
A Appendix1

A.1 Additional Examples2

Evaluating Fine-Grained Alignment in Image-Text Retrieval. We compare our trained SuperCLIP-3

L 12.8B model with a CLIP-based model (using the current state-of-the-art SigLIP 2 -L as a represen-4

tative) to demonstrate the superior performance of our model in fine-grained alignment. Additional5

examples are provided in Fig.1 through Fig.4.
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Figure 1: Two animals playing outside on a tree branch.
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Figure 2: An airplane makes its way down a runway for takeoff.
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Figure 3: A herd of sheep standing on top of a hill.
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Figure 4: A grey cat on the hood of a black car.
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A.2 Keyword Co-occurrence Statistics7

We also searched for other keyword co-occurrence statistics in Datacomp-1B (10M captions). Each8

example represents a common object pair (Basic Pair) combined with a more specific fine-grained9

attribute. While the basic pairs tend to appear with relatively high frequency, adding specific fine-10

grained attributes results in much lower occurrence rates. More keyword combination examples are11

provided in Table 1 through Table 4.12

Keyword Group Animal(s) + Tree Cat + Car

Condition Basic Pair + play(ing) Basic Pair + orange/grey

Matching Captions 367 2 216 6
Percentage (%) 0.00367 0.00002 0.00216 0.00006

Table 1: Keyword combination: Animals(s) + Play(ing) + Tree and Orange/Grey + Cat + Car.

Keyword Group Airplane + Runway Sheep + Hill

Condition Basic Pair + takeoff Basic Pair + herd

Matching Captions 58 3 32 1
Percentage (%) 0.00058 0.00003 0.00032 0.00001

Table 2: Keyword combination: Airplane + Runway + takeoff and Herd + Sheep+ Hill.

Keyword Group Sign + Road Cat + Toilet

Condition Basic Pair + yellow/orange Basic Pair + closed/open

Matching Captions 1300 59 68 1
Percentage (%) 0.01300 0.00059 0.00068 0.00001

Table 3: Keyword combination: Yellow/Orange + Sign + Road and Cat + Open/Closed+ Toilet.

Keyword Group Man + Tie Cat + Screen

Condition Basic Pair + fix(es/ing) Basic Pair + watch/look (ing)

Matching Captions 273 0 38 2
Percentage (%) 0.00273 0.00000 0.00038 0.00002

Table 4: Keyword combination: Man + Fix(es/ing) Tie and Cat + Watch/Looking (ing)+ Screen.

As shown in the tables above, common basic pairs such as Animal + Tree (Table 1) or Man + Tie13

(Table 4) appear at a reasonable frequency. However, when more fine-grained attributes are added —14

for example, an animal playing on a tree or a man fixing his tie — such captions become much rarer.15
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A.3 FLOPs Statistics16

For the FLOPs analysis, the computational cost of the model primarily comes from the Model17

Components and the Loss Function. We provide a detailed estimation of the FLOPs for both parts,18

as outlined below. The results are summarized in Table 5.19

Component CLIP-B SuperCLIP-B CLIP-L SuperCLIP-L

Vision Encoder 16k * 16.868 16k * 16.868 16k * 59.689 16k * 59.689
Text Encoder 16k * 2.911 16k * 2.911 16k * 6.547 16k * 6.547
Linear Head – 16k * 0.038 – 16k * 0.051

Contrastive Loss 274.878 274.878 412.317 412.317
Classification Loss - 5.666 - 5.666

Table 5: Estimated FLOPs (in GFLOPs) for different components of CLIP and SuperCLIP under a
batch size of 16k. The only additional computation in SuperCLIP comes from the lightweight linear
head and the classification loss.

Model Component: For the CLIP model, the main computational cost comes from the vision20

encoder and text encoder. In SuperCLIP, in addition to these two components, a lightweight linear21

head is also included, which adds a small amount of computation. We use the standard fvcore library22

to compute the FLOPs for the vision encoder, text encoder, and the additional linear head in the CLIP23

and SuperCLIP models using dummy inputs. Take the L-size model as an example:24

• The dummy image input is a tensor of shape p1, 3, 224, 224q, representing a batch of 1 RGB25

image.26

• The dummy text input is a tensor of shape p1, 77q, simulating a tokenized text sequence with27

77 tokens (the typical maximum sequence length in CLIP), drawn from a vocabulary of size28

49,408.29

• The dummy pooled image feature input to the linear head is a tensor of shape p1, 1024q,30

mimicking the average-pooled image embedding from the vision encoder.31

In our results, the vision encoder consumes 59.698 GFLOPs, the text encoder consumes 6.54732

GFLOPs, and the additional text decoder in SuperCLIP introduces only 0.051 GFLOPs, which33

accounts for merely 0.077% of the total model computation.34

Loss Function: To analyze the computational cost of our training objective, we estimate the35

number FLOPs involved in the forward pass of the combined loss function LTotal, which includes a36

classification loss LClass and a contrastive loss LCLIP. For the classification loss, given a batch size of37

B and number of classes C, the total FLOPs include:38

• log_softmax over C classes: approximately 5ˆB ˆC FLOPs, accounting for exponentials,39

reductions, and logarithms per sample;40

• element-wise multiplication with target distribution: B ˆ C FLOPs;41

• summation across class dimension: B ˆ pC ´ 1q FLOPs.42

Thus, the total cost for classification loss is approximately 7 ˆ B ˆ C FLOPs. For the contrastive43

CLIP loss, assuming image and text features of dimension D, the dominant operation is the pairwise44

dot product between B image and B text embeddings, resulting in a matrix multiplication of shape45

rB,DsˆrD,Bs, which requires 2ˆB2 ˆD FLOPs. Take the L-size model (C “ 49,408, D “ 768)46

as an example: with a batch size of 16k (B “ 16,384), computing the contrastive loss requires47

approximately 412.317 GFLOPs, while the classification loss requires only 5.666 GFLOPs—about48

1.374% of the former. The difference in computational cost between the two losses mainly arises49

from the quadratic complexity of contrastive loss with respect to batch size.50
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A.4 Word-Image Similarity51

To better illustrate the differences between SuperCLIP and CLIP in terms of word-image similarity,52

we present the representative words ranked in the Top, Middle, and Last 20 positions based on53

word-image similarity scores. The results are shown in Table 6.54

Number Top 20 Middle 20 Last 20
CLIP SuperCLIP CLIP SuperCLIP CLIP SuperCLIP

1 zebras brushing nintendo swimming looks animals
2 giraffes monitors walk color skies snowboarder
3 kites screen onto walking are fashioned
4 hydrant teeth hot dining itself skiing
5 zebra wave roof sinks country skier
6 surfing sleeping beans assorted leaves fries
7 skateboarding racket alone motorcycles types chain
8 skateboarder beds shoes kite style bird
9 surfer laying arranged trail beneath jump
10 kite beside friends donuts about pasta
11 zoo desk women down type zoo
12 surfers pillow busy by which railroad
13 brushing mouth ledge eaten body puppy
14 snowboarder inside plastic cement does snowboarding
15 giraffe stands fly is professional skis
16 elephants blurry cars towards poses skateboard
17 petting tarmac hair flower features skateboarder
18 donuts sheets wearing electronic watches tracks
19 carriage suitcases helmet huge fashioned giraffe
20 sheep setting chair working lush track

Table 6: Representative words from the Top, Middle, and Last 20 positions, selected based on
word-image similarity scores computed by CLIP and SuperCLIP on the COCO validation set.

As shown in the table above, our model exhibits a significant shift in word ranking compared to CLIP.55

While the top 20 words in CLIP are almost exclusively object categories, SuperCLIP successfully56

promotes more fine-grained attribute words to higher rank, including those describing object status,57

spatial relations, and actions—such as Blurry, Inside, and Stand(s). This indicates that SuperCLIP58

encourages the model to pay more attention to such fine-grained attribute-level concepts.59

5



A.5 Complete Evaluation Results Across 38 Datasets60

We evaluate all models using the open-source LAION CLIP Benchmark on zero-shot classification61

across 38 datasets. Results are shown in Table 7 (first 19) and Table 8 (remaining 19). As not all62

datasets are discussed in the main text, we include the remaining references in B.63
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CLIP-B (1.0/0.0) 44.1 75.1 46.7 39.2 79.6 81.5 5.7 50.0 3.5 3.7 31.4 52.8 84.7 50.0 2.4 41.8 10.9 54.4 18.6

SuperCLIP-B (1.0/0.0) 43.1 78.0 50.9 34.2 80.2 83.4 5.3 52.7 8.4 3.2 33.99 55.4 83.5 54.4 1.5 45.4 11.3 52.1 15.8

CLIP-B (0.0/1.0) 46.3 38.0 19.5 17.0 59.9 19.7 5.7 48.2 28.8 3.1 42.7 18.6 64.3 24.4 1.6 23.4 13.7 56.1 20.7

SuperCLIP-B (0.0/1.0) 60.1 55.2 28.1 15.0 64.5 23.8 5.9 48.6 5.6 3.1 44.3 26.2 68.3 36.2 2.6 26.0 12.5 56.0 17.1
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CLIP-L (0.8/0.2) 63.3 77.3 50.8 38.8 80.9 83.9 5.5 51.1 59.8 3.2 43.6 56.0 84.2 54.4 2.5 43.1 11.9 50.2 15.6

SuperCLIP (Dual) 74.2 79.7 56.7 47.6 82.3 88.4 5.4 53.7 15.0 2.9 42.4 61.4 84.2 64.8 2.4 48.8 11.2 56.3 19.5

Table 7: Zero-shot classification accuracy (%) on 38 datasets (first 19).
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SuperCLIP (Dual) 82.7 15.8 3.1 58.7 82.3 15.6 62.8 69.1 50.6 97.3 34.7 25.9 81.8 39.8 97.2 66.1 16.5 44.8 68.9

Table 8: Zero-shot classification accuracy (%) on 38 datasets (remaining 19).

6



A.6 Experiments Compute Resources64

All experiments are performed on a compute cluster with a maximum of 16 NVIDIA A100 GPUs.65
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