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Introduction & Motivation
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0 Compression & Performance Challenges

« Separate low-rank and quantization compound errors.
« Extra image encoders make compression harder.
« Performance degradation after compression.

0 Computational Cost Challenged

« Training LMMs is extremely expensive
* |Inference consumes raises environmental concerns

« Massive computational cost limit broader usage
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Introduction & Motivation

A
1956

Methods <—— Limitation

Low-rank + Quantization (Separate) <«—> Compounded reconstruction errors
Spatial domain compression <«— |gnores frequency domain benefits
LLM compression on LMMs <+— Cross-modal redundancy proliferation
Large-scale calibration datasets <+— Data accessibility constraints

Full Hessian computation <«— High computational overhead

Direct weight factorization <+—> Misses de-correlation properties
Token-level LMMs compression <+— \/ision encoder parameter inflation

Core Question:
How about leveraging frequency-domain properties for more efficient and effective compression?
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QUWhy Frequency Domain?
QTheoretical Advantages:

« De-correlation: More compact singular value spread
« Conjugate Symmetry: ~50% parameter reduction for real matrices
« Energy Compaction: Most energy in few coefficients

Singular values of LIaMA-3 8B Query matrices

10! —— Spatial Domain
—— Frequency Domain
100,

10—1 4

10-24

Magnitude of Singular Value

10*4 4

6 }.OIOO 20I00 30I00 40IOD
Order of Singular Value
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Methodology

QO Framework Overview

L System Architecture
* Fourier-Vision Encoder: CLIP-ViT-L/14 compressed via Fourier Approximation

* Fourier-VLP: Two-layer MLP for cross-modal alignment

LLaVA-FA ¥ |
* Fourier-LLM: Qwen-2.5 series compressed via Fourier Approximation >
Fourier-LLM
U Key Innovation 2
©00-0 000
« Joint optimization: Unlike existing methods that decouple [ H H, ]
low-rank and quantization Tq i
* Frequency domain processing: All weight matrices Tokenizer [ Fourier—VLP ‘
transformed to complex domain W
L fv
- Autoregressive generation: p(Yo|H,, H,) = | [ p(vi| Ho, Hg, y<i)
1=1

Xq X, —— Fourier-Vision
Encoder
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Methodology

U Core Algorithms
QMathematical Formulation QTechnical Details
- Spatial domain: W ~ Q + L;L, + Optimization objective: uin ||VCo[W—(Q+TLo)]||,

- Frequency domain: W ~ Q + L,;L, * PolarQuantsteps:r;; « /X2, +V? , 0;; < atan2(Y;;, X ;)
« Alternating updates: FourierSVD < PolarQuant

QKey Advantages Cdy | dy k dy |
. : | I k.
« Conjugate symmetry: Real matrices — 50% | el prestace
- i W ~d Q|+ dfh
parameter reduction
« Singular value distribution: More compact energy in  \_ _Fullprecision A e ST
frequency domain » 3
A a
- PolarQuant: Separate amplitude and phase for L2 T Tan B A

complex matrix quantization ;; ~3 ‘ T |

~ | = ull precision
dl W W Q QHI _I_ dl L1 Full p
' | |

—_— . -_—

Full precision ' Low precision Full precision

Q
oy




¢S K g

University of Electronic Science and Technol c-u,'nfChma

Methodology

Optimization Algorithm for Fourier Approximation

Algorithm 1: Fourier Approximation Algorithm 2: FourierSVD Algorithm 3: PolarQuant
: o 2 . : . = el Input :C | idual mat
Input :Complex weight matrix W, Calibration Input :Complex residual matrix R = W — Q, P Romp‘;x re;j ;a n;a m; d
matrix C, Target rank r, Amplitude Calibration matrix C, Target rank r b o d[h b Plh agé b 1‘:]‘51 é[tlﬂ g
bitwidth b,., Phase bitwidth by if C i s None then _ 4 Bxtract real and imacinars pa o
Tnitialize Q < 0 and ¢ « oo # Perform SVD on complex matrix C + Re(R) Y Im(R)
fort < 1to7T —1do U 2, VH SVD(R) # Convert to polar coordin
# Fourier SVD with rank 7 # Keep only top r singular values for each element (a 3) do
Li,Lo « FourlerSVD(W Q.C ,T) Er o 2[1 P, 1: r], rig /X2 + Y
-;ib lar Quantizat L Ur — U[ 1: r] 0; ; <—ata112( G X )
Q « PolarQuant (w LT, by, .56,) VI« V1 endl
) - ~ # Compute quantization parameters
if C is None then L «+ U,VE,, Ly + VEVEH . i_) ma_lxi(.,ni 2)
# Weighted error else Ay  Tmax/(207 — 1)
e = W = (O +T.L H D:ow « RowAverage(C) A o /(b0
¥ ‘ (Q+ Ly 2)‘ F Dcol + ColAverage(C) (9\(_ ?,T/( J.)l aideanid whica
else o . o U=, VH SVD(meRDcol) for each element (4, j') dO
# Calibration weighted error # Keep only top r singular values qr,i,j < round(r; j/Ar)
e = ||[VCOI|W - (Q+ £1E2)|H 3 E[l r,1:7], 36“1_2 rcljllll.l(g(gi,j +m)/ Do)
F Az,;; 1,3 ™
end g”" = I{[ Lail, 0i,j < d6,i,5- Do — 7
if e, > €;_1 then VH — VH[ 1: ?"] end
| break /3 # Reconstruct complex matrix
cnid El — me I\J/_?}{D_l for each element (2, j) do
— VX ~ -~ 6,
end end i o ‘ d Qi,j i - €%
~ ~ =~ en
Output :Q, Ly, Lo, e Output : L ; Ls Output : Quantized complex matrix Q




Experiments

L Main Results

QU Key Highlights
« 60.9% average accuracy across benchmarks
« +5.5% improvement over MoE-LLaVA-2B
« +3.7% improvement over Mini-Gemini-2B

« Competitive with 7B models while using 2B parameters

U Training Efficiency
« Training samples: 5M (vs 15M-2000M for competitors)
« Parameters: ~2B (77% reduction from base model)
« Data usage: <0.3% compared to large models
« 23% trainable parameters of full model

« Maintained performance with aggressive compression

VisWiz

SQA-IMG
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MMB-CN
61.7

= |mp-2B

Bunny-2B

59.3 — MoE-LLaVA-2B
= DeepSeek-VL-1.3B
TextVQA — LLaVA-FA-2B

Method LLM #Sample #Param |GQA VisWiz SQA' vQAT MME MMB MMBCN |AvG
BLIP-2 Vicuna-13B 129M 410 196 610 425 647 - - -

VILA-7B LLaMA-7B 50M 623 578 682 644 767 689 617 |657
CogVLM Vicuna-7B 1500M 649 - 656 782 718 637 538 .

InstructBLIP Vicuna-13B 130M >7B 495 334 63.1 50.7 60.6 - - -

Qwen-VL-Chat Qwen-7B 1450M = 575 389 682 6L5 744 606 567 |56.7
Deepseck-VL-7B | DLLM-7B 2000M 613 499 740 647 734 741 728 |672
LLaVA-1.5-7B Vicuna-1.5-7B 12M 620 500 668 582 755 643 583 |62l
LLaVA-NeXT Vicuna-1.5-13B | 1.3M 654 605 736 67.1 787 704 644 |68.5
LLaVA-FA-7B InternLM-2-20B |  5M 685 620 760 680 745 745 695 |704
Imp-3B Phi-2-2.7B 1.6M 635 541 728 598 723 729 467 |632
Bunny-3B Phi-2-2.7B 2.1M 625 438 709 567 744 686 372 |[59.2
VILA-3B LLaMA-2.7B 51M 615 535 690 604 721 634 527 |618
MobileVLM MLLaMA-2.7B | 13M 590 - 610 475 644 596 = =

MobileVLM?2 MLLaMA-27B | 36M 35 | 611 . 700 575 720 632 - .

MoE-LLaVA-3B | Phi-2-2.7B 22M 614 439 685 514 711 652 418 |576
MiniCPM-V MiniCPM-24B | 570M 515 505 744 566 689 640 627 |612
MiniCPM-V-2 MiniCPM-24B | 570M 521 602 763 732 705 685 672 |669
LLaVA-FA-3B LLaMA-3-8B 5M 650 625 770 640 710 705 680 |683
Imp-2B Qwen-1.5-1.8B | 1.6M 619 396 661 545 652 638 612 |589
Bunny-2B Qwen-1.5-1.8B | 27M 596 342 646 532 650 591 585 |563
Mini-Gemini-2B | Gemma-2B 27M . | 607 4L5 631 562 670 598 513|571
MoOE-LLaVA-2B  |Qwen-1.5-1.8B | 22M 615 326 631 480 646 597 573 |553
DeepSeek-VL-1.3B | DLLM-1.3B 2000M 593 368 642 584 653 646 610 |585
LLaVA-FA-2B Qwen-2.5-7B 5M 621 417 682 593 666 667 617 |60.9
SPHINX-Tiny TLLaMA-1.1B 1Mo [ S80 492 215 578 631 566 378 |49.2
LLaVA-FA-1B Qwen-2.5-3B 5M 567 497 613 579 633 583 494 | 567




Experiments

QU Hallucination & Ablation Results

Model LLM #Param | Object HalBench POPE MMHal-Bench
| Resp | Ment | F1 1 Score T Hall |

Qwen-VL-Chat Qwen-7B 9.6B 40.4 20.7 74.9 2.76 38.5
LLaVA-1.5-7B Vicuna-7B B 53.6 252 86.1 2.36 51.0
VCD Vicuna-1.5-7B B 48.8 243 84.5 2.12 54.2
OPERA Vicuna-1.5-7B B 45.1 223 85.4 2.15 54.2
HA-DPO Vicuna-1.5-7B B 39.9 19.9 86.8 1.98 60.4
POVID Vicuna-1.5-7B B 48.1 244 86.3 2.08 56.2
LLaVA-RLHF Vicuna-1.5-13B 13B 38.1 18.9 82.7 2.02 62.5
LURE Vicuna-1.5-7B B 277 17.3 - 1.64 60.4
RLHF-V Vicuna-13B 13B 12.2 7.5 86.2 2.45 51.0
RLAIF-V Vicuna-1.5-7B 7B 8.5 4.3 - 3.06 29.2
MiniCPM-V MiniCPM-2.4B 2.8B 21.6 11.5 79.5 3.70 249
MiniCPM-V-2 MiniCPM-2.4B 2.8B 14.5 7.8 86.3 4.09 18.2
Mini-Gemini-2B Gemma-2B 2B 29.7 21.1 85.6 2.83 18.8
Bunny-2B Qwen-1.5-1.8 2.2B 50.2 234 85.8 272 19.3
LLaVA-FA-2B Qwen-2.5-7B 2.2B 11.2 7.7 87.5 279 17.5

* 11.2% response-level hallucination (best in class)
« 87.5% POPE F1 score (highest accuracy)

» Qutperforms larger 7B models

QKey Highlights
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Table 3: Performance comparison with different rank. Table 4: Impact of b, and bg on model performance
and compression ratio (CR).

Model Rank | Avg Acc? = = =
64 55.3 ' O AxgAre] r Haly
LLaVA-FA-1B 128 56.3 2 2 56.3 14.5 18.7
256 56.6 33 591 128 134
4 4 60.9 11.2 11.2
64 58.9 5 4 61.0 10.1 109
LLaVA-FA-2B 128 59.7 4 5 60.9 10.8 11.0
256 60.8 6 6 61.2 8.9 10.5

QFinding: Higher rank enables better adaptation,
especially for larger base models (+1.9% gain for 2B model)

QL Optimal Configuration:
* br =Db0 =4 balances quality and compression
« 11.2x compression ratio maintained
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Experiments

JQualitative Analaysis O Comparison of data efficiency

Image: | I :' ﬁ Instruction: Image: - i  Instruction: Table 15: Comparison of data efficiency. LLaVA-FA-2
(800%683) | ’ What types of flowers are on the top ~ (1488x737) 7 Ggen ... ~ HowmuchisRay-Ban outperforms baseline models even when restricted 1
o« -~ o) ¥ Fe s
| —1 e = : Mete Vb only 1M samples, which demonstrates its superior da
: . efficiency.
Imp-2B: (Y 45ms There are purple and red flowers on TImp-2B: (9 54ms The listed price of Ray-Ban Meta y
the top shelf. Wayfarer is 299 USD.
Mini Gemini-2B: (0 50msThere is a bouquet of purple Mini-Gemini-2B: (9 65ms The price for the Ray-Ban Model Training samples AVG?
flower on the top shelf. Meta Wayfarer is $259.
Imp-2B 1.6M 58.9

MoE-LLaVA-2B : (Y) 49msThe flowers on the top shelf
are purple and red.

o
=Y

MoE-LLaVA-2B : (@ 60ms The image shows a pair of Bunnv-2B 27M 56.3
Ray-Ban glasses. y ; E

Mini-Gemini-2B 2. 57.1
;Lz;:ﬁ:;;&fﬁ: E :I?(;lfed.n;l:fﬂﬂﬁegm on the top shelf LL?SVQ—;;A—ZB: © 50ms The Ray-Ban Meta Wayfarer MoE-LLaVA-2B 2 2M 5573
i Lt Sl RS DeepSeek-VL-1.3B 2000M 58.5
LLaVA-FA-2B SM 60.9

Figure 5: Qualitative comparison. LLaVA-FA-2B demonstrates superior precision and efficiency on fine-grained ;
L g L i - L b o il L LLaVA-FA-2B 2.5M 59.7

recognition (left) and OCR tasks (right). It correctly identifies specific details (e.g., “petunias”) and prices with
the lowest latency among all baselines. LLaVA-FA-2B IM 59.2
U Key Highlights QKey Highlights

* Higher Precision: Delivers specific, fine-grained visual recognition. , pata Efficiency: Outperforms rivals

« Superior OCR: Accurately extracts complex text and numerical data. using significantly fewer training samples.

. Faster Inference: Maintains the lowest latency, achieving a 13-28% ° Architectural Advantage: Gains stem
from Fourier-domain compression rather
speedup over competitors. than data volume.



Conclusions

University of Electronic Science and Technology TChm

“i@&ﬁ&+

L LLaVA-FA leverages joint low-rank + quantization approximation in frequency domain

» PolarQuant: polar-coordinate quantization for complex matrices
JdLLaVA-FA Leverages Fourier properties for compact and accurate representations

dPractical solution for deploying LMMs in resource-constrained scenarios

« Optional diagonal calibration eliminates need for large-scale calibration data

dOpens new direction for frequency-domain neural compression
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