KIMI Linear:

A expressive, efficient attention
architecture
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Definition of RNNs: The output depends only on the current input and a fixed-size hidden state.
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d3 KDA +1 MLA
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KIMI Linear - NoPE

NoPE for MLA
(NoOPE is not without PE

JKDA Layers as learnable position embeddings
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Table 5: Comparisons of Kimi Linear with MLA, GDN-H, and Kimi Linear (RoPE) across long-context benchmarks. The last
column reports the overall average (1). All models is trained on 1.4T tokens. Best per-column results are bolded.

RULER MRCR HELMETICL LongBenchV2 Frames RepoQA _0ngCodeArena ..
Lib Commit
MLA 81.3 22.6 88.0 36.1 60.5 63.0 328 33.2 522
GDN-H 80.5 23.9 85.5 32.6 58.7 63.0 347 30.5 51.2
Kimi Linear (RoPE)  78.8 22.0 88.0 35.4 59.9 665 313 32.5 51.8
Kimi Linear 84.3 29.6 90.0 35.0 58.8 685 371 32.7 54.5
65 94 25
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Figure 6: The training and test accuracy curves for Kimi Linear@1.4T and MLA@1.4T during Math RL training. Kimi Linear
consistently outperforms the full attention baseline by a sizable margin during the whole RL process.




Table 1: Ablation study on the hybrid ratio of KDA to MLA attention and other key components. We list the training and validation
perplexities (lower is better) for comparison. The best-performing model, used in our final experiments, is highlighted in gray.

Training PPL (])  Validation PPL (])
3:1 9.23 5.65
0:1 9.45 .77
Hybrid ratio I:1 9.29 5.66
i1 9.23 5.70
15:1 9.34 5.82
w/o output gate 9.25 5.67
w/ swish output gate 943 5.81
w/o convolution layer 9.29 5.70
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