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DeltaNet: a variant of linear Transformer whose update is given by the Delta Rule S: =S 1 — 51 (St_1k:) k; + Brvsk, = Sy + Bk, = > (Bivik, ) Table 2. Performance comparison under the same training settings. +SWA indicates interleaving DeltaNet layers and Sliding Window Attention layers as in
=1 Samba (Ren et al, 2024). +GlobalAttn means inserting two global attention layers at layer 2 and N/2 — 1 as in H3 (Fu et al, 2023).
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Figure 4. Training throughputs on a single H100. GSA Sy = St—l ')lag(at) T kt¢t’ f — f—l ')lag(at) T vt¢t Ot = S;) softmax (St CIt)

Figure 3. Speedup of chunkwise vs. recurrent implementations.
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