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Transformers
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Figure 1: The backbone of Llama-like transformers
(Xfmr+4+).



Standard Attention (SA) [Vaswani et al., 2017]
e Training: given X = [z1,..., 7] € RT*4

O = softmax((QK ") @ M)V, (1)

fully parallelizable, but needs O(T2d) complexity

e |nference:
o; = V, softmax(K;q;), (2)

tokens are processed one by one, requiring O(T'd) memory to store the history




Transformers: Linear Attention

Linear Attention (LA) [Katharopoulos et al., 2020] emerged as a linear-time alternative to SA

e LA removes softmax in SA, and utilize the associative property to reduce FLOPs
0=(QK")V=QK'V), (3)

K"V first in O(Td?), fully parallelizable as well

e Admits recurrent computation during inference

St = Stfl + kt R v € RdXd

O = StTQt

(4)

only O(d?) matrix-valued memory to store the history




f Training parallelization  Inference cost
SA  softmax © 0O(T?%d) ® O(T1d)
LA - © O(Td? © O




Transformers as KV Memories

Key question: How to linearize SA?

e Generally, K,V can be viewed as neural key-value memories Rt,{/} € Rmxd
[Sukhbaatar et al., 2015]

Oy = ‘Nfz—f(ﬁt%)- (5)
e Transformers are equipped with unbounded number of memory slots,
i.e., m =t for step t

e simply fix the number of memory slots to a constant size m < T



Transformers as KV Memories: Sliding Window Attention

e First-in-first-out: the oldest one is popped out once a new key is introduced into the full
buffer

IN{t ={ki—m,. .., ki}

e Information outside the window strategy is discarded, necessitating a large window size, e.g.,
4K tokens in Mistral



Gated Linear Attention



Attention with bounded-memory control

ABC [Peng et al., 2022]
e When T > m, saving information from multiple tokens into one slot is inevitable.
o ABC defines control vector ¢, € R™ for memory read/writing:

T T
K=) ¢;0ki e R V=3 ¢;@v e R, (6)
i=1 i=1
e ABC admits recurrent computation, involving two-pass LA

Rt Zﬁt71+¢t®kt € R™*4 vt:{/tfl‘i‘qbt@'ut € Rm™x4 (7)

o; = VT softmax(K¥ q;) € R%. (8)

e Naive implementations are expensive



f Forget gate Training parallelization  Inference cost
SA  softmax - © O(T?4d) ® O(Td)
LA . ® © or®) © o)

ABC  softmax ® ©® O(Td) ® o)
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Data-independent gating

RetNet [Sun et al., 2023]

e Upon vanilla LA, RetNet introduces forget gate to control the decay rate
S; = ’YSt—l + ki ®uv; € RdXd,

~ € (0,1) is a scalar data-independent decaying factor

e The decay rate is fixed across time steps, regardless of the input tokens
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Data-dependent gating

GLA [Yang et al., 2024b]

e It is shown that data-dependent decay is crucial for RNNs to selectively retain and forget infos
[Gu and Dao, 2023]

e GLA introduces forget gate depending on the input

S: = Diag(ay) - Si—1 + ki @ v, € R4 0, =8T¢q, € R
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Summarization

f Forget gate Training parallelization  Inference cost
LA - ® © O(rd? © o)
ABC softmax ® ©® O(rd? ® O’
RetNet - o 1 © O(Td? © o)
Mamba?2 - © © O(Td? © o)
GLA - ©® o ©® O(rd?) ©® 0@



Gated Slot Attention



GSA

GSA improves ABC using a selective gating mechanism.

e For each memory slot, the update rule is a simple gated RNN with a scalar gating value
K, = Diag(a;) - Ky_1 + (1 — o) @ ky € R™**
{/t = Dlag(at) . \7,5,1 + (]. - at) R vy € Rde (9)
o; = VT softmax(K' q,) € R?
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GSA as two-pass GLA

{O; ;:'F:l = GLA ({q’bv k’ia 1- O, Oy 1}3—':1)

10
{oi}iT:l = GLA ({softmax(o;), 1—-ay,v;,1, ai}iTzl) (10)
N ( DY
Vi1 W-’ A
q ; Y,
(D= e —) s %C:J
s 3 ~
k: qt
m*
§ Y,

Figure 2: The recurrent representation of GSA. A~ means taking x: as input.
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Remarks

e Queries in GSA is the output of the first GLA pass and thereby is aware of the entire historical
information.

e GSA preserves the softmax operator, more suitable in the setting of “fine-tuning pretrained
Transformers into RNNs" [Kasai et al., 2021].

e GSA only needs half the recurrent state size of GLA and a quarter the recurrent size of
RetNet, while having better performance.
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Summarization

f Forget gate Training parallelization  Inference cost
LA - ® ©® O(Td?) © 0
ABC softmax ® ©® O(Td? © O
RetNet - © © O(rd? © o)
Mamba?2 - ©® v ©® O(Td?) ©® 0@
GLA - © o ©® oO(rd?) © o)
GSA softmax © o © O(rd? ©® 0@



Model architecture
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Figure 3: The backbone of our proposed GSA models. The main architecture follows the settings of

Llama that stacks token-mixing layer (our GSA) and channel-wise Swish GLU alternatively. 18



Related Works

HGRN [Qin et al., 2023]

e Like LRU [Orvieto et al., 2023], Il non-linearities are removed, enabling HGRN to be
parallelized in O(T logT) time.

e HGRN introduces data-dependent gating as well as tied input gates following GRU.

ht:ftth_1+Z't®Ct€Rd

iv=1—f, € R ()
Mamba [Gu and Dao, 2023]
e Data-dependent gating with (1-d) state expansion.
hy = Ashi_1 + Bz, € RY (12)
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Related Works

HGRN2 [Qin et al., 2024]

e 2-d state expansion as well as tied input gates upon GLA.

St = Dlag(at) . St,1 + (1 - at) R vy € RdXd.

DeltaNet [Schlag et al., 2021, Yang et al., 2024c]
e Erase infos before writing new ones.

St = Stfl —kt ®U?ld +kt ®’U?ew
=81 - Bk ® (S:qkt) + Bk @ vy
= (1 — Bik: @ kt)Si—1 + Bk @ vy,

(14)
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Related Works

TTT [Sun et al., 2024]

e Formulate the updating rule as an explicit step of optimization

W, =W, —nVI(Wi_i;2)

e To make the gradient computation tractable, [ is simply || f(Z; W) — x¢|%.

e When f is a sophisticated neural network, TTT can be hard to parallelize.
e When f is a simple linear layer, TTT degenerates to LA.

(15)
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Experiments




Language Modeling

Baselines

o Xfmr++ [Touvron et al., 2023]: Llama-like architectures that enhance the vanilla Transformer
by using Rotary position embeddings and GLU ([Shazeer, 2020]);

e Mamba [Gu and Dao, 2023]: State space models with data-dependent gating;
e RetNet [Sun et al., 2023]: Linear attention with non-learnable, data-independent decay;

o GLA [Yang et al., 2024b]: Linear attention with elementwise, data-dependent decay.
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Language Modeling

Table 1: The zero-shot results of 1.3B and 2.7B models evaluated by 1m-evaluation-harness. The
rightmost column shows the average results of all (normalized) acc scores.

Lamb. Wiki. ARC. ARC. Hella. Lamb. PIQA Wino.

State size Avg.
pply pply  acc accy accy acc acc acc
1.3B parameters with 100B training tokens, L=24, d=2048
Xfmr++ N/A 153 171 541 271 493 47.0 70.3 549 505
Mamba 64 x Ld 16.5 182 573 266 48.1 43.4 69.5 53.7 4938
RetNet 512 x Ld 15.4 173 574 279 503 44.6 717 51.8 50.6
GLA 256 x Ld 15.4 176 554 277 49.0 46.4 69.9 54.0 504

GSA (ours) 128 x Ld  12.6 16.7 581 282 51.0 47.4 72.0 534 b51.7

2.7B parameters with 100B training tokens, L=32, d=2560

Xfmr+-+ N/A 107 152 59.8 275 542 52.3 727 56.2 53.8
Mamba 64 x Ld 13.6 159 607 29.8 539 46.4 728 539 529
RetNet 512 x Ld 11.9 158 59.6 281 54.0 49.6 723 538 529
GLA 256 x Ld 12.4 155 592 299 540 50.4 717 557 535

GSA (ours) 128 x Ld 9.8 148 619 307 57.0 52.7 735 56.0 553




Recall-intensive tasks

Table 2: Results on recall-intensive tasks.

State size FDA SWDE SQuAD NQ TriviaQA Drop Avg.

1.3B params / 100B tokens, L=24, d=2048

Xfmr++ N/A 46.0 292 41.0 2438 58.8 21.3 36.9
Mamba 64 x Ld 139 254 33.2 185 53.5 21.7 27.7
RetNet 512 x Ld 21.2 27.2 340 155 52.7 20.0 284

GLA 256 x Ld 26.7 30.6 348 215 56.0 19.1 314
HGRN2 128 x Ld 9.9 231 320 164 55.2 19.1 259
GSA 128 x Ld 23.6 29.8 36.0 232 57.0 209 31.8
2.7B params / 100B tokens, L=32, d=2560

Xfmr++ N/A 623 309 443 29.3 61.8 21.4 417

Mamba 64 x Ld 215 26.7 342 21.2 57.0 222 305
RetNet 512 x Ld 241 26.1 36.4 204 57.3 21.8 31.0
GLA 256 x Ld 30.3 35.5 36.8 233 58.2 21.8 343
HGRN2 128 x Ld 15.0 29.9 351 17.0 59.8 20.0 295
GSA 128 x Ld 39.1 33.5 39.0 269 60.8 19.9 36.5




Recall-intensive tasks
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Figure 4: Results on the synthetic MQAR task. We adopt the most challenging settings in
[Arora et al., 2023], utilizing a sequence length of 512 and 64 key-value pairs. Xfmr++ with standard
attention achieves near-perfect results in this settings and is thus omitted for brevity.



Ablations

Table 3: Ablation study results for 340M models trained on 10B Slimpajama tokens.

PPL ({)
GSA w/ 64 slots 13.51
Ablations on gating mechanism
w/o decay (i.e., ABC) 16.94

w/ data-independent decay 15.83

Ablations on non-linearity

— softmax 14.03

— softmax + Swish 13.71

— softmax + ReLU 13.69

— softmax + ReLU? 13.95
Ablations on slot size

w/ 32 slots 13.74

w/ 128 slots 13.46




Training Efficiency
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Figure 5: Training throughput of various 1.3B models on a single H800 GPU, with a fixed batch size
containing 16K tokens. “GSA w/o recomp.” indicates the use of the GSA kernel without hidden state

recomputation during the backward pass.
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Inference Speed
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Figure 6: Inference speed of different models with 1.3B parameters.
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Continual Pretraining

Table 4: Performance comparison across various 7B models. * denotes models using softmax-attention.
T denotes our results.

Size Tokens ARC. ARC. Hella. PIQA Wino. NQ TriviaQA BBH MMLU Avg.
Models trained from scratch (for reference)
RWKV6 7B 14T 736 440 752 784 685 209 595 234 439 541
Mamba 7B 12T 776 468 77.8 81.0 723 254 662 215 332 557

Mistral®* 7B 7 80.8 54.0 8l1.1 80.6 74.0 29.7 70.3 56.5 624 655
Models finetuned from Mistral 7B
SUPRA 7B +20B 74.6 423 748 80.1 67.4 - - - 28.0 -

RetNet' 7B 420B 73.3 399 729 778 66.1 162 43.0 8.7 261 471
GLAT 7B +20B 746 44.0 759 792 695 222 5738 20.8 284 525
GSAT 7B +20B 759 439 765 787 70.1 234 60.7 23.5 324 539

SUPRA 7B +100B 76.0 457 77.1 79.9 703 247 60.4 19.8 341 542
GSAT 7B +100B 76.0 46.9 779 739 726 269 658 293 38.1 56.9




Flash Linear Attention




e\ SRAM: 19 TB/s (20 MB)
SRAM

GPU HBM: 1.5 TB/s (40 GB)
HBM

W ETLET Lla" DRAM: 12.8 GB/s
(CPU DRAM) (>1TB)

Figure 7: Memory Hierarchy with Bandwidth & Memory Size.
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Hardware-aware Considerations

e |O-aware: reduce 10 transmission between SRAM and HBM.

e Matrix Multiplication with tensor-cores can be 16x faster than CUDA cores.

e Flash Attention ©
e Mamba ®
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FLA

e Recurrent form: inefficient during training, preventing the full utilization of modern GPU

parallelism over sequence lengths
S; = Diag(a)S;—1 + k¢ @ vy (16)

e Parallel form: can be parallelized in similar vein as in flash attention [Dao et al., 2022], but

still adheres to the quadratic complexity

0= (QK")oM)V. (17)
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FLA: chunkwise-form parallelism

Chunk Q, K, V,0 to Q[i]7K[i],V[i], O[i] € RExd

oy oy

[ ot Jou-

"

kS

Qpu | Kpjs Vi

Qpy | Kp215 Vi

33



FLA: chunkwise-form parallelism

i O : :
Spo) |--o-- |- Spz)
Qu Qpz) | K213 Viz
(i+1)C
S[i] = S[i—l] + Z k; ®v; e R4xd
j=iC+1
=
K Vi

(18)
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FLA: chunkwise-form parallelism

S
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Sp

Qp | Kpp; Vi

Ko Vi

Oy = Qp Si1 +((Qu KoMV e RO

Oi[;‘]ter

Ointra

[i]
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FLA

Figure 8: FLA [Yang and Zhang, 2024]: A Triton-Based Library for Hardware-Efficient Implementations
of Linear Attention Mechanism
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FLA

https://github.com /sustcsonglin/flash-linear-attention
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Contributions




Contributions

e We introduces Gated Slot Attention (GSA), a new attention variant that admits linear
complexity.

e \We incorporate a data-dependent gating mechanism to effectively update the memories, which
is crucial for language modeling performance.

o We verify the effectiveness of GSA by training it from scratch on models with 1.3B and 2.7B
parameters.

e We also show that GSA benefits from maintaining the softmax formulation, making it more
amenable to linearizing the well-trained SA-based LLMs.
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