept directions from frozen sparse autoencoders,
composing them into prompt tokens via learnable attention selector, and preserving their geometry
through a projection regularizer, IPL grounds prompt learning in CLIP’s own interpretable structure
rather than externally generated attributes. Across base-to-novel generalization, domain generaliza-
tion, cross-dataset transfer, and few-shot learning, IPL with unified concept directions performs better
in average accuracy compared to most of the previous state-of-the-art methods. As a limitation we
acknowledge that IPL’s effectiveness depends on the quality of the underlying interpretability tool.
For detailed analysis of our other limitations please refer to appendix Section C.4.
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Appendix

A Base to novel generalization results

Table 4: Comparison with state-of-the-art methods on base-to-novel generalization across 11 datasets
Methods are grouped into Interpretable and Blackbox. Our method (IPL) is reported using vision-only,
text-only and unified interpretability signals using VL-SAE[32]. Bold indicates best per column and
underline indicates second-best per column. Delta rows show absolute accuracy-point change over
ArGue-N, with positive gains in green and negative changes in red. TIntCoOp does not report DTD;
its average in the source paper is over 10 datasets.

Method Average Caltech101 OxfordPets Flowers102
B N H B N H B N H B N H
CPL [42] 84.38 78.03 81.08 98.35 95.13 96.71 95.86 98.21 97.02 98.07 80.43 88.38
IPO [10] 79.92 80.51 80.21 97.32 95.23 96.26 95.21 98.23 96.70 96.78 78.32 86.58
IntCoOp [14] 83.20 78.72 80.75 97.80 94.76 96.25 95.92 98.20 97.04 97.82 75.54 85.24
2 ArGue-N [35] 83.77 78.74 81.18 98.63 94.70 96.63 96.23 98.59 97.40 98.62 77.96 87.08
§ IPL (Vision)  85.8010.42 77.154+1.09 81.25 99.10£0.19 95.50+0.75 97.27 95‘90i0‘24 97.704+0.60 96.79 98. 70i0 09 76.60+0.45 86.26
£ A vs ArGue-N +2.03 -1.59 +0.07 +0.47 +0.80 +0.64 -0.2 -0.89 -0.61 -1.36 -0.82
& IPL (Text) 85. 75:!:0 36 76. 59:!:0 83 80.91 99. 30:i:()2] 94.5040.38 96.84 96. 3()j:0 33 97. lO:tO 59 96.70 98. 60:I:() 16 77.10£0.57 86.53
= A vs ArGue-N 1.98 -0.27 67 -0.20 +0.21 +0.07 -0.70 -0.86 -0.55
IPL (Unified) 86. 26i0 40 81.. 23i1 05 83.67 99.. 50i0 24 96.40+0.75 97.93 96.60+£0.62 98. 60i0 29 97.59 98.80i0 37 81.80+0.38 89.50
A vs ArGue-N +2.49 +2.49 +2.49 +0.87 +1.70 +1.30 +0.37 +0.01 +0.19 +0.18 +3.84 +2.42
CLIP [30] 69.34 7422 71.70 96.84 94.00 95.40 91.17 97.26 94.12 72.08 77.80 74.83
CoOp [45] 82.69 63.22 71.66 98.00 89.81 93.73 93.67 95.29 94.47 97.60 59.67 74.06
CoCoOp [44] 80.47 71.69 75.83 97.96 93.81 95.84 95.20 97.69 96.43 94.87 71.75 81.71
ProDA [26] 81.56 72.30 76.65 98.27 93.23 95.68 95.43 97.83 96.62 97.70 68.68 80.66
=z KgCoOp [40] 80.73 73.60 77.00 97.72 94.39 96.03 94.65 97.76 96.18 95.00 74.73 83.65
§ MaPLe [20] 82.28 75.14 78.55 97.74 94.36 96.02 95.43 97.76 96.58 95.92 72.46 82.56
3 PromptSRC [4] 84.26 76.10 79.97 98.10 94.03 96.02 95.33 97.30 96.30 98.07 76.50 85.95
= TCP [41] 84.13 75.36 79.51 98.23 94.67 96.42 94.67 97.20 95.92 97.73 75.57 85.23
MMA [39] 83.20 76.80 79.87 98.40 94.00 96.15 95.40 98.07 96.72 97.77 75.93 85.48
2SFS [11] 85.55 75.48 80.20 98.71 94.43 96.52 95.32 97.82 96.55 98.29 76.17 85.83
SkipT [37] 85.04 77.53 81.11 98.50 95.33 96.89 95.70 97.87 96.77 98.57 75.80 85.70
MMRL [15] 85.68 77.16 81.20 98.97 94.50 96.68 95.90 97.60 96.74 98.97 77.27 86.78
VaMP [5] 86.45 78.67 82.37 98.95 95.96 97.43 96.95 95.24 96.08 98.96 83.97 90.85
Method Food101 FGVCAircraft DTD EuroSAT
B N H B N H B N H B N H
CPL [42] 91.92 93.87 92.88 42.27 38.85 40.49 80.92 62.27 70.38 94.18 81.05 87.12
IPO [10] 90.92 93.08 91.99 41.21 41.42 41.31 82.14 66.81 73.69 94.25 80.11 86.61
IntCoOp" [14] 91.45 91.99 91.72 38.55 35.90 37.17 - - - 95.26 78.01 85.77
2 ArGue-N [35] 91.42 92.40 91.91 41.29 38.80 40.01 80.33 67.03 73.08 95.10 90.68 92.84
§ IPL (Vision) ~ 90.7040.12 91.50£0.05 91.10 46. 30i0 66 38. ZOiI .02 41.86 86. IOiO 61 64. 50i1,55 73.75 96. ()()iO 53 79.60+£6.25 87.03
s A vs ArGue-N -0.72 -0.90 -0.81 60 +1.85 5.77 3 +0.67 90 -11.08 -5.81
S IPL (Text) 90.9040.22 91.50+0.00 91.20 45. 90il 25 37. 90i0 62 41.52 85. OOiO 39 64. 7 73.47 95. GOiO 42 74.104+4.78 83.49
=S A vs ArGue-N -0.52 -0.90 -0.71 61 -0.90 +1.51 +0.39 +0.50 -16.58 -9.35
IPL (Unified) 90.6010.05 97.7040.05 94.02 46. 50j:0 57 42.20£0.70 44.25 86. 30j:0 29 66.5 75.12 97.101+0.48 87.50+5.34 92.05
A vs ArGue-N  -0.82 530 4211 4521 1340  +4.24 4597 0. $2.04 42,00 318 -0.79
CLIP [30] 90.10 91.22 90.66 27.19 36.29 31.09 53.24 59.90 56.37 56.48 64.05 60.03
CoOp [45] 88.33 82.26 85.19 40.44 22.30 28.75 79.44 41.18 54.24 92.19 54.74 68.69
CoCoOp [44] 90.70 91.29 90.99 33.41 23.71 27.74 77.01 56.00 64.85 87.49 60.04 71.21
ProDA [26] 90.30 88.57 89.43 36.90 34.13 35.46 80.67 56.48 66.44 83.90 66.00 73.88
5 KgCoOp [40] 90.50 91.70 91.09 36.21 33.55 34.83 77.55 54.99 64.35 85.64 64.34 73.48
£ MaPLe [20] 90.71 92.05 91.38 37.44 35.61 36.50 80.36 59.18 68.16 94.07 73.23 82.35
3 PromptSRC [4] 90.67 91.53 91.10 42.73 37.87 40.15 83.37 62.97 71.75 92.90 73.90 82.32
= TCP [41 90.57 91.37 90.97 41.97 3443 37.83 82.77 58.07 68.25 91.63 74.73 82.32
MMA [39] 90.13 91.30 90.71 40.57 36.33 38.33 83.20 65.63 73.38 85.46 82.34 83.87
2SFS [11] 90.71 91.34 91.02 47.48 35.51 40.63 84.60 65.01 73.52 96.91 67.09 79.29
SkipT [37] 90.67 92.03 91.34 45.37 37.13 40.84 83.77 67.23 74.59 92.47 83.00 87.48
MMRL [15] 90.57 91.50 91.03 46.30 37.03 41.15 85.67 65.00 73.82 95.60 80.17 87.21
VaMP [5] 92.77 93.16 92.96 46.77 41.13 43.76 86.14 67.20 75.50 95.78 77.21 85.49

Table 1 reports IPL’s base-to-novel results on the remaining datasets, complementing the subset
shown in the main paper (Table 4). The trends mirror those in the main results: IPL with unified
concept directions consistently achieves the strongest harmonic mean, while the vision-only and
text-only variants remain competitive with prior interpretable prompt-learning methods.

B Results on few shot learning other datasets.

In Table 5, we study performance of few-shot learning with (1, 2, 4, 8, and 16) shots for different
datasets. We observe that IPL performs better than previous blackbox based prompt learning methods.
Note that interpretability based prompt learning methods do not provide results for few-shot learning.
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Table 5: Few-shot classification accuracies across selected datasets under 1, 2, 4, 8, and 16 shots.

M Average Caltech101 OxfordPets Flowers102
ethod

1 2 4 8 16 1 2 4 8 16 1 2 4 8 16 1 2 4 8 16
IPL (Vision) 69.51 72.54 77.06 81.15 84.62 93.93 94.63 95.57 96.37 96.63 88.10 91.33 9270 93.20 93.77 76.50 83.23 88.90 94.57 96.93
IPL (Text) 69.47 72.82 76.15 80.75 84.95 93.97 94.43 95.77 96.13 96.63 88.30 90.97 93.03 92.53 93.80 76.40 83.53 89.97 94.50 96.97
IPL (Unified) 74.03 77.29 80.47 82.54 87.07 93.73 94.53 96.80 96.53 97.73 90.60 91.83 92.83 93.13 94.80 86.37 91.33 95.77 96.50 98.90
Linear probe CLIP [30] 48.72 60.44 70.51 76.41 80.51 79.88 89.01 92.05 93.41 9543 44.06 5837 71.17 78.36 8534 69.74 85.07 92.02 96.10 97.37
CoOp [45] 67.34 71.37 74.85 77.87 80.99 92.60 93.07 94.40 94.37 95.57 90.37 89.80 92.57 91.27 91.87 77.53 87.33 92.17 94.97 97.07
CoCoOp [44] 65.63 66.21 71.21 73.35 75.88 93.83 94.82 94.98 95.04 95.16 91.27 92.64 92.81 9345 93.34 72.08 75.79 78.40 84.30 87.84
MaPLe [20] 70.88 74.28 77.31 80.49 83.32 92.57 93.97 94.43 9520 96.00 89.10 90.87 91.90 92.57 92.83 83.30 88.93 92.67 95.80 97.00
PromptSRC [4] 73.36 76.42 79.72 82.04 84.40 93.67 94.53 9527 95.67 96.07 92.00 92.50 93.43 93.50 93.67 8593 91.17 93.87 96.27 97.60
MMA [39 69.55 72.48 77.51 80.91 84.38 92.90 94.00 94.33 95.37 96.33 91.23 91.97 92.23 92.77 93.23 83.60 90.30 93.00 95.97 97.97
MMRL [15] 73.83 77.37 80.71 82.95 86.09 94.17 94.83 96.03 96.27 97.13 90.87 91.57 92.57 93.03 93.83 85.97 91.20 94.60 96.60 98.40
Method Food101 FGVCAircraft DTD EuroSAT

1 2 4 8 16 1 2 4 8 16 1 2 4 8 16 1 2 4 8 16
IPL (Vision) 85.13 85.47 86.23 86.97 87.50 29.10 34.40 37.47 44.17 5270 5243 56.93 64.93 69.58 73.87 61.40 61.77 73.63 83.20 90.93
IPL (Text) 85.07 85.47 86.27 87.03 87.43 28.80 34.43 37.40 44.27 54.33 50.07 56.90 64.63 69.87 74.23 63.67 64.03 65.97 80.93 91.27
IPL (Unified) 85.10 85.40 86.17 86.87 87.47 29.17 35.30 39.37 46.93 59.60 56.50 60.03 66.07 69.60 75.03 76.73 82.60 86.30 88.23 95.97
Linear probe CLIP [30] 43.96 61.51 73.19 79.79 82.90 19.61 26.41 32.33 39.35 4536 34.59 40.76 55.71 63.46 69.96 49.23 61.98 77.09 84.43 87.21
CoOp [45] 4.33 84.40 84.47 82.67 84.20 21.37 26.20 30.83 39.00 43.40 50.23 53.60 58.70 64.77 69.87 54.93 65.17 70.80 78.07 84.93
CoCoOp [44] 85.65 86.22 86.88 86.97 87.25 12.68 15.06 24.79 26.61 31.21 48.54 52.17 55.04 58.89 63.04 5533 46.74 65.56 68.21 73.32
MaPLe [20] 80.50 81.47 81.77 83.60 85.33 26.73 30.90 34.87 42.00 48.40 52.13 55.50 61.00 66.50 71.33 71.80 78.30 84.50 87.73 92.33
PromptSRC [4] 84.87 8570 86.17 86.90 87.50 27.67 31.70 37.47 43.27 50.83 56.23 59.97 65.53 69.87 72.73 73.13 79.37 86.30 88.80 92.43
MMA [39] 83.03 82.50 82.13 83.00 84.57 28.73 31.90 37.57 44.83 52.70 52.27 56.90 63.93 67.97 73.47 55.07 59.80 79.40 86.47 92.37
MMRL [15] 84.87 85.53 85.77 86.33 87.03 28.53 34.23 40.47 48.07 57.60 56.37 61.37 67.87 71.60 75.30 76.00 82.87 87.67 88.73 93.37

C Ablation Studies

C.1 Losses.

Table 6 studies the effect of each loss component
in IPL using the unified variant on ImageNet[8].
The results show that the projection-preservation
regularization losses, given by the vision- and
text-side cosine losses £, and L, are impor-
tant for improving generalization. The cross-
entropy losses provide task-level supervision,
with Lcg.rep further strengthening representa-
tion learning. The best performance is obtained
when all losses are used together, indicating that
task discrimination and preservation of inter-
pretable concept directions are complementary

Table 6: Loss-component ablation on ImageNet for
IPL (unified). v/indicates the loss is active during

for balancing base-class adaptation and novel-class generalization.

C.2 Layers for prompt token insertion.

Figure 4 analyzes the effect of inserting IPL
prompt tokens at different CLIP encoder layers on
ImageNet. We observe that mid-to-late layer inser-
tion performs best, with layers 6-12 achieving the
strongest harmonic mean. Layers 3-12 show a sim-
ilar trend, suggesting that interpretability-guided
prompts are most effective when injected into se-
mantic representations. In contrast, early-layer
insertion leads to weaker generalization, likely
because early layers encode lower-level visual fea-
tures less suited for concept-guided adaptation.

C.3 Different sizes of k € K for E concepts.

In this ablation, we analyze the impact of number

training.

LCE LCE-rep ‘Cgos LZOS Base Novel HM
v X X X 7243+£090 68.70 & 0.10 70.52
v v X X 77.93+£0.29 69.40 +0.44 73.42
v X v X 7227+0.71 68.77 £0.29 70.47
v X X v 7247+£0.67 70.30 £0.26 71.37
v v vV X 7793+0.15 6927 £0.15 73.34
v v X v/ 7827+£0.25 70.60 £ 0.20 74.24
v X v/ 7250+0.66 70.30 +0.26 71.38
v v v 7/ 7930+0.20 74.50 £0.10 76.83

-#- Base Acc. Novel Acc. k- H.M.
80
. L

578 g E - 7 T a
576 > x—""_{\\\
£ Pt o
g 74 #----- Lt g Fhae 'Y
g 72

70

1-3 1-6 1-9 1-12 3-12 6-12 9-12

Layers of the representation tokens

Figure 4: Effect of representation-token insertion
layers on ImageNet base-to-novel generalization.

of concept directions E used to contruct prompt tokens. From Figure 5, we observe that ' =
256 achieves comparitively better harmonic mean, indicating that a compact set of high-ranked
interpretable concept directions is sufficient for IPL’s prompt token construction. performance
comparitively degrades with larger E, suggesting that lower ranked concepts add noise rather than
useful structure. We use &2 = 256 as the default in all main experiments.
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C.4 Limitations analysis and future scope

IPL introduces additional compute rel-
ative to existing prompt-learning base-
lines. As reported in Table 7, IPL
requires approximately 23.1 GMAC
per forward pass compared to 20.9
GMAC for MMRL [15] and 20.5
GMAC for ArGue [35], a ~10-13%
increase, attributable entirely to the
per-layer multi-head attention selec-
tors and r2v/r2t projection layers in-
troduced for interpretability-guided
prompt construction. We note that this
overhead is a deliberate consequence
of IPL’s per-layer composition: the

Table 7: Computational cost on CLIP ViT-B/16 (single for-
ward pass). Prompt columns report FLOPs introduced by
each method’s prompt-token machinery. A is the percentage
increase in total GMAC over ArGue.

Method Vision Text Prompt Total A
(GMAC) (GMAC) (GMAC) (GMAC) (%)

ArGue [35] 17.563 2.980 0.000 20.543 —
MMRL [15] 17.833 3.096 0.023 20951  +1.99

IPL (Vision)  17.833 3.096 2.203 23.132  +12.60
IPL (Text) 17.833 3.096 2.203 23.132  +12.60
IPL (Unified) 17.833 3.096 2.203 23.132  +12.60

selector MHA ) and projections are instantiated independently at each rep-injection layer ¢, which
provides per-layer flexibility in how concepts are composed at different depths but multiplicatively

scales prompt-side FLOPs with | Lyep|

. Several straightforward extensions can mitigate this cost: (i)

sharing MHA and projection parameters across injection layers, which would reduce prompt-side

FLOPs by roughly 7x in our default
injecting at fewer layers, which our

configuration at the cost of less per-layer specialization; (ii)
ablation (Section C.2) shows incurs only a small accuracy

drop; or (iii) lower-rank parameterizations of the projection layers. A systematic study of these
efficiency-accuracy trade-offs is left to future work.

D Hyperparameter details

Table 8: Ablation analysis of a and X on base-to-new generalization.

A o« Base New H

001 0.7 77770 71.10 74.25

@ Base New HM 0.1 0.7 7770 73.03 75.29
03 7630£020 7396+0.16 75.11 02 07 7767 171.07 7422
0.5 7763030 73.84+0.08 75.69 05 07 7770 73.00 75.28
0.7 79.30 £0.29 74.50 +0.06 76.83 30 07 77.60 7450 76.02
09 7741 +£035 73.29+0.10 7529 40 0.7 7867 7190 75.13
1.0 76.73 £0.25 69.78 £0.15 73.09 50 07 77.67 73.10 75.32
60 07 7930 70.83 74.83
70 07 7753 71.83 74.57
IPL is trained for 10 epochs with batch size 4, 88
SGD, and a cosine schedule peaking at Ir 0.0035 oo —

after a one-epoch warmup. We use N=5 rep to-
kens injected at layers {6, ...,12}, «=0.7, and a
concept budget k of 256. Results are averaged
over 3 seeds at 16 shots. From Table 8, we ob-
serve that IPL is most effective at o« = 0.7, which

_ 84+
S

82
80 \/‘\.

781 —@— Base
—&— Novel

Accuracy (!

balances the standard and prompt-token cross- 761/~#= Harmonic Mean
entropy objectives, and at Ayo; = 3.0, where the 256 s12 1024 2048
projection-preservation loss provides sufficient ge-

ometric regularization without overconstraining  pigyre 5: Effect of concept direction size E av-

the projection layers.

E dimension

eraged across 11 datasets for base to novel gen-
eralization.
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Figure 6: Performace of other interpretability tools like PatchSAE [23] and SpLiCE [2] on base to
novel generalization for different datasets.

D.1 Results
on other Interpretability Methods

In Figure 6, we study how different interpretability tools like PatchSAE[23] and splice [2] perform
on base to novel generalization for different dataset. We observe that these tools perform on par with
VL-SAE (vision).

D.2 Representation-token count.

Figure 7 shows that performance improves rapidly as the number of representation tokens increases
from 1 to 5 and then saturates. We therefore use V,¢;, = 5 throughout the main experiments, since
larger values provide only marginal gains while increasing prompt length.

E Detailed literature survey

Distribution shifts and dealing with novelty.
Adapting models under distribution shift has a 801 -
long history in classical machine learning, predat- B s
ing vision-language models. Domain adaptation
(DA) methods minimize feature-distribution diver-
gence between a labeled source and unlabeled tar-
get domain via discrepancy measures [13], adver-
sarial alignment [34], or self-training on pseudo-
labels [24]. Domain generalization (DG) extends
this to the harder setting where the target domain 704 : : - : -
is unseen at training time, with approaches based ! Nimber o rlgpresentaltfon tokenzsoN 25
on domain-invariant feature learning [43], meta- -
learning across source domains [12], and feature
augmentation or mixup [25]. Few-shot learning
similarly has a rich literature on metric learning [1]
and meta-learning [12] for adaptation under lim-
ited supervision.

Accuracy (%)
~
[=))
\.\
>

~H- Base —a— Novel =®= Harmonic Mean

‘|

Figure 7: Effect of the number of representation
tokens N,¢, on ImageNet base-to-novel gener-
alization. Performance saturates at N,o, = 5,
which we use in all main experiments. Shaded
bands denote =+ std over 3 seeds.

These classical formulations target a fundamen-

tally different setting from ours: they assume full access to model weights and adapt task-specific
networks, often trained from scratch, by reshaping their feature space to bridge source-target gaps.
In contrast, prompt-learning for vision-language models, the regime IPL operates in and adapts a
single frozen foundation model (CLIP) by learning a small set of continuous prompt tokens, without
modifying any backbone parameters. The challenge is therefore not to learn a domain-invariant
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representation from data, but to steer a pretrained representation that is already broadly capable toward
task-, domain-, or class-specific behavior without overwriting its zero-shot generalization. Recent
work formalizes the various distributional axes along which this steering must succeed: base-to-novel
generalization [44, 20, 4] (unseen classes within a dataset), domain generalization [31, 36, 18, 17]
(input shifts at fixed label space), cross-dataset transfer [44] (zero-shot transfer to disjoint label
spaces), and few-shot learning under limited supervision. Existing prompt-learning methods often
optimize design choices for a single protocol [40, 4, 41, 35, 14]. IPL treats all four protocols as
instances of a single underlying problem, adapting prompts under limited supervision while preserv-
ing CLIP’s pretrained generalization, and addresses them with one mechanism: anchoring prompt
tokens in interpretable concept directions discovered inside CLIP itself. This unified framing avoids
per-protocol architectural changes, and is empirically borne out by IPL’s consistent gains across all
four evaluation regimes (Section 4.2).
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