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Background



Transformers

(Decoder-only) Transformers have been

the de facto standard for training large

language models (LLMs).

• GPT: [OpenAI et al., 2024]

• Llama: [Touvron et al., 2023]

• Qwen: [Yang et al., 2024a]
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Figure 1: The backbone of Llama-like transformers

(Xfmr++). 3



Transformers: Standard Attention

Standard Attention (SA) [Vaswani et al., 2017]

• Training: given X = [x1, . . . ,xT ]
⊤ ∈ RT×d

O = softmax((QK⊤)⊙M)V, (1)

fully parallelizable, but needs O(T 2d) complexity

• Inference:

ot = V⊤
t softmax(Ktqt), (2)

tokens are processed one by one, requiring O(Td) memory to store the history
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Transformers: Linear Attention

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

• LA removes softmax in SA, and utilize the associative property to reduce FLOPs

O = (QK⊤)V = Q(K⊤V), (3)

K⊤V first in O(Td2), fully parallelizable as well

• Admits recurrent computation during inference

St = St−1 + kt ⊗ vt ∈ Rd×d

ot = ST
t qt

(4)

only O(d2) matrix-valued memory to store the history
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Transformers: Summarization

f Training parallelization Inference cost

SA softmax O(T 2d) O(Td)

LA - O(Td2) O(d2)
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Transformers as KV Memories

Key question: How to linearize SA?

• Generally, K,V can be viewed as neural key-value memories K̃t, Ṽt ∈ Rm×d

[Sukhbaatar et al., 2015]

ot = Ṽ⊤
t f(K̃tqt). (5)

• Transformers are equipped with unbounded number of memory slots,

i.e., m = t for step t

• simply fix the number of memory slots to a constant size m ≪ T
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Transformers as KV Memories: Sliding Window Attention

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

buffer

K̃t = {kt−m, . . . ,kt}

• Information outside the window strategy is discarded, necessitating a large window size, e.g.,

4K tokens in Mistral
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Gated Linear Attention



Attention with bounded-memory control

ABC [Peng et al., 2022]

• When T > m, saving information from multiple tokens into one slot is inevitable.

• ABC defines control vector ϕt ∈ Rm for memory read/writing:

K̃ =

T∑
i=1

ϕi ⊗ ki ∈ Rm×d, Ṽ =

T∑
i=1

ϕi ⊗ vi ∈ Rm×d, (6)

• ABC admits recurrent computation, involving two-pass LA

K̃t = K̃t−1 + ϕt ⊗ kt ∈ Rm×d, Ṽt = Ṽt−1 + ϕt ⊗ vt ∈ Rm×d (7)

ot = ṼT softmax(K̃T
t qt) ∈ Rd. (8)

• Naive implementations are expensive
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Attention with bounded-memory control

f Forget gate Training parallelization Inference cost

SA softmax - O(T 2d) O(Td)

LA - O(Td2) O(d2)

ABC softmax O(Td2) O(d2)
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Data-independent gating

RetNet [Sun et al., 2023]

• Upon vanilla LA, RetNet introduces forget gate to control the decay rate

St = γSt−1 + kt ⊗ vt ∈ Rd×d,

γ ∈ (0, 1) is a scalar data-independent decaying factor

• 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]

• It is shown that data-dependent decay is crucial for RNNs to selectively retain and forget infos

[Gu and Dao, 2023]

• GLA introduces forget gate depending on the input

St = Diag(αt) · St−1 + kt ⊗ vt ∈ Rd×d, ot = ST
t qt ∈ Rd.
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Summarization

f Forget gate Training parallelization Inference cost

LA - O(Td2) O(d2)

ABC softmax O(Td2) O(d2)

RetNet - γ O(Td2) O(d2)

Mamba2 - γt O(Td2) O(d2)

GLA - αt O(Td2) O(d2)
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Gated Slot Attention



GSA

GSA improves ABC using a selective gating mechanism.

• For each memory slot, the update rule is a simple gated RNN with a scalar gating value

K̃t = Diag(αt) · K̃t−1 + (1−αt)⊗ kt ∈ Rm×d

Ṽt = Diag(αt) · Ṽt−1 + (1−αt)⊗ vt ∈ Rm×d

ot = ṼT softmax(K̃T
t qt) ∈ Rd

(9)
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GSA as two-pass GLA

{o′
i}Ti=1 = GLA

(
{qi,ki, 1−αi,αi,1}Ti=1

)
{oi}Ti=1 = GLA

(
{softmax(o′

i), 1−αi,vi,1,αi}Ti=1

) (10)
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Figure 2: The recurrent representation of GSA. means taking xt as input.
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Remarks

• Queries in GSA is the output of the first GLA pass and thereby is aware of the entire historical

information.

• GSA preserves the softmax operator, more suitable in the setting of “fine-tuning pretrained

Transformers into RNNs” [Kasai et al., 2021].

• 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(Td2) O(d2)

ABC softmax O(Td2) O(d2)

RetNet - γ O(Td2) O(d2)

Mamba2 - γt O(Td2) O(d2)

GLA - αt O(Td2) O(d2)

GSA softmax αt O(Td2) O(d2)
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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]

• Like LRU [Orvieto et al., 2023], ll non-linearities are removed, enabling HGRN to be

parallelized in O(T log T ) time.

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

ht = ft ⊙ ht−1 + it ⊙ ct ∈ Rd

it = 1− ft ∈ Rd
(11)

Mamba [Gu and Dao, 2023]

• Data-dependent gating with (1-d) state expansion.

ht = Ātht−1 + B̄txt ∈ RN (12)
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Related Works

HGRN2 [Qin et al., 2024]

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

St = Diag(αt) · St−1 + (1−αt)⊗ vt ∈ Rd×d. (13)

DeltaNet [Schlag et al., 2021, Yang et al., 2024c]

• Erase infos before writing new ones.

St = St−1 − kt ⊗ vold
t + kt ⊗ vnew

t

= St−1 − βtkt ⊗ (S⊤
t−1kt) + βtkt ⊗ vt

= (1− βtkt ⊗ kt)St−1 + βtkt ⊗ vt.

(14)
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Related Works

TTT [Sun et al., 2024]

• Formulate the updating rule as an explicit step of optimization

Wt = Wt−1 − η∇l(Wt−1;xt) (15)

• To make the gradient computation tractable, l is simply ∥f(x̃t;W )− xt∥2.

• When f is a sophisticated neural network, TTT can be hard to parallelize.

• When f is a simple linear layer, TTT degenerates to LA.
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Experiments



Language Modeling

Baselines

• Xfmr++ [Touvron et al., 2023]: Llama-like architectures that enhance the vanilla Transformer

by using Rotary position embeddings and GLU ([Shazeer, 2020]);

• Mamba [Gu and Dao, 2023]: State space models with data-dependent gating;

• RetNet [Sun et al., 2023]: Linear attention with non-learnable, data-independent decay;

• 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 lm-evaluation-harness. The

rightmost column shows the average results of all (normalized) acc scores.

State size
Lamb. Wiki. ARCe ARCc Hella. Lamb. PIQA Wino.

Avg.
ppl↓ ppl↓ acc accn accn acc acc acc

1.3B parameters with 100B training tokens, L=24, d=2048

Xfmr++ N/A 15.3 17.1 54.1 27.1 49.3 47.0 70.3 54.9 50.5

Mamba 64× Ld 16.5 18.2 57.3 26.6 48.1 43.4 69.5 53.7 49.8

RetNet 512× Ld 15.4 17.3 57.4 27.9 50.3 44.6 71.7 51.8 50.6

GLA 256× Ld 15.4 17.6 55.4 27.7 49.0 46.4 69.9 54.0 50.4

GSA (ours) 128× Ld 12.6 16.7 58.1 28.2 51.0 47.4 72.0 53.4 51.7

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

Xfmr++ N/A 10.7 15.2 59.8 27.5 54.2 52.3 72.7 56.2 53.8

Mamba 64× Ld 13.6 15.9 60.7 29.8 53.9 46.4 72.8 53.9 52.9

RetNet 512× Ld 11.9 15.8 59.6 28.1 54.0 49.6 72.3 53.8 52.9

GLA 256× Ld 12.4 15.5 59.2 29.9 54.0 50.4 71.7 55.7 53.5

GSA (ours) 128× Ld 9.8 14.8 61.9 30.7 57.0 52.7 73.5 56.0 55.3 23



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 29.2 41.0 24.8 58.8 21.3 36.9

Mamba 64× Ld 13.9 25.4 33.2 18.5 53.5 21.7 27.7

RetNet 512× Ld 21.2 27.2 34.0 15.5 52.7 20.0 28.4

GLA 256× Ld 26.7 30.6 34.8 21.5 56.0 19.1 31.4

HGRN2 128× Ld 09.9 23.1 32.0 16.4 55.2 19.1 25.9

GSA 128× Ld 23.6 29.8 36.0 23.2 57.0 20.9 31.8

2.7B params / 100B tokens, L=32, d=2560

Xfmr++ N/A 62.3 30.9 44.3 29.3 61.8 21.4 41.7

Mamba 64× Ld 21.5 26.7 34.2 21.2 57.0 22.2 30.5

RetNet 512× Ld 24.1 26.1 36.4 20.4 57.3 21.8 31.0

GLA 256× Ld 30.3 35.5 36.8 23.3 58.2 21.8 34.3

HGRN2 128× Ld 15.0 29.9 35.1 17.0 59.8 20.0 29.5

GSA 128× Ld 39.1 33.5 39.0 26.9 60.8 19.9 36.5 24



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.
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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+ReLU2 13.95

Ablations on slot size

w/ 32 slots 13.74

w/ 128 slots 13.46
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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.
† denotes our results.

Size Tokens ARCe ARCc Hella. PIQA Wino. NQ TriviaQA BBH MMLU Avg.

Models trained from scratch (for reference)

RWKV6 7B 1.4T 73.6 44.0 75.2 78.4 68.5 20.9 59.5 23.4 43.9 54.1

Mamba 7B 1.2T 77.6 46.8 77.8 81.0 72.3 25.4 66.2 21.5 33.2 55.7

Mistral♣ 7B ? 80.8 54.0 81.1 80.6 74.0 29.7 70.3 56.5 62.4 65.5

Models finetuned from Mistral 7B

SUPRA 7B +20B 74.6 42.3 74.8 80.1 67.4 - - - 28.0 -

RetNet† 7B +20B 73.3 39.9 72.9 77.8 66.1 16.2 43.0 08.7 26.1 47.1

GLA† 7B +20B 74.6 44.0 75.9 79.2 69.5 22.2 57.8 20.8 28.4 52.5

GSA† 7B +20B 75.9 43.9 76.5 78.7 70.1 23.4 60.7 23.5 32.4 53.9

SUPRA 7B +100B 76.0 45.7 77.1 79.9 70.3 24.7 60.4 19.8 34.1 54.2

GSA† 7B +100B 76.0 46.9 77.9 78.9 72.6 26.9 65.8 29.3 38.1 56.9 29



Flash Linear Attention



Hardware-aware Considerations

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

• IO-aware: reduce IO transmission between SRAM and HBM.

• Matrix Multiplication with tensor-cores can be 16× faster than CUDA cores.

• Flash Attention

• Mamba
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FLA

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

parallelism over sequence lengths

St = Diag(αt)St−1 + kt ⊗ vt (16)

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

still adheres to the quadratic complexity

O = ((QK⊤)⊙M)V. (17)
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FLA: chunkwise-form parallelism

Chunk Q,K,V,O to Q[i],K[i],V[i],O[i] ∈ RC×d

Q[1] K[1];V[1] Q[2] K[2];V[2]

S[0] S[1] S[2]

Ointer
[1] Ointra

[1] Ointer
[2] Ointra

[2]
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FLA: chunkwise-form parallelism

Q[1] K[1];V[1] Q[2] K[2];V[2]

S[0] S[1] S[2]

Ointer
[1] Ointra

[1] Ointer
[2] Ointra

[2]

S[i] = S[i−1] +

(i+1)C∑
j=iC+1

kj ⊗ vj︸ ︷︷ ︸
K⊤

[i]V[i]

∈ Rd×d

(18)
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FLA: chunkwise-form parallelism

Q[1] K[1];V[1] Q[2] K[2];V[2]

S[0] S[1] S[2]

Ointer
[1] Ointra

[1] Ointer
[2] Ointra

[2]

Ov
[i] = Q[i] S[i−1]︸ ︷︷ ︸

Ointer
[i]

+(( Q[i] K⊤
[i])⊙M)V[i]︸ ︷︷ ︸
Ointra

[i]

∈ RC×d

(19)
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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

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

complexity.

• We incorporate a data-dependent gating mechanism to effectively update the memories, which

is crucial for language modeling performance.

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

parameters.

• 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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