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Zero-Shot Visual Classification Through
Discriminative Text Descriptor Selection

Soyeon Park + Jihyun Kim * Seoung Bum Kim
Department of Industrial and Management Engineering, Korea University

Vision-language models such as CLIP have demonstrated remarkable zero-shot classification performance by
aligning visual and textual representations. Recent studies have shown that enriching class descriptions with
large language model-generated visual descriptors can further improve classification accuracy without additional
training. However, existing descriptor-based methods use all pre-generated descriptors equally for every test
image, regardless of which descriptors are actually useful for a given input. This is problematic in fine-grained
classification, where visually similar classes share many common attributes, causing non-discriminative
descriptors to reduce the influence of truly informative ones. The purpose of this study is to address this issue by
proposing CoDES (confusion-aware discriminative descriptor selection), a method that dynamically selects
discriminative descriptors at test time. For each test image, CoDES first identifies confusing classes and then
selects descriptors that are effective in resolving the confusion. Experiments demonstrate that CoDES
consistently outperforms existing methods across eight benchmark datasets, achieving competitive performance
against descriptor selection methods requiring labeled data without using any labeled data. These results indicate
that the proposed CoDES can effectively improve zero-shot classification performance by selecting descriptors
that are helpful for distinguishing between confusing classes.

Keywords: Vision-language Model, CLIP, Zero-shot Classification, Descriptor Selection, Training-free
Adaptation
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Figure 1. Examples of visually similar class pairs in fine-grained classification
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Figure 2. Overview of the proposed CoDES framework. Given a test image, we (1) identify confusing classes based on CLIP similarity,

(2) select discriminative descriptors through semantic competition among confusing classes, and (3) make final prediction

using only selected descriptors.
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Algorithm 1: CoDES (Confusion-aware Discriminative
dEscriptor Selection)

Require: Test set 7"
Pretrained CLIP encoders ¢,, ¢,
Classset {c,, ..., cpt
Per-class descriptor pool {D,, ..., Dy}
k: number of confusion set classes
m: number of selected descriptors per class

for each test image / € T do

Step 1: Confusion set construction
f < ¢,(D // Encode image feature
t, ¢, ("A photo of a {c, }.) for all class // Encode class cap-
tions
s,<f - t, forall class n // Image-to-class similarities
C—Top-k indices of s, // Form confusion set

Step 2: Per-class discriminative descriptor selection
eVe—¢,(d?) for all // Encode all descriptors
for each c€ C'do
for each descriptor dY € D, do
for each ¢ C{c}do

j*argmaz;; (el - efj )) // Find rival descriptors in
other confusing classes
end for _ _
ref . ef.?’ —mean; (f- e?*)) // Compute discrim-
inative score
end for
S« Top-m indices of 7

end for

7 /I Select descriptors

Step 3: Prediction w1th selected descriptors
o<—mean Eq(f eJ ) forall ce C

y<—argmaz . o, // Final prediction
end for

Return: predicted labels y for all /= 7
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Table 1. Hyperparameter Settings for Each Benchmark Datasets

flowers| pets | dtd | food | sun |ucfl01|caltech| cars

# Classes| 102 | 37 | 47 | 101 | 397 | 101 100 | 196

k 20 20 | 20 5 20 20 5 10

m 5 20 | 10 | 15 | 20 15 15 20
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Table 2. Performance comparison of zero-shot image classification top-1 accuracy (%) on 8 benchmark datasets using ViT-B/16

backbone. The best performance among compared methods is highlighted in bold.

Method flowers pets dtd food sun ucfl01 caltech cars Mean
CLIP 67.07 88.14 44.27 83.65 61.78 64.92 92.94 63.45 70.78
Test-time prompt tuning methods
TPT 68.98 87.79 47.75 84.67 65.50 68.04 94.16 66.87 72.97
DiffTPT 70.10 88.22 47.00 87.23 65.74 68.22 92.49 67.01 73.25
C-TPT 69.80 88.20 46.00 83.70 64.80 65.70 93.60 65.80 72.20
Descriptor-based training-free methods
CuPL 71.98 91.93 47.66 89.22 65.69 71.35 93.18 64.42 74.43
ProText 72.35 91.01 47.93 86.66 67.34 69.60 94.81 66.00 74.46
CoDES 72.99 92.04 51.01 89.43 66.62 71.21 94.20 66.47 75.50
(Proposed)
8371 2 BAQ VIT-L/4E A8l A2 w3ty A 598 4 9exE BA319 o) DisCLIPS U238 A
o}, ob&e] TYS AA A CuPLHE Hw AHE A 3 HE 98 FYEE e o] EH onA|¢} 7t AT Y
T}, <Table 3> Wl 7] 5 22|3)& ] CoDESSF CuPL B} I FAREE AR ol A4kl 328 &-8-3ht}. Wk CoDES
o) OB B BF BUEE HTH ANE BT & QY HAE o)nA AAste] FAES A olgsm
2, 9] ol AR glo] w4a A AHo N Fa
Table 3. Average top-1 accuracy (%) of CuPL and CoDES across ~ TF. <Table 4>+= 87} Hl]€] Al o]l tj gt CoDES$} DisCLIPS] 4
8 benchmark datasets for various CLIP backbone scales. & Hlal & B o 11 Qlth
Vethod ViT-B/32 ViT-B/16 ViT-L/14 Hd A5 7|Fo = CoDESE; 75.50%= DisCLIP(75.38‘Vi)
(small) (medium) (large) ] 0.12%p E& AFE AT 7 dolHAdAE
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Electric Guitar ©]®]A] o] ti3} CoDES7} A%k t] A3 HEE
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Table 4. Performance comparison of zero-shot image classification top-1 accuracy (%) with DisCLIP, a descriptor selection method

requiring labeled data, on 8 benchmark datasets using ViT-B/16 backbone. The best performance among compared methods

is highlighted in bold.
Method flowers pets dtd food sun ucf101 caltech cars Mean
DisCLIP 74.79 92.20 54.89 89.21 64.20 70.34 92.94 64.46 75.38
CoDES (Proposed) | 72.99 92.04 51.01 89.43 66.62 71.21 94.20 66.47 75.50
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input Image

CuPL Pred: Mandolin 2
Ours Pred: Electric Guitar

l:] Salected descriptors

Electric Guitar (GT)

Mandolin (Confusing Class)

An electric guitar typically has a solid, narrow body
with a rounded nose.

Some identifying characteristics of a mandolin
are that it has
it is played with a pick, and it has a

The neck of an electric guitar typically has six strings.

A mandolin is , typically instrument,

played with a plectrum or pick.

An electric guitar is a musical instrument that is played by plucking the

strings with the right hand and pressing the strings against the frets with

the left hand.

A mandolin is a musical instrument in the ute family,
typically with four strings.

Figure 3. Qualitative analysis of descriptor selection by CoDES for an Electric Guitar image. Highlighted rows indicate selected
descriptors. Although both CLIP and CuPL misclassify the image as Mandolin, CoDES correctly predicts Electric Guitar by

selecting descriptors that are visually discriminative between the confusing classes.

A &7t

CoDES7} & t 23 HE| & AT BH, T 7] 9] 3414
QA AIZHA ZtolQl vie] FEfo} Fo| Tt 8 TA R EE
A< 318 &= Qo) Electric Guitar Zo A £ “solid, nar-
row body with a rounded nose” 9} “six strings”<} 2] Mandolin
HAAA o7 ks Y e P o] AEE o,
Mandolin 21| 4 = “pear-shaped body” <} “eight strings” 2} 7]
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2 7P AR B Hd2a9E S 1A 2502 HA v W
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2AHEE A wEolth dE S0 “six strings”v
Mandolin®] “eight strings” 9} &Y ¢+ &2 74~ 2= &4 ol A
AHHo g Hug o en F Ff2E AR or 7ET
AE A A E Z-g3it WA Electric Guitar 52 “played
by plucking the strings with the right hand”& @& &712t0.2
o] st TS At 2ACE, AARI o]n|A] o 4]
= AAA 0 E 1T 7 gl 54 ol7] Wzl ofmA] Yl
Fke} AT} vrop AlA A9 H 1t Mandolin 59

“musical instrument in the lute family” % A] Electric Guitars.
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Table 5. Ablation study evaluating the contribution of each
component to the overall performance of CoDES

(average top-1 accuracy, %).

Method acc diff
CoDES(Proposed) 75.50 -
w/o confusion set 75.02 -0.48

w/o descriptor matching 7491 -0.59
w/o selection(=CuPL) 74.43 -1.07

AR Y23 H wA & AAS L oW AT 2THE FA
Eo® 49 ml t2IHEHE AT 79 (who descriptor
matching), CuPL ThH] +0.48%p /N4 E o] &5 S22 ﬁi
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(a) Sensitivity to k (m fixed = 15)
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Table 6. Average top-1 accuracy (%) across 8 benchmark
datasets for all (k, m) combinations.

m=5 m=10 m=15 m=20

k=5 74.09 74.48 74.7 74.64
=10 74.65 74.89 74.91 74.74
=15 74.80 75.10 75.18 75.05
=20 74.95 75.20 75.30 75.16

A A, 167) 23 dntoll 2H Hit AT 74.09% ~
75.30%2 1.21%p ool EXatm FFHAE= 0.3%°) B3
SFATE o= A|QF W o] sto] 3 utetrE l<:94 m <] Hs}o|
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Figure 4. Hyperparameter sensitivity analysis of CoDES on four datasets (Food101, Caltech101, Flowers102, and SUN397). (a) Top-1
accuracy with varying confusion set size k, while fixing the number of selected descriptors to m=15. (b) Top-1 accuracy with

varying number of selected descriptors m, while fixing the confusion set size to £&=20.
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Table A1. Comparison between dataset-specific best and single fixed (k=20, m=15) settings of CoDES on 8 benchmark datasets using
ViT-B/16 backbone.

flowers pets dtd food sun ucf caltech cars avg

CuPL (baseline) 71.98 91.93 47.66 89.22 65.69 71.35 93.18 64.42 74.43
CoDES (fixed, k=20, m=15) 72.37 91.77 50.69 89.43 66.57 71.21 93.91 66.47 75.30
CoDES (dataset-specific best) 72.99 92.04 51.01 89.43 66.62 71.21 94.20 66.47 75.50

178 (k=20, m=15) AA ] B BT+ 7530%=, vl HAEE H A 314 (k, m) 2 2H(75.50%) THE] T 0.20%p o] AFo]The &
%08, CuPL tJHI Z=+0.87%p 2] G#H T4 FrA8I T o= Ak W 22] A5o] HloEjAE slo] 3 st 2n| E Fidol o=
ShA gkor, T IAHF AA M E 8] ERAYS HoAE

A2 AA J233E $AE A A 44 8|2

B Ao A 5yl ME A T A2IHHES] o|v)A] FAZE HtH(mean) &2 FA8l] E Y H4E AE3TE B RS M =
sl A e o el S AFs] A8, 78 Ak skl A4 I gE TS ‘E%E}%Max W2 2 74 Ak 89 3709
A Y2 IYE Y HS Z-83H= Top-3 W4 S Hlw tF 0.2 A3 7335 T <Table A2>+ Al 71| R A ¥-4] 9] 87) o]
B B A TS v w3 A9E HojF)

Table A2. Performance comparison of different aggregation methods for rival descriptor similarity in Eq. (5) on 8 benchmark datasets
using ViT-B/16 backbone. The best performance is highlighted in bold.

flowers pets dtd food sun ucf101 caltech cars Avg

Max 72.58 91.99 50.69 89.34 66.31 70.92 93.87 66.22 75.24
Top-3 Mean 72.74 91.93 50.48 89.42 66.56 71.16 94.20 65.96 75.31
Mean (Ours) 72.99 92.04 51.01 89.43 66.62 71.21 94.20 66.47 75.50

A3 A} AFE mean Al 4 0] 871 Blo]EAl B A B = 7])F 75.50%2 Max(75.24%) ! Top-3 Mean(75.31%) thy] 713
T e Btk ol 5 SU 2 JY C7F oW CLIP frA= 715 39 i 2 A AR &5 SE ol gk Hol 719 %
OS5 CH EEAA U oe A &7 Al M) o3 FY ~50|BE, AR 76 E5H e S8 200w o &8l Bk XA
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A A}2N AW Tt A7 G F S wr R A A staL 9l om,
ATATTAT4 2%, 719t d A AEA, g=
kA S A st BA 8o A 2024 SALEIY S S TlolE|wke] g8t 3]4-S A ITh B = University of Texas at
ala wetheta 447 9 38k ol A 20261 AL E S Arlington &Sl A alE A St om, FThetal A
ST ATk test-time adaptation©] TF. A58 ol A SAFERS]E P Georgia Institute of Technology
ol A YA 2813 AAL gl HiALERR) S S8k i T /IS A
ZAAE: Tt A Y sl A 2022 ShALEY) & H 58k HA Y, H A3 22 el o] & thoksk 38, A4
v et 2+ A FE ol A et ES A of A)3 2o]  FH3E AME]H3} ool S8k ATE TSk YTk
T}, A F0k= domain adaptation, test-time adaptation®] TF.
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