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IE1IEE%L: SFA, Stabilized Flash Attention part - T

 Flash Attention dtgitEsafe softmaxit&ES

r,, = rowmax(S),P = exp(S—r,,),0 = PV,0 =

rowsum(P)

MR—ATHEA(Er, BMELFIR, WEITWAEP = 1, A5 [EBAFEEAN
- BIERS: AP = exp(S — ry,) FHIFRIL, , {F15S — m ITHER/NTF0, &P <1,

MITIAEIAP = 11IX—ftA SR
FBHSFA (Stabilized Flash Attention, BEERETED) &%, thASAEsoftmaxitE

PRITEAREr,, HERF16FEMUMN015MS, CIEEERE)Zk

r,, = rowmax(S), r, = rowsum(r,, — S < ¢),

Oy Eg oA N 2510,
Mgy, = 4 0, s =1 ANy <0,
Ton otherwise.

P = exp(S —mgyn).

Practical setting: 5 =2, e ~ 107°. .
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Algorithm 3 Stabilized Flash Attention by Mitigating Biased Rounding Error: Forward Pass

Require: Matrices Q, K,V € RV*4 block sizes B., B,, 3> 1,¢ > 0.

I: Divide Q into T, = [Bi] blocks Qs ..., Qr. of size B,

x d each, and divide K,V in to

T, = [g’--’ blocks Ki,..., K7 and Vi,..., V7, of size B, x d each.
2: Divide the output O € RV*? into T}, blocks O, ..., Or, of size B, x d each, and divide the

logsumexp L into 7. blocks L, ..., Ly, of size B, each.

(NHITRERIBNIVELE

_ exp(sgi) . mEi)) € RB-xB.

J:for1 <i<T,do

4 Initialize O\”) = (0)p, xa € RB¥4 £” = (0)5. € RB*, m” = (—o0), € RE".

5: forl1<j;<T.do

6: Compute S = QK € RB-*5-,

7= P = !'(’1\\'11’!;14\1(8"“). r, = rowsum(r,, — S‘;'; <€)

8: m"‘"'/ = where(r,, > 0ATr, > 1.8r,,.1r,,)

9: nl: - where(r,, < 0Are > 1.0, Ini, My

10: Compute m;”’ = max(m;’ ', m;””") € RE-, P}
(pointwise), £7) = em{’ ™ -m” g0=1 4 rowsum(PY)) € RE-,

11: Compute ij) = diag(e'"frl)“'“?))ogj—l) + PS”V,-.

12:  end for

13:  Compute O; = diag(l,(-T"))"OfT’).

14:  Compute L; = mETC) + log(EfTJ).

15:  Write O; as the i-th block of O.

16:  Write L; as the i-th block of L.

17: end for

18: Return the output O and the logsumexp L.

SFARIE, HHECIFREFA, (RiEsoftmaxitERIHTIRAIVMZIE, THEEMNFAREERE

Part Il - {&1F
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StoSignSGD: Unbiased Structural Stochasticity Fixes
SignSGD for Training Large Language Models

Dingzhi Yu* RuiPan® Yuxing Liu" Tong Zhang
University of Illinois Urbana-Champaign
dingzhiyuOl@gmail.com, {yuxing6, ruip4, tozhang}@illinois.edu
“Equal Contribution

At the same time, another line of work studies why low-precision training fails and how to stabilize it. Wortsman
ct al. [2023] identified loss spikes associated with under-estimated AdamW second moments in large-scale low-
precision training. Lee et al. | ’(l’ 4] systematically quantlhcd the degradation in LLM training stability caused
by aggressi ol ulanCr crarpaes-formuliced-scale-propagation.asan end-to-end
for low-precision LLM training. Most recently, Qiu and Yao [2026] tm(,cd an lmportant failure mode of
-precision Trdnsfonner training to FlashAttention [I) 10 Ll 1I 2022, Dao, 2024, Shah et al., 2024]. In contrast

L :ipe for AdamW, but to show that replacing
AdamW wnth a sign-based optlmuer can itself provide a simple and robust alternative n
low-precision regimes.

1ghly constrained

3 KiMI K3: OPEN FRONTIER INTELLIGENCE

TECHNICAL REPORT OF Kimi K3
Kimi Team

ABSTRACT

We introduce Kimi K3, a 2.8T parameter Mixture-of-Experts model with 104 billion activated
parameters, native vision capabilities, and a 1-million-token context window. Kimi K3 is built on

Kimi Nalta Attantion [A2] and Attention Recidnale 1571 which imnrowve information flow acrnee

To correct the biased rounding error that arises in flash attention, we adopt the method of [98] and k
output in during training. This choice doubles the on-chip footprint o there
training kernel to overlap it with the KV staging buffers instead of the query tile, freeing shared mer
KV pipeline and higher training throughput.

LU LUUVI DT LS .UV ).

[97] Zhen Qin et al. HGRN2: Gated Linear RNNs with State Expansion. 2024. arXiv: 2404 .07904 [cs.CL]. URL:
https://arxiv.org/abs/2404.07904.

(98] Haiquan Qiu and Quanming Yao. “Why Low-Precision Transformer Training Fails: An Analysis on Flash
Attention”. In: International Conference on Learning Representations (ICLR). 2026. arXiv: 2510 . 04212
[cs.LG].

[99] Zihan Qiu et al. Gated Attention for Large Language Models: Non-linearity, Sparsity, and Attention-Sink-Free.
2025. arXiv: 2505.06708 [cs.CL].
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