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Motivation

Challenges in Language-Image Pre-training Leveraging Frozen LLMs as Text Encoders

* Data Scarcity: High-quality image-text pairs (e.g., T N ’“bddg"lpgt;t“mglt'

long text, multi-lingual) are rare. T — T';;‘ignaégsgr — B '@ ) @

» Constrained Text Input Length: Standard CLIP- i B L /

style text encoders choke on long texts (>77 tokens). o _____ e

* Limitations in Prior Works: Approaches such as - B | N\, el

long text decomposition and positional encoding §|— & — Textbncoder | — ¢ | 1 () @ @

iInterpolation fail to resolve the core limitation g\ C%ibN e N eN Sermmmeeeee ’
Imposed by the text encoder's capacity bottleneck. | o (b) DreamLIP

* Conventional Wisdom: Frozen text encoders lead m,_fmd ____________________ * /,el _______________

to suboptimal performance. i3 [ 75 % i
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(c) FLAME (Ours)
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Multifaceted Prompt Distillation

Detailed image description: “In the
image, two men are immersed in a
musical performance on a stage. The
man on the left, donned in a black tank
top and blue sunglasses, is engrossed in
. His counterpart on
the right, wearing o qgray t-shirt, is
passionately . They
stand before a vibrant backdrop that
bursts with colors and text, adding to
the lively atmosphere of the event. The
image captures a moment of
, as music fills the air
between the performers and their
audience.”. After thinking step by step,

Prompt 1: The primary action
or event taking place?

—

Prompt 2: The characteristic of '
the main object?

wwwww Prompt K: The overall emotion
or atmosphere?
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* Objective: To capture diverse semantic
representations from long captions,
aligning better with the multifaceted
nature of images.

* Mechanism: Employing a set of
structured prompts targeting different
semantic levels (e.g., entity, interaction,
scene) to guide the frozen LLM In
extracting distinct features.
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Number of Inferences: K

Facet-Decoupled Attention
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Number of Inferences: 1

* Practical Efficiency: A specialized
attention mask allowing parallel
computation of all prompt
embeddings within a single forward
pass, utilizing a shared prefix
structure. The frozen nature of the
LLM enables to pre-compute the
text embeddings offline.
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Image-Text Retrieval

Multilingual Retrieval Long-Context Retrieval

R T B oo S4V-val Urban-1k DCI DOCCI-test

he cop s Lo - Method Dataset 2T T2 | 12T T2 | I2T T2I | 12T T21

CLIP [41] CC3M 21.4 202 | 10.7 9.6 8.3 7.5 8.6 7.0

N . N Long-CLIP [62] | CC3M+S4V 51.3 46.1 | 155 185 | 13.8 142 | 147 12.6
FLLAME CC3M 85.6 80.0 | 653 66.6 | 508 493 | 545 519

d © ! 60. 4160

) | b b CLIP [41] YFCC15M 57.1 459 | 304 236 | 220 19.1 | 26.5 23.3
Long-CLIP [62] | YECCISM+S4V | 772 77.6 | 40.5 46.1 | 294 29.7 | 350 33.5

ja 0 ar L ar FLLAME YFCC15M 941 93.2 | 840 879 | 66.1 68.1 | 75.8 76.2
o . | B CLIP [41] WIT-400M 782 79.6 | 67.5 533 | 454 43.0 | 60.7 57.0

: : = Short-Context Retrieval
: Text Retrieval Image Retrieval
pt te Dataset Method MSCOCO Flickr30k MSCOCO Flickr30k

e o, e . R@1 R@5 R@I0 R@I R@5 R@I10 | R@l R@5 R@I0 R@l R@5 R@I0

= - o . - o CLIP [41] 87 239 337 7.1 197 286 | 174 379 501 139 308 405
STELIP v 47.40; dataset: multiingual WebLl) STgLIP v, 34.40; dataset: multingual WebLl) coav | MLLM-A[36] | 359 624 739 635 866 917 | 265 SL1 627 493 748 831

—e— FLAME (avg: 51.72, dataset: YFCC15M) —e— FLAME (avg: 49.00, dataset: YFCC15M) DreamLIP [63] | 399 672 781 668 89.6 944 | 298 552 663 507 767  83.6

_ _ FLAME 433 691 789 673 876 93.1 | 286 545 657 536 799 871

(a) Text Retrieval (b) Image Retrieval

CLIP [41] 30.7 562 674 549 80.0 884 | 19.1 409 525 372 643 743

VECClsM | SOCLIP[16] | 309 562 683 562 821 886 | 192 412 526 372 643 745

DreamLIP [63] | 55.8 80.7 887 849 973 991 | 423 689 78.0 653 867 91.8

FLAME 60.5 829 893 864 973 986 | 439 704 797 733 917 955

WIT-400M | CLIP [41] 524 767 847 819 962 988 | 331 584 690 621 856 918
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Zero-Shot Classification

More Results

Semantic Interpretability

table Strip Strip books Bed Strip room :
table  Strip Bed  ustomed

table table Bow bread bread <ol Wood

table rice oo dog fied Table table table chocolate Fried tab|e

two table four each four Four table

table Sugar sugar four nuts potato three table Sugar four dough

table Rice rice ‘table bak bread bak

table Bread Bread bak

O —_—
] - S = .
) ‘_|4 > - ! wn
= & 2 9 = 5 5| &% |z
3 = = = = 5 = 3 = ke 2 ‘g
Dataset Method K © O 9 O - A O H <
CLIP [41] 106 35339 204 31.2 1.2 | | 104 117 432 129 | 19.7 16.0
LaCLIP [14] 142 511 275 355.1 1.6 1.6 66 156 3527 14 | 23,70 | 21.5
CC3M MLLM-A [36] 187 584 324 438 39 S 202 321 635 175 | 29.2 | 250
DreamLIP [63] | 194 743 44.2 459 2.8 1.0 17.0 27.1 63.1 14.7 | 31.0 | 31.1
FLAME 32.1 736 420 56.6 6.7 69 438 41.2 741 263 | 40.3 | 36.0
CLIP [41] 350 671 348 420 3.l 6.3 139 204 545 443 | 323 | 34.1
YFCC15M | DreamLIP [63] | 442 89.0 62.0 57.1 9.2 6.4 305 326 798 40.2 | 45.1 | 48.2
FLAME 61.8 86.1 567 668 10.7 103 549 40.7 789 51.7 | 519 | 51.5

table bread }}>< ‘table Baker bak baking

garden garden garden flower red flowers outdoor

garden garden red Outdoor
garden both | #&  red  red flowes outdoor

Linea r'PrObe ClaSSification i ‘a."'e ‘af"‘f i f“"" mk  garden table | red | milk
= 5 table tea bread bread Break bottles tea |
= < = = table (R ISR RERRH EtR c:c:« [ES tea bread bread tea
[ I — D)
; % % ., ‘45 A § %0 table bread bread Bread bread tea table
8 Lb Lb E g [_‘ L‘; g table table blue blue coffee table table G Bread bread LaiE
Dataset Method H- S © © < = S <
CLIP [41] 62.6 868 68.1 328 409 634 820 | 624 ur e oo R ™ sfiutter garden [EREE R
LaCLIP [14] 63.8 87.7 695 324 42.7 640 83.3 | 63.3 curly dog dogs dog dog dog dog
CC3M MLLM-A [36] | 640 87.7 68.5 345 321 604 855 | 61.8 Dog dog dog Puple Puple dog dog Dog | dog | ‘Purplel | deg
DreamLIP [63] | 71.2 922 74.0 31.5 267 704 885 | 649 o e I e e et e
FLAME 720 903 729 45.2 386 69.7 89.5 | 68.3 =90 | ) N | O dog | Purcle |Purple Purple
CLIP [4]] 772 885 664 290 255 652 824 62.0 grass grass grass urple Purple Stand grass
YECC15M HiCLIP [17] 81.0 89.1 704 364 323 687 864 | 66.3 . . B .. e .
DreamLIP [63] | 83.6 96.5 823 41.8 346 743 912 | 72.0
FLAME 859 950 81.0 543 393 768 925 | 75.0 Input Image avg pool=2x2 avg pool=4x4, padding = 1
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Key Contributions

* We challenge the conventional wisdom about frozen text encoders and demonstrate
that frozen LLMs can effectively enhance language-image pre-training.

* We introduce a novel framework that leverages frozen LLMs for data-efficient language-
Image pretraining via multifaceted prompt distillation.

* We propose a facet-decoupled attention mechanism, complemented by an offline
embedding strategy, to enhance computational efficiency.

* Extensive experiments validate that FLAME significantly outperforms existing methods in
data-scarce scenarios, excelling in long-context understanding and multilingual tasks.
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Thank you!

Project page:
https://github.com/MIV-XJTU/FLAME

For any further questions, please contact us:
caoanjla/@stu.xjtu.edu.cn weixing@mail.xjtu.edu.cn

mazhiheng@suat-sz.edu.cn



https://github.com/MIV-XJTU/FLAME
mailto:caoanjia7@stu.xjtu.edu.cn
mailto:weixing@mail.xjtu.edu.cn
mailto:mazhiheng@suat-sz.edu.cn

