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Abstract

Language—image pre-training (LIP) enables the development of vision—language
models capable of zero-shot classification, localization, multimodal retrieval, and
semantic understanding. Various explanation methods have been proposed to visu-
alize the importance of input image—text pairs on the model’s similarity outputs.
However, popular saliency maps are limited by capturing only first-order attribu-
tions, overlooking the complex cross-modal interactions intrinsic to such encoders.
We introduce faithful interaction explanations of LIP models (FIXLIP) as a unified
approach to decomposing the similarity in vision—language encoders. FIXLIP is
rooted in game theory, where we analyze how using the weighted Banzhaf inter-
action index offers greater flexibility and improves computational efficiency over
the Shapley interaction quantification framework. From a practical perspective,
we propose how to naturally extend explanation evaluation metrics, such as the
pointing game and area between the insertion/deletion curves, to second-order
interaction explanations. Experiments on the MS COCO and ImageNet-1k bench-
marks validate that second-order methods, such as FIXLIP, outperform first-order
attribution methods. Beyond delivering high-quality explanations, we demonstrate
the utility of FIXLIP in comparing different models, e.g. CLIP vs. SigLIP-2.

1 Introduction

Contrastive language—image pre-training [CLIP, 57] revolutionized computer vision by learning
data representations well-performing in a plethora of downstream tasks. Scaling the training to
predict similarity between image and text, combined with continuous architectural improvements [e.g.
SigLIP, 75] and increasing the size of datasets, leads to the development of powerful vision—language
encoders [VLEs, 13, 66, 68, 75]. These rather opaque encoders become the backbone components
in large vision—language models capable of actual conversation and reasoning [2, 36, 43], and are
increasingly applied in high-stakes decision-making, like in the case of medical imaging [29, 76, 78].

The limitations in the way CLIP represents the visual world have been extensively studied [14, 35,
67, 72, 73]. For example, a recent study by Tong et al. [63] suggests vision—language models are
limited by the systematic shortcomings of CLIP, e.g. they fail when questioned about directions,
quantity of objects in an image, or recognizing the presented text in a visual form. The emergence of
“CLIP-blind pairs”, inputs that CLIP perceives as similar despite their clear differences, could lead to
critical errors when applied in medical visual question answering and treatment recommendation [78].
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Figure 1: Explaining similarity in vision—language encoders with weighted Banzhaf interactions.

We propose a cross-modal sampling strategy to ef ciently query the modei¥aame values from

m coalitions, ang-weighted masking to circumvent querying the model on out-of-distribution inputs.

A regression-based approximation with weighted least squares (WLS) of second-order attributions
gives a faithful decomposition of the predicted similarity score. Explanations of cross-modal and
intra—modal interactions can be visualized and analyzed to interpret the CLIP's similarity prediction.
The red values denote positive interactions contributing to an increase in similarity, while blue denotes
interactions between tokens contributing to a decrease in similarity.

One way of validating similarity predictions at inference time is explaining the encoders with saliency
maps [L2, 39, 49, 70, 77]. However, these rst-order importance scores are limited by their unimodal
view of the model's output]]]. Vision—language encoders cannot be faithfully explained without
taking into account the cross-modal interactions between image—text pairs [32, 40].

We thus propose a model-agnostic approach to interpreting VLEs based on a game-theoretical
perspective where input tokens form coalitions of players in a cooperative &w&l. In doing that,

we extend the faithful Banzhaf interaction indé&4] to a weighted casel[7], addressing the emerging
requirement for controllable sparsity in coalition samplifgd5, 27, 79]. Speci cally, sparse inputs

with many masked tokens become out-of-distribution, i.e. images become unrecognizable and text
captions become ambiguous. Figure 1 shows a high-level view of our approach. We sample uniformly
m? variations of the input image—text pair. Each mask is sampled uniformly with probability

for each token in a mask, and we take all pairwise combinations betmaaasked images and

m masked texts. Then, we apply the explained model to predict similarity values for each of the
input variations. Finally, we apply weighted least squares to approximate the model's predictions
from sampled binary masks. The resulting explanation assigns attribution scores to each token and
interaction scores to each pair of tokens in an image—text pair.

Contributions. Our work advances literature in multiple way4) A game-theoretic explanation of
vision—language encodersWe introduce faithful interaction explanations of LIP modeéi$xLIP)

that provide a unique perspective on decomposing the similarity predictions of VLEs. Our results
highlight thenecessityo consider cross-modal interactions between text and image inputs for an
accurate model interpretation, beyond the rst-order attribution. In fact, this is the rst work to argue
for usingweightedBanzhaf interactions in this domain to overcome the out-of-distribution problem
apparent in removal-based explainabilitf2) Ef cient computation allows scaling to larger
models. We propose &ross-modabampling strategy for approximatirigfxLIP that improves

its ef ciency by 5-20 over traditional Shapley interaction quanti cation. We further scale the
regression-based approximation of interactions to hundreds of tokens by prioritizing their subset for a
faithful explanation(3) Evaluation metrics for second-order interactions.We extend explanation
evaluation metrics—the pointing game and area between the insertion/deletion curves—to explanation
methods of higher order. Experiments on the MS COCO and ImageNet-1k benchmarks validate that
second-order methods, suchRIXLIP, outperform rst-order attributiong4) FIXLIP facilitates



various approaches to understanding vision—language encoderBinally, we demonstrate the
utility of FIXLIP in applications like a model-agnostic comparison between CLIP and SigLIP-2.

2 Related Work

Attribution explanations of CLIP. Multimodal explanations have been studied in various tasks,
including visual question answering§, 55], visual reasoning46], video classi cation 1], and
sentiment analysi$p]. Our work considers explaining the bi-modal encoder prediction in the means

of input attributions, speci cally image and text token attributions of similarity predictions in CLIP.

In this context, existing gradient-basetl’], attention-basedl, 39, and information-based’p, 80]
methods approximate onlyst-order attributions visualized as saliency maps. Yet, Liang et al.
[40] perform extensive user studies showing that visualizing#duwnd-ordeattributions (pairwise
interactions) is necessary for understanding complex multimodal models. Joukovsky3ei al.
propose to approximate these interactions with bilinear models [also for image—image engfjders,

We formalize the problem in the means of game theory and propose an ef cient approximation of cross-
modal and intra-modal interactions (Figure 1), discussing its several desirable theoretical properties.
In concurrent work, Moeller et al. [48] propose to approximate only cross-modal interactions based
on the Integrated Hessians methodolo8§][ Our proposed evaluation metrics for interaction-based
explanations can be used to empirically cross-compare the above-mentioned attribution explanations.

Mechanistic interpretability of CLIP. Our research is orthogonal to work on the concept-based
interpretability of CLIP's internal representations. Research in this direction considers explaining
particular neurons2], concept-based image classi catidd(], linear probing b], and training sparse
autoencodersifl, 74]. Gandelsman et aJ21] investigate how the individual model's components
affect its nal representation. Beyond CLIP, Balasubramanian ¢#phhanalyze interpreting image
representations via text in alternative vision transformer architectures [e.g. DINO, 11].

Shapley and Banzhaf interactions in machine learning.We build on the developments using
game-theoretic interaction indices to understand complex machine learning ntyd&ls56, 62, 64)].

Our goal in this work is not to compare with the most recent advancements in approximating the
interaction index 16, 33, 52], but rather to faithfully explain the similarity predicted by VLEs. From

the rst-order perspective, Parcalabescu and Fi{a8k54] apply the Shapley value to measure the
importance each modality has on various tasks solved by CLIP. Tsai@thand Fumagalli et al.

[20] propose a weighted least squares regression approximation of higher-order interactions, which
we incorporate as a baseline in our methodology. Recently, Kang[8d&hkpplied a sparse Fourier
transform to scale feature interaction explanations for large language models, while we explain vision—
language encoders instead. Related to our contribution of weighted Banzhaf interaction explanations
is work on using weighted Banzhaf values to estimate data valuation s8@r&8], which are the
importance that training data points or subsets have on the model's performance. Ji3Ht al.

use Banzhaf interactions to enhance the training of video—language encoders. For a comprehensive
overview of work in this direction, see [50, 59] and references given there.

3 A Game-theoretic Explanation of Similarity in Vision—Language Encoders

A vision—language encodér consists of a vision encodér : R™ | RY with n; 2 N image
patches (tokens), and a language enchger R"™ | RY with ny 2 N text tokens. For a given
input pair(x, ; Xt ), the model computes a cosine similarity of thebidimensional embeddings as

fr(xi) fr(xr)

f : = f o f = : 1
(x);x7) =cos fi (x;);fr(xT) Kf, (6 )k Kfr (X )K 1)
In this context, we index the set of image tokens with := f1;:::;n, g and the set of text tokens
with Nt = fn, +1;:::;n, + ntg. Related attribution methods construct explanations that

assign importance values to all individual input tokens. To understand cross-modal and intra-modal
relationships between tokens, we extend these explanations by adding all pairwise token interactions.

De nition 1 (Explanation) An explanatiore 2 R®l assigns a constam, individual attributions
ei 2 R and pairwise interactionsy;j 4 2 R, for an explanation basis

B:= lf{%; [fli:iz?y [ NT9[ﬂ| g 2N [ NT;i@j?:

constant individual tokens two-token interaction sets




An interaction explanation can be viewed as a complete graph with weighted nodes and edges,
similar to the SI-GraphH1], or a symmetric quadratic matrix of dimensian + nt, where the
diagonal represents token attributions. To compute explanations, we mask tokens with a pre-de ned
baseline, depending on the encoder's architecture, e.g. attention masking for text tokens (we defer
implementation details to Appendix B). The masking operator is used to de rnelttlel P game

that captures all possible masks.

De nition 2 (Masking) We de ne the masking operatory, : R" R"! R"forn2fn;;nrg
that compute for a subset of indickg, N withN 2 f N, ;N gandinputsx;b2 R" as

" _ Xj; ifi 2 My;
Mo ™™ Q:ifi 2 N nMy:

De nition 3 (Game) For an input image—text paifx; ; xr) and a baselin€h ; by ) indexed by
N, [ N1, theFIXLIP explanation game : 2N [NT 1 R measures the similarity of the inputs given
anymastM Ny [ Nras (M)= (M\ N;;M\ANg)=1f(X wmin BiXr wming br):

The FIXLIP game measures the similarity of the masked image and text inputs for every possible
mask. In the following, we will quantify attributions of individual tokens, as well as cross- and
intra-modal interactions, thé&ithfully explain the FkLIP game, and satisfy important axioms.

3.1 FIXLIP-p explanations via weighted faithful Banzhaf interactions

In this section, we formally de ne th&IXLIP explanation as an instance of De nition 1, which
faithfully describes the similarity of all masked inputéM ). We thus de nee as anadditive
explanation with interactior;( ternthat re%?vers (M)  "(M) via a2-additive game [24] as

(M) = e+ e + €ij g forallmasksM  N; [ Nt: (2)
i2M fijg M:i6j

A natural choice of faithfulness is to measure the squared er{di) (M) ? across all masks.
To further distinguish in-distribution (few tokens masked) and out-of-distribution (many tokens
masked) inputs, we associate a mask weight according to itf\igim the following metric.

De nition 4 (pgaithfulness) Forp2 (0;1)and ; ~: 2V INT I R, we measure-faithfulness,

asFo(i M=y o pn, PMIE PTETTIME (M) AM) 2
Remark 1. Computing p-faithfulness requires evaluati@®y *"* masks, which is infeasible
in practice. Instead, we writé, as an expectation over randomly generated méesks=

Ew p, (M) ~(M) 2 , whereP,(M) = pMi(1 p)m *"7 ] Mi s a probability distribu-
tion over2N' [NT | This formulation allows us to estimafg using Monte Carlo integration.

The hyperparametgrdetermines the importance of each mask and can be viewed as the probability
of a token being active, i.e. its index being includedvin The case = 0:5 equally weights all
masks,p > 0.5 prioritizes masks with many active tokens, i.e. preferring in-distribution inputs,
wherea9 < 0:5 prioritizes sparse masks preferring more out-of-distribution inputs.

De nition 5 (FIXLIP-p). We de ne theFIxLIP-p explanation agF*-'PP := argmin . Fy(; "e).

The FIXLIP-p explanation is the most faithful approximation ofvith respect td=,. Its interactions
correspond to the weighted Banzhaf interactiotid.[For p = 0:5, FIXLIP-p is the faithful Banzhaf
interaction index [64] with a known analytical solution [26].

Remark 2. Weighted Banzhaf interactions de ne a cardinal-probabilistic interaction index that
satis es the linearity, symmetry, and dummy axidt8][ Alternatively, faithful Shapley interactions
optimize a variant of the faithfulness metr@&4]. In our context, weighted Banzhaf interactions have

two bene ts: First and foremost, the hyperparamepelows for prioritizing masks that are expected

to better re ect in-distribution inputs, and provides a exible explanation framework with intuitive
weights. Second, it is unknown if the Shapley weights can be factored into independent distributions
for each modality — a crucial requirement for the cross-modal estimator introduced in Section 3.2.

FIXLIP-p explanations of VLEs offer a unique perspective on interpreting image—text similarity
predictions. Notably, the resulting second-order interaction explanation can always be simpli ed into
a rst-order attribution explanation and visualized as a traditional saliency map over input tokens.



Theorem 1 (First-order genversion)Fori 2 N, [ Nt ande™™ PP the rst-order attribution
values are given bg + p 5, [Ny :jei €fij g Which are the weighted Banzhaf valuesof

We defer the proofs to Appendix A. Whilelx LIP-p can be computed analytically, it still requires
2" * 17T mask evaluations. We thus introduce a model-agnostic estimatBidi P-p by estimating
Fp via Monte Carlo integration with sampled masks and optimizing the least-squares objective.

De nition 6 (Model-agnostic estimatar)LetM @ ;:::: M (M ™ p_ The model-agnostic estimator

is theneFXLIP = argmin . 5™ (; %), wheref§™ (5 %)= 17 M (M) A,(MO) 2,

Forp = 0:5, this estimator reduces to Faith-Banzhaf [64] — a variant of KernelSHAP [44].

3.2 Cross-modal sampling withp-weighted masking

We observe that the model-agnostic estimator uses naive sampling overivhashkg,, which be-
comes prohibitive for models with a large number of input tokens. Since every token is independently
active with probabilityp, we propose to separately sampie subsets for the image amar subsets

for the text modality, i.e. to decompoBg = P,  Pp,7, and sample independently. This allows

for generating all possible combinations, obtaining a novel estimateg.of

De nition 7 (Cross-modal estimator)_etM,(l) i M,(m' ) Pp; andM#l) vl M#m” “d Pp;
We de ne the cross-modal estimator &8P := argmin , £i™ ™) (; ), where
. 1 X R . . . . 2
ﬁém|,mT)(;/\e):: e (Ml(l)[ M_I(_T)) /\e(MI(l)[ M_I(_T)) .
NN

Crucially, Iefjm' ™7) can be computed ef ciently becautendependently encodes images ffoy

samples withf; and texts fomt samples withf 1 (cf. Equation 1). Then, similarity predictions

are computed in a vectorized manner between all the cross-modal combinations of masked inputs.
In theory, givenm = m; + my samples, the model-agnostic estimator obtangame values
(similarity predictions), while our proposed cross-modal estimator obtajnsm- m. The
empirically observed computational speedup, which we analyze in Section 5.4, can depend on the
model's batch size (closely related to the GPU VRAM hardware). Note that reusing the samples in
text and image modalities in icts dependence between them, and the following result establishes
important theoretical properties.

Theorem 2. The cross-modal estimatﬁrém' ™) is unbiased, and its variance is bounded by

m; + my

vV |°_~§Jm| mT)(; ) Vv ﬁém ;mT)(; o) m . V. M [ M1) "M, [ M7) 2 :

In other words, Theorem 2 shows that the variance of the cross-modal estimator is at most of the same
order as the variance of the model-agnostic estimatorrvith m, m+t samples. Moreover, the
variance is at least the variance of the model-agnostic estimatonwithm independent samples.

In practice, we use the cross-modal estimator in higher budget scenarios to speed up the computation
by decreasing the number of effective model inferences.

3.3 Large-scale adaptations for FIXLIP explanations

In contrast to rst-order explanations, the explanation basis of De nition 1 grows quadratically as
jBj=1+n +ny+ MI0T (n; + n1)%. For example, a ViT-B/16 version of CLIP with
196image and0text input tokens (players) results already®bh425interactions. From a practical
perspective, we thus consider two heuristics as part of our complete methoddpdye employ
atwo-step Itering approacHor prioritizing interactions to approximate when explaining games
with a large number of players. A default is to pick a clique subset with the highest (absolute)
rst-order attributions and compute interactions between them, e.g.72opith 722 = 2 556
interactions. Another approach is to include only cross-modal interactions in the approximation,
e.g.196 30 =5 880. (2) We apply a simplggreedy subset selecti@igorithm on explanation

e to nd subgraphs N, [ Nt of the highest and lowest sums &f(M ), which we use in
evaluating (Section 5.1) and visualizing (Section 5.5) explanations. Further details are in Appendix B.



4 Evaluation Metrics for Interaction Explanations of VLE Predictions

In this section, we derive three evaluation metrics for explanations that may include second-order
interactions. First, we evaluate the faithfulness of the approximadtiao , since the basis of
explaining VLEs is the masking operator that de nes Ei&LIP game . Note that conventionally

this is done with afR? coef cient [33, 50] or mean squared errot§, 19, 52], but we need to rely on
rankings to compare attribution methods like saliency maps. Second, we generalize the area between
insertion and deletion curves [AIR25, 77], aka remove least/most important rdd][ a popular
faithfulness metric for token attribution methods. Finally, we extend the well-established pointing
game evaluation of faithfulness from the image classi cation literat8r&,[8, 48]. In the latter two

metrics, we need to assurag;; 4 = 0 for the rst-order attribution explanations without interactions.

We validate the faithfulness to theXxLIP game across sampled subsets. To this end, we compare
the rankings of and”, since related explanation methods are not normalized to estinwateectly.

De nition 8 (p-faithfulness correlation)We de nep-faithfulness correlation as the Spearman's rank
correlation computed betweenand . evaluated fom masks sampled frof, (cf. Remark 1) as

corr(€;p) = correlation (M @Dy ng (M Dy
M@ ;M (m)id P,

The rank correlation metric.qr yields insights into the general capability of recovering the ranking
of similarity scores of uniformly masked inputs basedRn

Beyond capturing the genenadfaithfulness, we derive an insertion/deletion visualization with a
metric measuring the explanation's ability to identify token subsets (masks) of high and low similarity
as evaluated by the game (model).

Meimink = argminy n, [Ny jmj=k "e(M) andMe:maxk = argmaxXy n, Ny jmj=k "e(M).
Insertion and deletion curves are computediasert (€) = K (Memaxk) - and
CGielete (€) = ki (Meminn, +nr k) K=1on | +ng? respectively. The metric is then de ned as

Z Z nixnr

AID (e) = Gnsert (e) Qjelete (e) = (Me;max ;k) (M e;min ;k) :
k=1

ap Mmeasures the difference between model predictions when including and excluding the most
relevant tokens. For rst-order methodd,e:min xk aNdM e-max k are directly found by ranking.
Proposition 1. For token attribution values, i.e. whé; e;;; 4 0O, such as weighted Banzhaf
valuesMe.max k andMe.min -k are given by the tof-and bottomk coef cients ofe, respectively.
ConsequentlyCyelete is found by deletind e.max k, i.€. Me:minn, +nr k = (Ny [ Nt)NMe:max k-

ConsequentlyGnsert andCyelete geNeralize insertion and deletion curves to second-order interac-
tion explanations. Note that for token attribution values, we hy@nax « Me:max k+1 , and
Memin:k  Me:mink+1 , Which does not hold when modeling interaction terms. We give a further
description of the insertion/deletion process on a single image—text input in Appendix B.2, Figure 9.

Lastly, we propose to evaluate an explanatonith designed pseudo ground-truth data. We measure
the overlap between an explanation of inputs crafted as four combined images with a multi-object text
prompt, and its “ground-truth” assumed prior. We show a visual example in Appendix B.3, Figure 8
De nition 10 (Pointing game recognition (PGR)For e, letej,.x andeg: -k denote the values of
interactions belonging to, and not belonging to, objeet a text token with its corresponding image
patches. We denotghe positive and negative interactioes §ie< o. The metric is then de ned as

KGN+ Kein:k:> oK1 + Keout ki< oK1

X
2 [0; 1]; wherekek; = i€ii ol
on Kemicki + keguiks 2 0 1= ol

iij

pcr (€;NT) =

per quanti es the ratio of absolute values of “correctly” identi ed cross-modal interaction terms to
total interaction terms. Thereby, “correctly” identi ed cross-modal interactions refer to positive and
negative interactions that are associated with and without okjiecan image, respectively. We use

pGr as a sanity check that interaction explanations are essential for explaining VLEs as compared
to alternative attribution approaches. Scoring high PGR values across multiple objects present in an
image—text pair denotes that an explanation method can show the model distinguishes between them.



Figure 2: Visual comparison betweerF|I XxLIP and baselinesFirst-order attribution methods, e.g.
GAME and Grad-ECLIP, lack the tools to faithfully explain complex similarity predictions of vision—
language encoders like CLIP. Notably, in this example, the text takén is the most important

for the similarity prediction. One of the differences from exCLIP is that we include intra-modal and
main effects in the approximation, which are crucial for obtaining faithful interaction explanations.

5 Experiments

Setup. In experiments, we empirically validate the performancElofLIP with three metrics de ned

in Section 4, measure its computational ef ciency, and demonstrate its utility in visual explanation
of VLEs. We mainly use the openly available pre-trained CLIP mod&lsdf two sizes: ViT-B/32

with 7 7 image patches and ViT-B/16 wittd 14. Moreover, we demonstrate the broader
applicability of FIXLIP to explain SigLIP ¥5] and SigLIP-2 B6] up to the ViT-L/16 variant with

16 16 patches. We rely on two openly available datasets commonly used in explainability research:
MS COCO B2] and ImageNet-1k15]; the latter speci cally to design the pointing game evaluation
considering zero-shot classi cation.

In quantitative evaluation, we compdréx LIP to a few representative baselines: the rst attribution
method for CLIP abbreviated as GAMEJ), a state-of-the-art rst-order attribution method Grad-
ECLIP [77], and a recently released second-order interaction method ex@8JPHor comparisons

of Grad-ECLIP and exCLIP with previous baselines, refer to the appropriate bencha@rkg] [
Figure 2 conceptually compar&dxLIP to baselines using the image—text input example from
Figure 1. Furthermore, we naturally demonstrate the improvement betialed¢riP and rst-
order Shapley/Banzhaf values. In that, we effectively sEdie_IP to approximate second-order
explanations with a budget of ovéf® model inferences, which far exceeds related work. For
FIXLIP-p, we use the cross-modal estimator with a budg@fbfwheread I1xLIP with Shapley
interactions uses the model-agnostic estimator with a buddf pyielding approximately similar
runtime. We mainly experiment wigh 2 f 0:3; 0:5; 0:7g; note that there is no computational overhead
for differentp settings. Further details for the experimental setup are provided in Appendix C.

5.1 FIXLIP outperforms baselines as measured with insertion/deletion curves

Figure 3 shows insertion/deletion results for different explanation methods, where each line and
metric value is an average (sd.) over 1000 inputs. We observe tirdk LIP faithfully recovers the
nonlinear importance rankings of token subsets (see Appendix Figure 9 for a visual example). It not
only nds the most important tokens whose deletion results in a signi cant drop in similarity (y-axis),
but also nds the least important tokens whose deletion may even result in the prediction's
increase contrary to gradient-based methods. The general conclusion is consistent for SigLIP-2 and
a larger ViT-B/16 model (refer to Appendix D for additional results), albeit the method's faithfulness
drops when increasing the size of input tokens, where further scaling to even higher image resolutions
is a natural future work direction. As designed, increasing the masking weight :7 leads to an
improved faithfulness in the-50%range of input deletedL00-50%inserted), while decreasing to

p = 0:3 improves faithfulness witb0-100%input deleted $0-0% inserted). Note that, in theory,

all of the methods can obtain negative normalized values on the y-axis. We think that exCLIP fails
to recover the appropriate ranking because it only approximates cross-modal interactions between
tokens from the two modalities, omitting rst-order effects and intra-modal interactions in the process
(effectively constructing a bipartite weighted graph without weights in nodes).



Figure 3: Insertion/deletion curves for CLIP (ViT-B/32) on MS COCO. AID score (higher is
better) forFIXLIP against alternative explanation methods, where a random baseline @cotes
y-axis is normalized between the model's prediction on the original inpa@%y and the fully
removed one(@?o), where negative values denote that the model is predicting the image—text inputs
are unsimilar. It means the similarity prediction on a partially masked input is smaller than the
prediction on the fully masked input. Methods such as Grad-ECLIP and exCLIP fail to recover
nonlinear rankings of important tokens, while our method faithfully recovers the optimal subset
explanation. Extended results for CLIP (ViT-B/16) and SigLIP-2 (ViT-B/32) are in Figures 10 & 11.

Table 1: Pointing game recognition for CLIP (ViT-B/32) on ImageNet-1k.PGR score (higher is
better) forFIXLIP against alternative explanation methods, where a random baseline @@ixes
First-order methods, such as Grad-ECLIP and Shapley values, fail to distinguish between multiple
objects at once, while second-order methods faithfully recover the appropriate explanation (up to the
pointing game's irreducible non-optimality). Extended results for CLIP (ViT-B/16) are in Table 4.

Explanation Method Recognition (")
1object 2objects 3objects 4 objects

GAME [12] 61 .12 43 .03 33 .02 28 .01
Grad-ECLIP [77] 68 .15 45 .04 :33 o2 128 o1
Shapley values 70 .11 56 .06 46 .05 137 04
Banzhaf values 64 .1 52 .06 143 o5 35 .oa
exCLIP [48] 73 20 88 .8 89 s 192 .05
FIXLIP (Shapley interactions) 83 .10 82 .08 84 .06 :86 06

FIXLIP (w. Banzhaf interactiong=0:3) :78 .13 78 .11 :80 08 81 .07
FIXLIP (w. Banzhaf interaction=0:5) :81 .1 :80 .09 :81 .07 :83 .06
FIXLIP (w. Banzhaf interactionp=0:7) :83 .12 :81 .08 :83 o7 :85 .06

5.2 First-order attribution methods fail to pass a sanity check with a pointing game

Table 1 shows PGR results for different explanation methods, where each metric value is an average
( sd.) over 500 inputs. We observe that rst-order methods, e.g. Banzhaf values, fail to discriminate
between multiple objects in an image. Saliency maps can only highlight the important part of
image—text inputs without disentangling the complex relationship between each separate word in a
caption and the corresponding image regions (Appendix Figure 8). Second-order methods such as
FIxLIP and exCLIP pass our proposed sanity check; the latter scores slightly higher, as it specializes
in approximating cross-modal interactions. The conclusion is consistent for CLIP (ViT-B/16). We
further analyze the potential application of a pointing game to evaluate different models in Section 5.6.

5.3 FIXLIP recovers a faithful decomposition of the similarity function

Figure 4 demonstratesfaithfulness results for different explanation methods, where each boxplot
represents statistics aggregated from 1000 inputs. We con rnFthxdtlP optimizes faithfulness,
which depends on the paramepeMeighted Banzhaf interactions allow for precise controllability

of the faithfulness optimization, whereas Shapley interactions perform well on average. Alternative



Figure 4: p-faithfulness correlation for CLIP (ViT-B/32) on MS COCO. Correlation for different
variants ofFIXLIP against other explanation methodisft). Game-theoretical approaches can also
be evaluated with thR? coef cient (right). Extended results for CLIP (ViT-B/16) are in Figure 12.

attribution methods compute explanations unfaithful to the explained similarity functign ( 0:5).
Extended results for different models gmélalues are given in Appendix D.

5.4 On the computational ef ciency of the FIXLIP cross-modal estimator

Figure 5 demonstrates that tir@XxLIP cross-
modal estimator achieves ov@0 speedup
when considering model inference time, i.e.
game evaluations, and abdut speedup when
accounting for the entire explanation pipeline im-
plemented in Python. We did not necessarily op-
timize the latter, i.e. subset sampling, weighted
least squares optimization, and other processing
steps, expecting that the visible gap between the
explanation and game time could be further de-
creased. For context, related rst-order attribu-

tion methods take about 1 second to compute; $eRjure 5: Computation time vs. budget for the

Table 5 in /7], but note that it could be only for gy | |p explanation of SigLIP-2 (ViT-B/32), in-
an image explanation without text attribution. cluding game evaluations (model inference).

5.5 Visual explanation of vision—language encoders

We have already established tidi LIP delivers state-of-the-art faithfulness performance across
three diverse metrics. One of the explanations' applications is to interpret the model's output
function. Figure 6 demonstrates three types of visualizations that we envision can be used to broaden
our understanding of VLEs. In the interest of space, we provide further interesting examples in
Appendix E. Speci cally, we provide a comprehensive guide on interpreting interaction explanations
like FIXLIP in Appendix E.1. Figures 8 & 9 further compdréxLIP to baselines in the context of
evaluation metrics. Figure 16 shows a comparison betwdehlP of CLIP and SigLIP-2 (ViT-B/32),

while Figure 17 shows a comparison between the ViT-B/32 and ViT-B/16 versions of CLIP.

5.6 Model-agnostic comparison of different vision—-language encoder architectures

We useFIXLIP to compare differ- Table 2: Pointing game results as measured with [HIP.
ent VLE architectures with PGR

in Table 2.Surprisingly, SigLIP-2  Size Model _ Recognition(") _
can be more faithfully explained lobject 2objects 3 obj. 4 obyj.
with cross-modal interactions CLIP 83 11 81 o7 82 07 85 w08
than t§:LIP, fr?r both modell sizeﬁ. VITBI32  Giolip-2 190 .oy 90 105 89 05 89 s
We observe that, in general, smallet : : : :
models (ViT-B/32) can be more .- oo (S:.L'BP jgé 09 Zg% 06 Igi 05 Igi o
faithfully explained than larger ones* 9 an B og 06 0T 0 o 08
SIgL|P-2 :86 07 :88 04 87 -04 87 03

(ViT-L/16), which is consistent with _
prior work [9, 16]. For more visual vt 16 S9LP - 81 .08 84 w05 85 .04 B4 .04
comparisons, see Appendix E.3. SigLIP-2 :80 0 85 .06 :84 .05 85 04




Figure 6: FIXLIP facilitates various approaches to model understanding. (A)nteraction
explanations allow answering the pivotal questidihy is it similar for the model™ere, the
strongest interaction is between text tokkll and image patch saying “dollar”. One could say the
model is right for the wrong reason@) Each token can be selected for conditioning to visualize as
a heatmap only the interactions (edges) outgoing frogCit.A complete graph can be traversed to
nd subsets of high positive and low negative similarity as approximated by the explanation.

6 Discussion

As vision-language encoders are increasingly deployed in real-world applications, it becomes pivotal
to ensure that their predictions are explainable. To this end, we introduced faithful interaction explana-
tions of CLIP and SigLIP models, offering a unique perspective on interpreting image—text similarity
predictions. Moreover, we derived three evaluation criteria facilitating future work in this direction.

Limitations and future work. Our work faces three limitations, each with a clear path for future
development. AlthoughrIxLIP allows scaling to larger models with hundreds of players and
ef ciently computing a million model inferences, improvements could be made to its practical
implementation. Speci cally, we envision exploring the use of sparse linear regression, applying the
Archipelago frameworkg5] to Iter interactions for the approximation, and a non-greedy algorithm
for a closer-to-optimal subset selection. Second, the visual properties and usal#ligioP should

be further studied as a potential direction in human-computer interaction resBéictef e.g. a

user study of cross-modal interaction explanations by Liang §@]. Finally, our work is restricted

to second-order interaction explanations, while ef ciently approximating higher-order interactions
(also in tri-modal settings beyond LIP models) becomes an interesting challenge to overcome.

Broader impact. We believeFIxLIP can empower model developers in debugging VLEs, under-
standing their similarity predictions, and nding unwanted biases in image—text data. Especially
when these models are used in high-stakes decision making, like in the case of medical applications.

Code. We provide additional details on reproducibility in the Appendix, as well as the code to
reproduce all experiments in this paper is availabletits://github.com/hbaniecki/fixlip
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