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« Challenge: Large KV Cache with Long Context

« KV Cache: During decoding phase, the key and value hidden states of all previous tokens in
Attention block need to be stored to avoid re-computation.

Length * Batch-Size * Num-Layers * Num-Heads * Head-Dim * 2 * 2bytes

KV Cache Memory Consumption (bf16)

« Difficulties in Re-training

« Sparse Attention /Recurrence /Head Sharing
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« Challenge: Large KV Cache with Long Context

« KV Cache: During decoding phase, the key and value hidden states of all previous tokens in
Attention block need to be stored to avoid re-computation.

Length * Batch-Size * Num-Layers * Num-Heads * Head-Dim * 2 * 2bytes

KV Cache Memory Consumption (bf16)

« Difficulties in Re-training @Resource-Intensive Re-training
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« Challenge: Large KV Cache with Long Context

« KV Cache: During decoding phase, the key and value hidden states of all previous tokens in
Attention block need to be stored to avoid re-computation.

Length * Batch-Size * Num-Layers * Num-Heads * Head-Dim * 2 * 2bytes
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KV Cache Memory Consumption (bf16)

« Difficulties in Re-training
Multi-Head Attention (MHA) Grouped-Query Attention (GQA) Multi-Head Attention (MHA) Decoupled-Head Attention (DHA)
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« Heterogeneity of Head Similarity in Attention

Wk Head Similarity Wv Head Similarity
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(a) Head Weight Similarity in Oth Layer (b) Head Weight Similarity in 21st Layer
« Head Similarity Observation Experiments
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Method Experiments Summary

« Heterogeneity of Head Similarity in Attention
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« Heterogeneity of Head Similarity in Attention
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~ ~| « Motivation 1
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« Connectivity of head parameters
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« Connectivity of head parameters
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Independent DNNs Connectable path between optimal points in loss landscape

« Head Fusion Observation Experiments
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- ::::; \4\ 08 8 The loss increases when the head parameter ratio

0.6 approaches 0.5 but decreases and stabilizes toward the end.
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00 Parameter fusion can reconstruct the functionality of the
0 100 200 300 400 original parameters while reducing the number of heads
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Multi-Head Attention (MHA) Grouped-Query Attention (GQA) Decoupled-Head Attention (DHA)
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Heads Heads Grouped Heads In-Fusion Heads
Mean Pooling Head Dependence Search Learning-Based Head Fusion

How can we construct a more efficient model while keeping costs as low as possible?
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Experiments Summary

Decoupled-Head Attention (DHA)

D D Layern
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« Multi-Head Attention (MHA)
MHA = Concat (head,, ..., heady ) Wo, where head;, = o (xw"(xw N \/—_) XWE (D)
« Decoupled-Head Attention (DHA)
head,,; = o (XWZ(XWZK(h’l))T . \/Ld_k) Xwgv(h,l) (3)

DHA shares key and value heads in multi-query attention based on independently
mapped functions across different layers.

DHA consists of H = H2+ >~ | H + >/, H} heads in total.

13
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Dependence Search In-Group Head Fusion Continued Pretraining
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. Goal arg min Ba-p [le (w;M(@MHA)) + ALusion (:::;M(@MHA), (—)DHA)] @
By progressively merging head parameters, we reduce the number of heads while retaining the

knowledge of the original model, thus decreasing training costs and enhancing performance.
14
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Dependence Search In-Group Head Fusion Continued Pretraining

1

4 4 4 ! 2 2
Lrusion = — (onj — o)’ ! Lousion = G s (w-— ) ODHA — (W', ., W]
fusion = 64 hj — Wp'j | fusion = Group_num 3 hj — Wp';j K/V = 1, H
h=1 h'=h+1 j=1 : h=1 h'=h+1 j=
1
1

I 1
1 1
1 1
I }
1 1
\ Fusion Initiation Fusion Process |
I | | I I I I |
1 1
JU S IR SR i 1
1 1
I 1
wOW, W, W, W W, W, [WJ\WB w(,sz\wllw3 |
A ~ = / »— “/ 1 A 7 x A 1
N > [ s : 2l I \ / ! : !\
pE 3¢ Sx ! w w w1 1| w w // :(J) (1)11: \A/ :(L) ! I
IS PSSl P 1 0,0 2,2 ) 3,3 0,0 0,2 p 3,3 1 y W + 4 2 W.
g AN S : Wo,2 W20 W13 W31 (D(;,z w2,0 L 013 a)},q' | wooWo + Wz Wy w1,1[, 1T T3
o= 74 phi gt S X ’ . \
I |
a Wy W, W, Wy W, W, (W Wi W, W, Wy W LWOLWZ‘WJ ngl
| | | ‘/ : I [ / I I : [ / X / I I

1 1
I 1
[m=mmmmmmm=mms pmsmmmmm—mseee 1 1

L W, W, i Wi, Ws E : Woz = w20 =0 w13=0w3z;=0 @W0,0 «— W20 W11 +—> W33 : Wo,0 = W20 W11 = W31

---------------------------- X Woo =Wz =1 w13 =w33=1 Wo,2 > W22 W13 «— W33 I Wo,2 = W22 W13 = W33
1
1
1
1
1
1
}
1
1

L = ming s [L1m (M (@M™)) + 2Leys10n ] L = max;ming j [le(M(GMHA)) + ALfysion ] L = ming L, (")

° K 1 \'
* Fusion Operator head,; = o (XWZ(XWZ (h’l))T . —\/d_> Xwé (h’l),whereW b E Wh; W k/v 5)
k

During DHA initialization, the fusion operator constructs new heads based on a linear
combination of original key and value heads within each group. The initial forward of
DHA are fully equivalent to those of MHA.

15
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. thimization Fusion Process

The goal is to enable a single fused key or value head to be { N N I I

shared across multiple query heads in DHA. We design a WoJ ‘ W, | WJ [WJ

fusion loss to optimize the initial mapping functions to a single X I S

unified mapping function. s R
Wo,0 Wop Wl A 1wz

2

Ehead{‘ (h7 h/) -

11 . g _
2o wn Wi = 2w Wi,
9 j=1 j=1

1 (< < ’
= g (Z(whj - Wh’j)wi/v,ij> (6
j=1

Since W can be considered a scalar, we only need to optimize M } ‘ : ] I
the fusion variable w.

£
s
=
z

W0 «—> W20 W11 «—> W31
wO,Z <> (.02,2 Cl)1,3 — 0)3’3

Ltusion = Z Z Z Z Ehead" (h, W ), subject to ﬁhead” (h, h )= Z Z(whﬂ - wh’J) (M

1=1 n=1h=1h/=h+1 h1;1

Challenge: We must optimize the fusion loss to a near-zero minimum, enabling effective
sharing of the new DHA key-value head parameters across queries within the group.

16
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« Optimization Fusion Process
The goal is to enable a single fused key or value head to be N N I I
shared across multiple query heads in DHA. We design a | WIJ [WJ
fusion loss to optimize the initial mapping functions to a single A S A
[ J [ ] [ J [ J \ /
unified mapping function. . LN o
Wo, ’ ﬂwoz 0)11| /A\ |(l)33
wOZ wz 6)13(.0}&

, 1
Ehead{‘ (h7 h ) = E

g

J . W

k/v th/JWk/v
Jj=1

2 ;(z(wm wh/])wk/wf ©) WVo’ ﬁVz |W1 {WJ
|

wo,o s ‘Uz,o (D1,1 > W31

« Augmented Lagrangian Approach @02 = @22 W13 s W33

In the early stages of training, We encourage the model to tolerate differences among
parameters to promote exploration. As training progresses, the algorithm gradually enforces
stricter reduction of these differences, improving parameter alignment within each group.

max ({_)ma Ex~p [le (a:; JW(GMHA)) + Amax (Lysion — t, 0)] , where t = max (0, b* (1 — %)) (8)

t as the target loss, b as the base decay factor, s as the current global step, k as warm-up step 17
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Table 1: Comprehensive assessment of model’s fundamental capabilities, in which DHA models demonstrate
competitive performance while requiring significantly fewer training resources. Models with T use MHA.

Commonsense & Comprehension Continued LM
Model Budget SciQ PIQA Wino. ARC-E ARC-C HellaS. LogiQA BoolQ LAMB. Average
LLaMA2-7B' 2T 941 78.1 69.1 763 497 589 2577 80.8 74.1 67.4
DHA-7B-50% 50B 934 785 69.1 738 459  58.6 225 79.1 71.1 65.8 + Under the same
DHA-7B-25% 50B 924 785 68.6 729 439 576 224 7677 70.2 64.8 training budget,
GQA-7B-50% 1B 907 768 665 713 419 536 224 705 670 623 DHA surpasses GQA.

DHA-7B-50% IB 908 765 667 713 44.6 55.1 224 748 67.2 63.3
GQA-7B-25% IB 865 743 591 676 375 49.2 241 658 583 58.0

DHA-7B25% 1B 900 752 638 704 393 522 211 723 629 o7 ° Higher compression
rates lead to greater

S.-LLaMA-2.7Bf 2T 912 76.1 649 673 388 522 221 744 683 617 :

relative performance
GQA-2.7B-50% 1B 86.7 748 590 640 342 482 238 649 603 573 e f pDH A
DHA-27B-50% 1B 868 751 595 64.6 351 487 224 664 617 578 gains Tor -

GQA-2.7B-25% 1B 820 728 549 584 310 429 217 585 496 524
DHA-2.7B-25% 1B 85.6 741 57.6 615 324 459 217 631 569 554 .« Achieves 97.5%

S-LLaMA-13Bf 2T 870 736 582 609 295 454 218 655 613 559 performance with
GQA-13B-50% 1B 843 723 558 575 282 418 207 629 529 529 just 0.05% of the
DHA-1.3B-50% 1B 84,5 720 552 581 287 426 215 637 554 536 training budget.

GQA-1.3B-25% IB 766 700 529 519 235 37.6 21.0 3599 41.0 48.3
DHA-1.3B-25% IB 828 711 540 554 258 405 21,5 57.6 48.6 50.8

18
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Motivation

Method
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NG Summary

70
60 -
50 1 —— DHA-7B-25%
—— GQA-7B-25%
40 ' : ;
02 05 1.0 1.5

2.0

Continued Pretraining Budget (B)

Table 2: Ablation Results of DHA w.o. Linear Heads Fusion and Adaptvie Transformation. Experiments are
conducted with LLaMA2-7B with 25% heads budget and 0.5B & 1B training budget on 0-shot Evaluation.

Models SciQ PiQA Wino. ARC-E. ARC-C. LogiQA LAMB. Average Diff
DHA-7B-25% (0.5B) 886 759 61.3 68.2 36.1 23.8 63.2 59.6 —

w.o. Linear Heads Fusion 834 737 57.3 63.6 29.4 22.0 51.9 54.5 -5.1

w.o. Adaptvie Transformation 879  74.1 60.1 69.4 34.7 19.5 62.1 58.3 —-04
DHA-7B-25% (1B) 90.0 75.2 63.8 70.4 37.5 21.1 62.9 60.1 —

w.o. Linear Heads Fusion 87.5 74.5 60.7 67.3 32.8 21.7 58.3 57.5 —2.6

w.o. Adaptvie Transformation  89.5 74.6 62.8 69.1 36.3 21.6 62.4 59.5 —-0.6
DHA-7B-25% (5B) 91.7 76.8 64.4 70.9 42.8 21.8 68.4 62.4 —

GQA-7B-25% (5B) 91.5 76.6 63.9 70.5 42.3 22.1 67.8 62.1 —-04

DHA initial loss is only
slightly above the original
model loss.

DHA retains original model
knowledge, achieving a
higher performance.

0.1B data is enough to get
a good DHA initial point.

Table 3: Data budget allocation to fusion and
continued pre-training(CT) and 0-shot Task
Average Accuracy (%) in DHA-1.3B.

Fusion CT
Tokens Avg.Acc Tokens Avg.Acc

0.05B 33.74 4.95B 59.08
0.10B 38.32 4.90B 59.53
0.15B 48.26 4.85B 59.46
0.20B 52.54 4.80B 59.16

1Y
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« Is the DHA architecture truly efficient?

— GQA

—— DHA-40ba
Training from scratch using the DHA-searched

architecture achieves faster training speeds and
better performance than GQA.

LM Loss

2 T T T 1
0.1 0.2 0.3 0.4 0.5

Continued Pretraining Budget (B)

« How does DHA allocate the head budget?

15 - I Key heads .. o

" m=s Value heads DHA allocates more parameters to critical layers.
o 10 1 .
3 DHA generally preserves parameters in the early layers.
* 5 l ‘ l ‘ DHA compresses parameters in the later layers.

O _ BN NN NN 58 S 8 1111111 1hi ‘ 11111111 BE B

1 3 5 7 9 11131517 19 21 23 25 27 29 31
20
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« What is the head similarity distribution before and after DHA fusion?

« DHA merges multiple heads within each cluster into a
single head while preserving inter-cluster relationships.

« Maintains the same overall distribution trend as MHA.

« Effectively reduces head parameter redundancy.

30272421181512 9

 Performance of the Instruction Tuned DHA model

DHA-2.7B-25% vs. GQA-2.7B-25% DHA-1.3B-25% vs. GQA-1.3B-25%
72.75% 2725%
0 20 40 60 80 100 0 20 40 60 80 100

Figure 10: In model scale of 7B, 3B, and 1.3B, DHA significantly outperforms GQA and achieves comparable
performance with MHA after instruction tuning .

21
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Decoupled-Head Attention (DHA)

Heterogeneous Attention Efficient Architecture y D D Layern

« Increases training speed

 Enhances the capability of key components Layern
« Compresses parameters of redundant components D D D D

Progressive Head Parameter Fusion D D D D D D D D Layer n

« Significantly boosts training speed
« Achieves 5x training acceleration

» Reconstructs model functionality DHA Initialization .

Stronger and More Efficient Model P

+ 13.93% improvement with 0.01% budget =
* 4% improvement with 0.05% budget Group size N

« 75% KVCache compression Heads Grouped Heads In-Fusion Heads

Head Dependence Search Learning-Based Head Fusion

22



AN,
g 70 .
2 NEURAL INFORMATION
ool , PROCESSING SYSTEMS

’.x.ok‘;. 18th Annual Conference. 2024

Vancouver,
Canada

Background

Motivation

Method Experiments

Summary

« Considering that the training and deployment of large-scale LMs require a large amount of
computing resources, Efficient-LMs are more cost-effective in actual production environments.
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Larger models are powerful but have

Performance (Commonsense Reasoning Score)

exponential training costs!

LEfficient Large Language Models: A Survey
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Memory
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HuggingFace Open LLM Leaderboard Score (%)

55

Larger models use more memory and

are slower at inference 1]
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