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1 Illustrations

1.1 ChatGPT (2) Responses

We show two examples of our summary-based comparison and direct comparison in Fig. 1, Fig. 2,
Fig. 3 and Fig. 4. In each example, we compare the comparative descriptions with the baseline
descriptions (6) to show our method’s strength. Compared with the baseline, our method can give
set-aware and comparative descriptions, which benefits classification.
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Q: summar i ze t he f ol l owi ng cat egor i es wi t h one sent ence:  
Sal mon,  Gol df i sh,  Pi r anha,  Zebr a Shar k,  Whal e Shar k,  
Snapper ,  Swor df i sh,  Bass,  Tr out ?
A: t hi s i s a dat aset  of  var i ous f i shes

[ mor e exampl es . . . ]

Q:  summar i ze t he f ol l owi ng cat egor i es wi t h one 
sent ence:  cobwebbed,  i nt er l aced,  meshed,  st r at i f i ed,  
z i gzagged?
A:  t hi s dat aset  i ncl udes di f f er ent  t ypes of  pat t er ns or  
st r uct ur es i nvol v i ng i nt er l ocki ng el ement s

(a) Summary.

Q:  What  ar e usef ul  v i sual  f eat ur es f or  di st i ngui shi ng a Cl ay Col or ed Spar r ow i n a 
phot o i n a dat aset :  Thi s dat aset  consi st s of  var i ous spar r ows?
A:  Ther e ar e sever al  usef ul  v i sual  f eat ur es t o t el l  t her e i s a Cl ay Col or ed 
Spar r ow i n a phot o:
-  a di st i nct  pal e cr own st r i pe or  cent r al  cr own pat ch
-  a dar k eyel i ne and a pal e st r i pe above t he eye
-  br owni sh- gr ay upper par t s
-  coni cal - shaped bi l l

[ mor e exampl es . . . ]

Q:  What  ar e usef ul  f eat ur es f or  di st i ngui shi ng a cobwebbed i n a phot o:  t hi s 
dat aset  i ncl udes di f f er ent  t ypes of  pat t er ns or  st r uct ur es i nvol v i ng i nt er l ocki ng 
el ement s?
A:  Ther e ar e sever al  usef ul  v i sual  f eat ur es t o t el l  t her e i s a cobwebbed i n a 
phot o:
-  Pr esence of  a cent r al  hub or  anchor  poi nt  f r om whi ch t he t hr eads r adi at e
-  Concent r at i on of  t hr eads i n a speci f i c  ar ea,  cr eat i ng a dense net wor k
-  Del i cat e and f i ne t hr ead t hi ckness
-  Pot ent i al  pr esence of  capt ur ed pr ey or  debr i s wi t hi n t he web st r uct ur e

(b) Summary-based comparison (ours).

Q:  What  ar e usef ul  v i sual  f eat ur es f or  di st i ngui shi ng a Cl ay Col or ed Spar r ow i n 
a phot o?
A:  Ther e ar e sever al  usef ul  v i sual  f eat ur es t o t el l  t her e i s a Cl ay Col or ed 
Spar r ow i n a phot o:
-  a di st i nct  pal e cr own st r i pe or  cent r al  cr own pat ch
-  a dar k eyel i ne and a pal e st r i pe above t he eye
-  br owni sh- gr ay upper par t s
-  coni cal - shaped bi l l

[ mor e exampl es . . . ]

Q:  What  ar e usef ul  f eat ur es f or  di st i ngui shi ng a cobwebbed i n a phot o?
A:  Ther e ar e sever al  usef ul  v i sual  f eat ur es t o t el l  t her e i s a cobwebbed i n a 
phot o:
I ' m sor r y,  but  I ' m not  f ami l i ar  wi t h t he t er m " cobwebbed"  i n t he cont ext  of  a 
speci f i c  speci es or  obj ect .  Coul d you pl ease pr ovi de mor e i nf or mat i on or  
c l ar i f y your  quest i on?

(c) Baseline.

Figure 1: Example 1. A detailed illustration of summary-based comparison compared with the
baseline.
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Q: summar i ze t he f ol l owi ng cat egor i es wi t h one sent ence:  
Sal mon,  Gol df i sh,  Pi r anha,  Zebr a Shar k,  Whal e Shar k,  
Snapper ,  Swor df i sh,  Bass,  Tr out ?
A: t hi s i s a dat aset  of  var i ous f i shes

[ mor e exampl es . . . ]

Q:  summar i ze t he f ol l owi ng cat egor i es wi t h one sent ence:  
c l ub sandwi ch,  gr i l l ed cheese sandwi ch,  hambur ger ,  hot  
dog,  pi zza,  pul l ed por k sandwi ch,  t acos?
A:  t hi s dat aset  l i s t s di f f er ent  t ypes of  popul ar  f ood 
i t ems

(a) Summary.

Q:  What  ar e usef ul  v i sual  f eat ur es f or  di st i ngui shi ng a Cl ay Col or ed Spar r ow i n 
a phot o i n a dat aset :  Thi s dat aset  consi st s of  var i ous spar r ows?
A:  Ther e ar e sever al  usef ul  v i sual  f eat ur es t o t el l  t her e i s a Cl ay Col or ed 
Spar r ow i n a phot o:
-  a di st i nct  pal e cr own st r i pe or  cent r al  cr own pat ch
-  a dar k eyel i ne and a pal e st r i pe above t he eye
-  br owni sh- gr ay upper par t s
-  coni cal - shaped bi l l

[ mor e exampl es . . . ]

Q:  What  ar e usef ul  f eat ur es f or  di st i ngui shi ng a c l ub sandwi ch i n a phot o:  t hi s 
dat aset  l i s t s di f f er ent  t ypes of  popul ar  f ood i t ems?
A:  Ther e ar e sever al  usef ul  v i sual  f eat ur es t o t el l  t her e i s a c l ub sandwi ch i n 
a phot o:
-  Gener al l y cut  i nt o quar t er s or  hal ves,  of t en hel d t oget her  by t oot hpi cks
-  Typi cal l y i ncl udes l ayer s of  t ur key or  chi cken,  bacon,  l et t uce,  and t omat o
-  May i ncl ude cheese or  mayonnai se
-  Of t en vi s i bl e f r om t he si de due t o t he t r i pl e- decker  st r uct ur e

(b) Summary-based comparison (ours).

Q:  What  ar e usef ul  v i sual  f eat ur es f or  di st i ngui shi ng a Cl ay Col or ed 
Spar r ow i n a phot o?
A:  Ther e ar e sever al  usef ul  v i sual  f eat ur es t o t el l  t her e i s a Cl ay Col or ed 
Spar r ow i n a phot o:
-  a di st i nct  pal e cr own st r i pe or  cent r al  cr own pat ch
-  a dar k eyel i ne and a pal e st r i pe above t he eye
-  br owni sh- gr ay upper par t s
-  coni cal - shaped bi l l

[ mor e exampl es . . . ]

Q:  What  ar e usef ul  f eat ur es f or  di st i ngui shi ng a c l ub sandwi ch i n a phot o?
A:  Ther e ar e sever al  usef ul  v i sual  f eat ur es t o t el l  t her e i s a c l ub 
sandwi ch i n a phot o:
-  hel d t oget her  wi t h t oot hpi cks or  skewer s
-  usual l y made wi t h t hr ee sl i ces of  br ead,  cr eat i ng a t r i pl e- decker  
st r uct ur e
-  a v i sual l y appeal i ng appear ance

(c) Baseline.

Figure 2: Example 2. A detailed illustration of summary-based comparison compared with the
baseline.
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Q:  What  ar e usef ul  v i sual  f eat ur es f or  di st i ngui shi ng Hooded Or i ol e f r om 
Scot t  Or i ol e,  Bal t i mor e Or i ol e i n a phot o
A:  Ther e ar e sever al  usef ul  v i sual  f eat ur es t o t el l  t her e i s a Hooded Or i ol e 
i n a phot o:
-  di st i nct i ve br i ght  or ange or  yel l ow and bl ack col or at i on
-  or ange or  yel l ow body and under par t s
-  not i ceabl y cur ved downwar ds bi l l
-  a bl ack bi b or  " hood"  t hat  ext ends up over  t he head and down t he back

[ mor e exampl es . . . ]

Q:  What  ar e usef ul  f eat ur es f or  di st i ngui shi ng a cr osshat ched f r om l i ned i n 
a phot o?
A:  Ther e ar e sever al  usef ul  v i sual  f eat ur es t o t el l  t her e i s a cr osshat ched 
i n a phot o:
-  The pr esence of  i nt er sect i ng l i nes t hat  cr eat e a gr i d- l i ke pat t er n
-  The l i nes ar e t ypi cal l y evenl y spaced and per pendi cul ar  t o each ot her
-  The ar eas bet ween t he l i nes ar e f i l l ed wi t h par al l el  l i nes i n a di f f er ent  
di r ect i on,  cr eat i ng a cr osshat ch ef f ect

(a) Direct Comparison (ours).

Q:  What  ar e usef ul  v i sual  f eat ur es f or  di st i ngui shi ng a l emur  i n a phot o?
A:  Ther e ar e sever al  usef ul  v i sual  f eat ur es t o t el l  t her e i s a l emur  i n a 
phot o:
-  f our - l i mbed pr i mat e
-  bl ack,  gr ey,  whi t e,  br own,  or  r ed- br own
-  wet  and hai r l ess nose wi t h cur ved nost r i l s
-  l ong t ai l
-  l ar ge eyes
-  f ur r y bodi es
-  c l awed hands and f eet

[ mor e exampl es . . . ]

Q:  What  ar e usef ul  f eat ur es f or  di st i ngui shi ng a cr osshat ched i n a phot o?
A:  Ther e ar e sever al  usef ul  v i sual  f eat ur es t o t el l  t her e i s a cr osshat ched 
i n a phot o:                
-  The l i nes may var y i n t hi ckness,  densi t y,  or  col or
-  The ar eas bet ween t he l i nes may be f i l l ed wi t h par al l el  l i nes i n a 
di f f er ent  di r ect i on

(b) Baseline.

Figure 3: Example 1. A detailed illustration for direct comparison.
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Q:  What  ar e usef ul  v i sual  f eat ur es f or  di st i ngui shi ng Hooded Or i ol e f r om 
Scot t  Or i ol e,  Bal t i mor e Or i ol e i n a phot o
A:  Ther e ar e sever al  usef ul  v i sual  f eat ur es t o t el l  t her e i s a Hooded Or i ol e 
i n a phot o:
-  di st i nct i ve br i ght  or ange or  yel l ow and bl ack col or at i on
-  or ange or  yel l ow body and under par t s
-  not i ceabl y cur ved downwar ds bi l l
-  a bl ack bi b or  " hood"  t hat  ext ends up over  t he head and down t he back

[ mor e exampl es . . . ]

Q:  What  ar e usef ul  f eat ur es f or  di st i ngui shi ng a gnocchi  f r om macar oni  and 
cheese and r i sot t o i n a phot o?
A:  Ther e ar e sever al  usef ul  v i sual  f eat ur es t o t el l  t her e i s a gnocchi  i n a 
phot o:
-  Whi t e or  yel l owi sh i n col or                                                                   
-  Ser ved wi t h sauces,  but  not  t ypi cal l y cover ed wi t h cheese l i ke macar oni  
and cheese            
-  I ndi v i dual  pi eces r at her  t han a cr eamy,  gr ai n- based di sh

(a) Direct Comparison (ours).

Q:  What  ar e usef ul  v i sual  f eat ur es f or  di st i ngui shi ng a l emur  i n a phot o?
A:  Ther e ar e sever al  usef ul  v i sual  f eat ur es t o t el l  t her e i s a l emur  i n a 
phot o:
-  f our - l i mbed pr i mat e
-  bl ack,  gr ey,  whi t e,  br own,  or  r ed- br own
-  wet  and hai r l ess nose wi t h cur ved nost r i l s
-  l ong t ai l
-  l ar ge eyes
-  f ur r y bodi es
-  c l awed hands and f eet

[ mor e exampl es . . . ]

Q:  What  ar e usef ul  f eat ur es f or  di st i ngui shi ng a gnocchi  i n a phot o?
A:  Ther e ar e sever al  usef ul  v i sual  f eat ur es t o t el l  t her e i s a gnocchi  i n a 
phot o:                        
-  Smal l ,  r ounded or  oval  shape                                                                       
-  Smal l  r i dges or  i ndent at i ons on t hei r  sur f ace

(b) Baseline.

Figure 4: Example 2. A detailed illustration for direct comparison.

1.2 Hierarchies

We also visualize the complete tree structure of the Describable Textures dataset in Fig. 5. The
visualization shows that our tree can have multiple depths for different nodes and similar nodes will
be classified into the same group.
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Figure 5: Illustration of the complete tree structure. Leaf nodes annotated with names correspond to
categories and nodes sharing the same parent are in the same group.

1.3 Confusion matrices

As shown in Fig. 6, we visualize complete confusion matrices compared with the baseline under
six different datasets. Our method will correct some of the misclassified categories thanks to our
comparison method.
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CUB200 (8)

ImageNet (4)

Food101 (1)

Oxford Pet (9)

Place365 (5)

Describable
Textures (3)

Figure 6: Confusion matrices comparison: the left ones are from the CLIP model and the right ones
are from our method.
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(a) Herring Gull (b) Ring-billed Gull

Figure 7: Visual comparison between a herring gull and a ring-billed gull.

2 Failure Cases

While our approach excels at generating comparative descriptions, it is very hard for CLIP (7) to
fully comprehend certain descriptions. As an example, we employ the ViT-B/16 backbone to tackle a
binary classification task involving Herring Gull and Ring-billed Gull and compare the basic prompt
with some incomprehensible prompts, whose experimental results are shown in Tab. 1. Overall, we
find three typical types of descriptions that could hurt the resulting performance:

Table 1: Binary classification accuracy across different prompts.
Base: “Herring Gull” and “Ring-billed Gull”;
P1: “Herring Gull with a robust and heavier build” and “Ring-billed Gull with a stocky appearance overall”;
P2: “Herring Gull with pale yellow eyes” and “Ring-billed Gull with dark or blackish-brown eyes”;
P3: “Herring Gull with larger and rounder head” and “Ring-billed Gull with the large and round head”.

Prompt Base P1 P2 P3

Accuracy 63.33% 18.33% 58.33% 53.33%

2.1 Size Ambiguity

Describing the size of objects in an image becomes inherently challenging when using text alone,
primarily due to the loss of depth information after projection. As an example, let’s consider two
prompts generated by ChatGPT (2): “Herring Gull with a robust and heavier build” and “Ring-billed
Gull with a stocky appearance overall”. But it does not match the display in Fig. 7.

2.2 Similar Color

Although ChatGPT can provide information about color differences, accurately representing these
differences in pixel space poses significant challenges. Factors such as category variation, lighting
conditions, and other environmental factors make it difficult to precisely convey color distinctions.
Distinguishing between a "herring gull with pale yellow eyes" and a "ring-billed gull with dark or
blackish-brown eyes" solely based on textual descriptions from ChatGPT is quite challenging when
observing the two birds in Fig. 7.
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2.3 Comparative Adjective

Encoding absolute content with CLIP is quite straightforward, but encoding relative content is
challenging. This is because CLIP’s references are biased towards the training dataset, rather than
contrasting images.
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