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1 MORE ANALYSIS OF MODALITY GAPS.
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Figure A: Comparison of similarity distributions between
text-image features of CLIP and SSP using different encoders
on the ImageNet dataset.

To further analyze the effectiveness of our SSP working in nar-
rowing modality gaps, we visualize the similarity distributions for
both paired and unpaired image and text features. The comparisons
are illustrated in Figure A. It is evident that in the original CLIP fea-
ture space, the similarities of paired image-text features only slightly
exceed those of unpaired (the first column in Figure A). However,
with the application of our SSP (the second column of Figure A),
there is a noticeable improvement in reducing the similarities be-
tween unpaired image-text features (0.09 vs. 0.13 under RN50) and
simultaneously enhancing the similarities between paired features
(0.39 VS. 0.31 under ViT-B/16), which has effectively reduce the
modality gaps.

2 DETAILS OF VON MISES-FISHER (VMF)
DISTRIBUTION FORMULATION

As discussed in the previous works [4, 5], text and image features
encoded from CLIP are located on a unit hypersphere. Consequently,
these features follow a von Mises—Fisher (vMF) distribution [1]. The
probability density function of the vMF distribution for the random
d-dimensional unit vector f is expressed as:

. __1 T
palfip) = oo e (s f). )
Calo) = 2m) 21 gj2-1) (x)

xd/2-1 ’

where k > 0, ||pll; = 1 and I(4/2-1) denotes the modified Bessel
function of the first kind at order I(4/,_1) as discussed in [1]. We
utilze maximum likelihood estimation to calculate parameters p
and k, where p is the average of all features and « is approximated
as follows [3]:

R(d - R?)

K= =
1-R?

2
Here R is the length of sample mean, i.e, R = ||Z]|2, Z = ﬁ Zfil fi
and we calculate the I(4/,_1) (x) based on the work [2]. Based on
the above estimation, we can calculate metrics of distributions
between the image and text features, as discussed in Figure 1 of the
manuscript.

3 MORE PERFORMANCE COMPARISONS

Our SSP is a training-free method that can also be applied to
training-required methods, such as Tip-F [4] and APE-T [5] men-
tioned in the manuscript. We evaluate our method against Tip-F
and APE-T to demonstrate its efficacy. The summarized results of
these applications are presented in Table A. We consistently ob-
served that our SSP achieves the highest average accuracy across
all benchmarks. However, in specific datasets like Aircraft and Cars
under the 1-shot setting, it may not always outperform APE-T.
When compared to Tip-F, our SSP demonstrates an average accu-
racy improvement of 0.68% in the 16-shot setting. Similarly, when
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Table A: The classification accuracy (%) comparison on few-shot learning, i.e., 1-/2-/4-/6-/8-/16-shot, across 11 datasets. The

results for LFA, Tip, and APE from our implementation by open public project, and the datasets include F102.(Flowers102),

Euro(EuroSAT), F101.(Food101), SUN.(SUN397), C101.(Caltech101), UCF.(UFC101), and ImgN.(ImageNet).

Method Pets F102. FGVC DTD FEuro. Cars F101. SUN. C101. UCF. ImgN. Avg.
CLIP 85.77 66.14 17.28 4232 37.56 55.61 7731 5852 86.29 61.46 58.18 58.77
16-shot
Tip-F Eccvaz)  89.70  94.40 3528 67.71 8495 7641 7933 71.28 9284 7674 6548 7583
Tip-F+SSP  91.17 95.21 35.58 68.62 85.62 76.70 79.50 71.89 93.27 7846 6563 76.51 10.68
APE-T qcevezy  89.59  96.26  37.38 69.56 86.35 76.15 7935 7245 93.06 79.38. 66.12 76.63
APE-T + SSP 90.11 96.43 37.65 70.45 86.75 76.40 79.49 72.65 93.57 79.57 66.12 77.20 10.57
8-shot
Tip-F gccvaz)  88.20 91.88 3030 63.12 77.72 69.72 7859 69.02 92.06 7462 6393 72.65
Tip-F+SSP  90.35 93.71 30.57 63.56 79.23 71.68 7892 69.80 92.48 74.89 64.14 73.58 71.04
APE-T qccvezy  88.25 94.52  32.25 67.08 81.04 7172 7873 7094 9213 77.24 6480 7443
APE-T + SSP 88.88 94.84 32.52 67.49 81.16 71.19 78.64 71.08 9245 77.77 64.83 74.62 10.20
4-shot
Tip-F eccvzz)  87.50 89.40 2586 57.80 7343 64.85 78.06 6632 9181 7187 6253 69.95
Tip-F + SSP  87.77 89.77 26.13 5845 74.01 66.18 78.36 67.20 92.18 73.13 63.09 70.57 10.62
APE-T qccves)y  87.98  91.68  26.85 65.66 73.48 67.62 78.27 68.81 91.68 7378 63.61 71.77
APE-T + SSP 88.23 91.92 27.12 65.78 74.35 68.28 78.30 68.88 91.68 74.76 63.65 72.09 10.32
2-shot
Tip-F eccvzz)  87.23 83.19 2292 5431 66.26 63.00 77.71 6392 9030 68.28 61.76 67.17
Tip-F + SSP  87.51 84.41 24.78 5491 67.64 64.53 77.76 65.94 90.72 70.07 62.53 68.25 71.08
APE-T qccves)y  87.03 87.41 2441 59.28 71.89 63.96 77.58 67.14 90.18 69.92 63.27 69.28
APE-T + SSP  87.57 88.75 24.93 59.04 72.37 63.89 77.64 67.00 90.87 69.97 63.28 69.57 10.29
1-shot
Tip-F gccvez)  86.41 80.02 20.82 4852 5895 5865 77.50 62.56 9030 65.01 61.17 64.54
Tip-F + SSP  86.67 81.93 21.15 49.29 61.19 59.91 77.62 62.85 90.56 6544 6195 65.32 70.79
APE-T accves)  86.54 83.23 22.08 55.02 67.59 60.65 77.22 65.66 89.82 65.69 62.56 66.91
APE-T + SSP  86.73 84.21 21.63 55.61 68.63 60.55 77.53 65.71 90.43 66.56 62.58 67.29 10.37
compared to APE-T, our SSP shows a 0.57% improvement. These abs/2204.13208 (2022).
[3] Suvrit Sra. 2012. A short note on parameter approximation for von Mises-Fisher

consistent enhancements underscore the versatility and effective-
ness of our SSP approach.
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