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Abstract

In the research framework of semantics, language is regarded as a carrier of meaning, while images
are representations of perception. With the development of artificial intelligence, cross-modal re-
search between text and image has become a new hot spot. This paper focuses on the task of text
searching for images, and analyzes how text can be transformed into corresponding images through
models from a semantic perspective. Specifically, this paper proposes a CLIP + MLP model based on
semantic combination features for improving the performance of the model in fine-grained seman-
tic alignment. In addition, this paper compares the semantic matching ability of the original CLIP
model and the CLIP + MLP model by constructing multi-level text descriptions, and tests the image
generation of abstract semantics using the Stable Diffusion 1.5 model. The results show that the
CLIP + MLP model performs better under complex semantic structures, while the Stable Diffusion
1.5 model also shows some semantic construction ability in the reduction of abstract style and met-
aphorical language. All in all, this paper validates the key role of semantic feature modeling in cross-
modal tasks and provides strong support for semantics-driven graphic understanding.
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Figure 1. Cosine similarity calculation diagram
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Figure 2. Architecture of Image Encoder in graphics editors
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Figure 3. Architecture of Text Encoder in text editors

[ 3. SCAHREEEE Text Encoder 3244°

3.3.2. Stable Diffusion &5

Embedded
Patches

Stable Diffusion 7 E —FAFIRAOY BB, FROVIBEY HIUBRL[18]. TR, ST HUE R K&

DOI: 10.12677/ml.2025.1391013

565

PR F 22


https://doi.org/10.12677/ml.2025.1391013

DOI: 10.12677/ml.2025.1391013

AT T TT, FFEEHTHAC T GAN B A AR [19]. JFUR Y B RUAEAE S VH A E 2 N A7
DL BN 1S O, & AT AR AR 9 72 23 [A) AR ZE 23 18] BEAT I B A2 [20] » AT S5 H 40 R I 4 Jir
Zi

s D 4 Latent Space ") €onditioning
~ Diffusion Process emanti

/ Ma
2 " Denoising U-Net €g 2r Text

ﬂ Repres

\entations
T

mage:

,/t t zr
L— ~J
Pixel Space) )
I~ " — Ty
Q
PY s A T
denoising step crossattention  switch

skip connection concat
Figure 4. Stable Diffusion model architecture

4. Stable Diffusion &% 224
3.4. hIEER

AL E mRATRR AR VAL, SR BIPES TR bR R 2 B
Table 2. Evaluation indicators

2. N ErR

$6k 44 T 0

Top-k i % TR 2 75 (R ILAERT K 447y
Pl 1% SLICREA 45

S L

H1 MLP A5 H A I SCVLRCAS 53(0~1)
J5 4 CLIP B4 H A3 SUABLISE 70

4. CLIP + MLP &gt 5%

NTHRF CLIP BAAEE CILEAT S R, AR ESINT —NRERR L Z AL
(Multi-Layer Perceptron, MLP) B, DL SEAR T 68 J8 i o6 BRI @A AE 1. Bk, J54h CLIP

REAVE TSSO R T 5 R R T Z I R SZARBEENITEAS 5y, ik B, (AAE S
ARG LA B SCRIE I W] BEAFAERIB BE AT RO it ARSCER Y 1 —Fhil U SR S5 4 -

x=[f;f;|f—f|;fof] ®)
B PR S E G R EA S FH 402 LA Hadamard BRI 5818 A2 BAS BRIARE 11, %6

ERHME R RN, FEAN A Z e W 2% 2L ) MLP #1585, BEAT AR VL RO, fx
2l — AN UUACNE R 23 #L se[0,1] HIE R AL R P :

s=o(W,-ReLU (W, -x+b;)+b;)

(4)

566

PR F 22


https://doi.org/10.12677/ml.2025.1391013

TR F
PR AR 1 IR B RIS B, Mol T ERE S BRI, A RERTT T RAE
BkiE LILRAE S5 T A HIRIBE ST o

5. XAE|EBRHITE N REE

5.1. T CLIP BB X ILECRE 04

AT DL B SE BE LI B — 7K B R AT SO IR, 7 (8 )5 BIAR 7 B SE R B AN, BE
HLREEL P (B A 4fi%: OIP-_7Dax4YmCMA4SX9 EQn4qLQHaFZ) i K& 5 fiw:

Figure 5. Randomly selected target image 1 (from the Animals-10 dataset)
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Figure 6. Randomly selected target image 2 (from the Animals-10 dataset)
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Figure 7. Model performance comparison-heatmap
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