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Seminar Content Overview (1)

Week 1: Qwen3.5 — Gated DeltaNet Hybrid Architecture

@ Qwen3.5 Overview
@ Nobody Agrees on Attention Anymore
@ Linear Transformer

@ From Softmax to State Matrix; Blind

Accumulation

© DeltaNet: Delta Rule + Householder
Erasure

@ “same old same old” example — DeltaNet

derivation

@ Gated DeltaNet: DeltaNet + Mamba-2

©@ Comparison of Three Methods

@ Equation ancestry + component comparison
@ Limitations 4+ Hybrid Architecture

@ 3:1 hybrid surpasses Transformer++

@ Qwen3.5 Deployment & Comparisons
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Seminar Content Overview (1)

Week 2: Qwen3.5 Native Multimodal & Gemma 4 PLE & IR Papers
@ Qwen3.5 native multimodal design

@ Early Fusion vs Late Fusion

@ Per-Layer Embeddings (PLE)

@ Gemma 4 edge model architecture
@ PLE effective params vs MoE active params

© Recent IR papers & datasets
@ TREC-related work

Week 3 (Planning): DeepSeek Sparse Attention & Attention Sink
@ Attention Sink problem
@ StreamingLLM (ICLR 2024)

© DeepSeek Native Sparse Attention

@ How it addresses Attention Sink
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References and Acknowledgements |

Reference Papers:

@ Week 1
ICLR 2025 — Gated DeltaNet — Yang, Kautz, Hatamizadeh
ICML 2021 — DeltaNet — Schlag, Irie, Schmidhuber

ICML 2024 — Mamba-2 — Dao & Gu
2026 — Qwen3.5 Blog Post — Alibaba Qwen Team (technical report not published yet)

@ Week 2

2026 — Gemma 4 Model — Google DeepMind

2026 — Qwen3.5 Native Multimodal — Alibaba Qwen Team
arXiv 2026 — Per-Layer Embeddings (PLE) — Sadhukhan et al.
NeurlPS 2023 — AltUp — Baykal et al.

@ Week 3

e 2025 — Native Sparse Attention — DeepSeek Al
o ICLR 2024 — StreamingLLM — Xiao et al.
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Week 1 Outline (1/2) — Foundations

©® Qwen3.5 Overview
o Qwen Model Family Timeline; Key Technical Innovations; Nobody Agrees on Attention
Anymore
@ Linear Transformer
e From Softmax to Decomposable Kernel — State Matrix — Recurrence
o Coefficient matrix (Y = V- CT); Linear vs Softmax comparison
e Blind accumulation: “same old same old” (ABAB) example
© DeltaNet: Delta Rule + Householder Erasure
e From "“same old same old"” to DeltaNet’s state update derivation
e Error correction form — Householder matrix form
o Linear Transformer vs DeltaNet comparison
© Gated DeltaNet: Combining DeltaNet + Mamba-2

e «; global decay (Mamba-2) + j; delta rule (DeltaNet)
e Mamba-2 elements (Short Conv, SSD Duality)
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Week 1 Outline (2/2) — Comparison & Results

© Comparison of Three Methods

o Gated DeltaNet equation ancestry
e State update equation evolution; component comparison

@ Limitations of Linear Attention Layers
o Why not 100% Gated DeltaNet? In-context retrieval limitations

@ Hybrid Architecture & Qwen3.5 Deployment

e 3:1 hybrid ratio surpassing Transformer++
o Qwen3 vs Qwen3.5 architecture; Qwen3.5 vs Qwen3.6-Plus vs Claude Opus 4.5

© Supplementary Slides

e Mamba-2 technical details (SSD Duality, SSM unrolled time steps)
o DeltaNet kernel conversion; State Matrix = Key-Value Memory
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1. Qwen3.5 Overview

» 1. Qwen3.5 Overview

Linear Transformer

DeltaNet: Delta Rule + Householder Erasure
Gated DeltaNet: Combining DeltaNet + Mamba-2
Comparison of Three Methods

Limitations of Linear Attention Layers

Qwen3.5 and Qwen3-Next: Hybrid Architecture

N o oA w N
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Qwen Model Family Timeline

Architecture shift:
2024 Jun 2025 Apr JENUAOANGIIN 2025 Dec | P 2026 Apr 2
Qwen2 Qwen3 DeltaNet hybrid ~ Qwen3-Next ; Qwen3.6-Plus
the architecture
—— > ’ foundation
MoE (235B-A228B), New architecture: Built on Qwen3-Next, Early Fusion
119 languages, Gated DeltaNet + 201 languages,
0.58-728 thinking made Attention (3:1 hybrid) 397B-A17B
| | | | »
I I I I I =
Qwen2 series Late Fusion Agentic coding,
released multimodal Qwen3.5 1M native,
closed-source
# Late Fusion = Early Fusion
Qwen2.5 Qwen3-VL

Model Family Size Comparison

* Qwen?2 (Blue): up to 72B dense

= Qwen2.5 (Blue): up to 72B dense

= Qwen3 (Green): up to 2358 MoE (22B active)

+  Qwen3-VL (Green): multimodal extension of Qwen3

2026 Feb 16

« QOwen3-Next (Orange): architecture prototype (Gated DeltaNet)
= Qwen3.5 (Orange): up to 3978 MoE (17B active) + 0.8B-27B dense
= Qwen3.6-Plus (Purple): closed-source APl only
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Key Technical Innovations in Qwen3.5

Technique

Description

Original?

Gated DeltaNet + Gated Attention

Native Multimodal (Early Fusion)

Sparse MoE

Inference Performance Boost
Ultra-Long Context

201 Languages / 250K Vocab
Multi-Token Prediction

RL Training Innovation

3:1 hybrid ratio
(75% linear + 25% softmax)

Text/image/video jointly processed
from pre-training (Week 2)

397B total, 17B active

32K: 8.6xT, 256K: 19xT

Native 262K, extensible to 1M
Broadest multilingual in open-source

Multi-token per step, lower cost

Expanding RL env difficulty & generalization

Nearly first — ICLR
2025 (NVIDIA), Kimi
adopted concurrently

No — Llama 4 (2025/04)
adopted ~10 months
earlier

No — Mixtral (2023/12),
DeepSeek-V2 (2024/05)
— (architecture
combination)

No — Llama 4 Scout
(10M), Gemma 4 (256K)
Leading among
open-source

No — DeepSeek-V3
(2024/12)

Hard to compare —
details undisclosed
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ody Agrees on Attention

The divergence has shifted from “MoE or Dense?” to the attention mechanism itself:

Model Released Attention Mechanism Approach
DeepSeek-V3 2024/12  MLA + Native Sparse Attention (NSA) Low-rank + sparse
Kimi K2.5 2025/06  Multi-head Latent Attention (MLA) Low-rank compression
MiniMax-M2.5 2025/08  Standard Multi-Head Attention (MHA) Full attention

GLM-5 2025/12  MLA + DeepSeek Sparse Attention (DSA)  Low-rank + sparse
Qwen3.5 2026/02  Gated DeltaNet + Full Attention (3:1) Linear attention hybrid

@ DeepSeek’s MLA/DSA widely adopted (Kimi, GLM)
@ Qwen3.5 opens a new direction: linear attention replacing most softmax layers
References:

https://huggingface.co/blog/mlabonne/qwen35
https://qwen.ai/blog?id=qwen3.5
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Week 1 Focus — Qwen3.5: Gated DeltaNet

Two Independent Research Lines Converging into Gated DeltaNet

TIMELINE AXIS
2020 2021 2023 2024 2025 » 2026

f Y
Linear Transformer DeltaNet
(Katharopoules et al,, ICML 2020) Ly (Schiag et al., ICML 2021)

8 =S+ plkpv) (St =80 - Bikek]) + ﬁx\’rk(T‘
* Blind accumulation * Delta rule: erase-then-write

PRODUCTION ADOPTION
: 2025/09  2026/01 2026/02

TOP LINE
Linear Attention Tradition

Linear Attention Tradition

Gated DeltaNet
[Yang et al, ICLR 2025)

= Improving Mamba2
with Delta Rule

+

DASHED BRIDGE
55D Duality proves:
equivalence '

= State Space Model (SSM) Tradition i v -

2 x = Industry convergence: multiple
= = S =5l lahs independently adopt 3:1
52 S4 Mamba-1 Mamba-2 — Bl kD) + vkl hybrid ratio
E = (Guetal, LR 2022) | | (Gu &Dav, 2023) | | (Dan & Gu, ICML 2024)
E‘ g Structured Selective S5SM = SSD Duality:
@ g state spaces +Conv1D SSM = Linear Attention

% = a, gating mechanism

LEGEND: —— Linear Attention tradition —— SSM tradition [] Convergence paint - - - Theoretical bridge (SSD Duality)

Note: SSD = Structured State-Space Duality (Mamba-2's central theoretical contribution, ICML 2024). 13/68



Motivation: From Softmax Attention to Gated

The problem: Softmax attention is O(L%d) — quadratic in sequence length.

Softmax Attention:
Attn(Q, K, V) =
softmax(QK') - V
exp(q ' k): non-
decomposable, O(L?)

!

Linear Transformer (2020)
Kernel ¢(q) " ¢(k) = O(Ld?)
1

{ | | v

Blind accumulation No global forgetting
St = Sec1 4 d(ke)vi Cannot do fast
Cannot erase old associations | context switching
DeltaNet (ICML 2021) Gated DeltaNet (ICLR 2025)
Delta rule: erase then write a; decay + B delta rule
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2. Linear Transformer

1. Qwen3.5 Overview

» 2. Linear Transformer

3.
4. Gated DeltaNet: Combining DeltaNet + Mamba-2
5.
6
7

DeltaNet: Delta Rule + Householder Erasure

Comparison of Three Methods

. Limitations of Linear Attention Layers
. Qwen3.5 and Qwen3-Next: Hybrid Architecture
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Background — Transformer Layer Components & Complexity

Transformer Stack
Output / LM Head J

-
IL Transformer Layer 6 ]
A

[ Transformer Layer 5 ]
4

[ Transformer Layer 4 ] v4

Y .

[ Transformer Layer 3 ]

& ~

Transformer Layer 2 J

&

Transformer Layer 1 ]
F'Y

Token Embedding +
Positional Encoding
A
Input b O 155
Tokens ¥1: ¥z e XL

(N layers stacked, e.g., N = 32 in Qwen3d.5)

Single Pre-LN Transformer Layer

to next layer
.

skip ends nen?‘*lG;)

[ FFN (Feed-Forward) ]

s
O(L d%) Residual 2
¥ (skip)
LayerNorm
O(Ld)
Residual 2 |
BRANCH POINT & skip starts here

Pre-LN pattern:
¥ = %+ SubLayer{Layariorm(x))
« Both residuals start BEFORE
Layertiorm

skip ends here ® (;)

[ Multi-Head Attention }

* Skip path carries the un-
O(L2d) raalizsd Signel
= LayerMorm sits INSIDE each
*—_T_ resldual {on the main path,
[ LayerNorm ] not on the skip)
Used by: Gwen3.5, LLaM.
oLd) GPT-2/, "

}:{:rlgtn.ai Vaswani 2017 usad
st LN:

= Layerhiarm{x + Sublayerix)) —
{uy!rz:(rm DU[rSIIE the ,l:;‘iﬂa.jl\ﬂ.]

poe y
Residual 7 | Residual 1 (ski
BRANCH POINT & skip starts here

x (layer input)
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Linear Transformer — Background

Authors: Katharopoulos, Vyas, Pappas, Fleuret  Venue: ICML 2020

Key idea: Replace softmax with a kernel feature map ¢, enabling associativity = rewrite attention as an
RNN with a fixed-size state matrix.

The problem: Standard Transformer attention has O(L2d) complexity — quadratic in sequence
length L.

Two key topics in this section:

[ Linear Attention ]
[

l

2. Blind Accumulation Problem
St=Si1+ d(k)vi
Cannot erase or update old associations

Normal Attention — Linear Attention

1. Conversion Method
O(L*d) — O(Ld*)
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Linear Attention — From Softmax to a Decomposable Kernel

Recap — standard attention layer. Given T e s e 2 rn
Q, K, V € REX9 (one row per token): 1 ki

{05 ] o [ [ | o [

o(L2d)

4}

_ QKT EEERE
Attn(Q, K, V) = softmax( Vo V. [ st | " :JHE S|
N—— £, |5 om
0(L2d) (multiply by V) (& v o R
"
Reading the i-th row with a causal mask (j < i) gives a l_ i R =Ammc"w;‘ o
weighted sum of past values: . ' mnlige] =g
O(d) gl Dt ke
. ,—— 3 LUt — —
= S oy = el b/ EEEN HH —\ k=
i = ij Vjs ij = H . it T T T e et DS
& i expla ki V) : e

4
One y;: L inner products x O(d) = O(L-d). Al ’ i
Vi, Vi [ % O(L . d) — O( L2 d). e %i lig] k) g

— g

5 i\:(x ek
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Linear Attention — Where the O(L>d) Cost Comes From

Dropping 1/+/dj for brevity:

0(d)
L T
2ojm1 exp(q; kj) v

yi = l I Lo rr__.l' ard \‘:_

S exp(a) k) . R

[
|:e NH SRR, [REATE
exp vj ™
Causal form: y; = ;;, ! H?’ kf) (attend only to j < i) dmtprn ¥ o= Arrentionl4f, K, 10
2.j=1 *PLq; l—.-\ E =anin u(‘;" :.'.
Ly Loy iy S
One y;: L inner products x O(d) = O(L - d)
Srrgel Jnesd Loken)
¥ — e =
L x O(L-d) = O(L?d) R & e R L
Bottleneck: exp(q, k;) is non-decomposable — g; . .
cannot be factored out of the sum over j. i LW,] wiky)
\_ Jlr
:‘ I_I_ I_I_I
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Linear Attention — From Softmax to a Decomposable Kernel (cont.)

Key move: replace exp(q' k) with a decomposable kernel ¢(q) " ¢(k) for some finite-dim ¢ : RY — R

Rd 1 d

¢(k

S el o) v
T S el ek Z‘”’

factor out

= ¢(q,)T Z¢

_,—/
state matrix S; € RI*9
build once: O(L-d?)

One y; = ¢(q)) " Si: O(d?) per query. All yy,...,yi: Lx O(d®) = O(L-d*) — linear in L.
#(q;) factors out = S; is accumulated once, reused for all queries; total drops from O(L2d) to O(Ld?).

But wait — can we just swap exp for any function we want? Is ¢(q) T #(k) a “valid” attention similarity? Next slide.

20/68



Why is this Replacement Legal? — Mercer's Theorem

STCE)

The kernel K decides “who matches”; exp is just one valid PSD kernel — Mercer's theorem says we can swap it.

Attn; = K(q, k) = exp(q ' k/V/d)

Mercer’s theorem. Any continuous, symmetric, positive semi-definite (PSD) kernel K(q, k) equals an inner
product in some Hilbert space:
K(q, k) = (®(q), B(k))n-

What Mercer gives us Consequence for linear attention

exp(qu) is PSD Taylor expansion + Schur product theorem = softmax was al-
ready a Mercer kernel

Any qﬁ(q)Tqﬁ(k) is PSD Free pass to design any finite-dim ¢ — no need to re-verify
legality

Replacement on previous slide is legal ELU+1, DPFP, SiLU all auto-legitimate

Bottom line: exp is one kernel among infinitely many. We can freely pick a finite-dim ¢ to enable the linearization on the
previous slide, with full theoretical backing from a 1909 result.
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Complexity & Why Softmax Can't Linearize Itself

Why can’t softmax do the same trick? exp(q' k) corresponds to an infinite-dimensional feature map (Taylor
expansion):

X X, XiXj T oo Xdy
Berp(x) = [1, B, 2, 2 ] €M = S=3 Bupll) v € R

J

Complexity:

Computation Order Intermediate Matrix Cost

Standard (QK')-V QK" O(L2d)
N~
LxL

- T T

Linear Q- (K'V) K'V Oo(Ld'd,)
d’' xd,

When L > d, the speedup is dramatic. Linear attention trades the L x L matrix for a d’ x d, one.
Choices of ¢ in the literature:

Model Kernel ¢

Linear Transformer (2020) ELU+1

DeltaNet (2021) DPFP (RelLU variant)
Gated DeltaNet (2025) SiLU

Qwen3-Next / Qwen3.5 SiLU
22/68




Linear Attention — State Matrix & Recurrence

Define the state matrix from the precomputable sum:

vi=ola) Y sk = |SEY sk | = |yi=Sdq)
=1 j=1

from previous slide

Rewrite as recurrence (split off the last term):

Si=Y (k) +olk)y] = | Si=S1+ (k) v/
——
outer product

Each step: add one outer product to S. No need to look back at history.
Fixed-size S € R%*% replaces the growing KV cache € R**?.
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Linear Attention — State Matrix Recurrence

Example: “The cat sat on the mat ..”
N~ N~
t=1 t=2 t=3

¥ ¥ ¥
el Emlbed[token} il Emlbed(token) = Emlbed(tnken]
S ¥ ¥ . - (7 ¥ ¥ _ ¥ ¥
LinearK | [ LinearV | |[LinearQ | [ lLinearK | [ LinearV | |[ LinearQ | [ LinearK | | LinearV | [ LinearQ |
[ activation] [p amI{uatIon] [p actifaticn] [p acti:.ratian] [p actiratmn] [p actilvation]
(6l@) ] [obk)) (¢a) ] (9] $(as)
outer product outer product outer product )
Bky) v 1 o(ky) v 1 P(k3) - vy 1
State = |
S;=0 S N > S. an N G
u 3:}" dexdy S dxdy O O axa
Output Row Pi=1 =51 ¢d(q1) Viez = 527 9(q2) Fe=3 = 53 - ¢(qa)
(Ground truth: ‘cat’) (Ground truth: 'sat’) (Ground truth: ‘on’)
: ; [ Symbel | Meaning
[Lmear Attention Recurrence: ] g{;»g ;rans;arme: AT ' e ﬁ'”*ffem:' o TE e S
ransformed key vector Kemel function (e.qg. ReLU, ELU+, SiLU)
=8 k) - vl Ve = 8; - | Value vect s, | State matri d
Se=Seat o) v 5 =50 | |y e aa T Tonm i ——
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Linear Attention — Comparison with Softmax Attention

Softmax Attention

Linear Attention

Similarity fn

Factor out g;?

Memory mech.

Query mech.
Memory size

Complexity

exp(q' k) (non-decomposable)

No — must compute pairwise

KV cache (stores k, v per position)
Attends to all historical positions
O(L - d) (grows with length)
O(L%d)

#(q) T ¢(k) (decomposable)

Yes — state matrix emerges
State matrix S (fixed-size matrix)
Directly queries S with ¢(q)
O(dk x d,) (fixed)

O(Ld?)
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State Evolution — Example with a Length-4 Sequence

Notation: q¢, k; denote ¢(q:), ¢(k¢) for brevity. Recurrence: S; = S;—1 + ¢(k¢) v;r =Si 14+ Ve k;r, So = 0.

t=1 t=2 t=3 t=4

input:  xp X2 X3 X4
1L Ly
target:  xo X3 X4 (eos)

State evolution (S; = S;—1 + v:k{):
t=0: So=0
t=1: S1=So+viki =vikj
t=2: Sy =81 +voks =vik; +vokyg
t=3: S3:SQ+V3k;:V1k1r+V2k;r+V3k;—

t=4: S4=S3+vik] =vik; +voky +viks +vik

Recurrence:
St =S¢—1 +VtktT
So =0, S e RI¥ fixed-size

Linear projections (frozen):
vi=Wyx:, ke=Wgx:, qr= WQ Xt
Wy, Wy, Wq are fixed during inference.
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Decoding — Substituting State & Applying Associativity

Decoding: y: = St q:. Substituting the state and applying associativity (vj-kJT) qr = (kJth) vj

yi=Siq =MWk )q = (k{ q1)v1
y2 =S2q2 = (vik] +vakj)qe = (k{ @2) vi + (k3 q2) v2
v3 =83q3 = (vik{ +vak; +v3kj)as = (ki a3) v1 + (k3 q3) v2 + (k3 q3) v3
va=S1q1=(vik{ +vokj +vakj +vak{)au = (k{ aa) vi + (k3 q1) v2 + (k3 qa) v3 + (k{ q4) v4
Each output y: is a linear combination of past values vy,...,v:, weighted by scalar key-query similarities (kJTCIt) -

the linear attention analogue of softmax attention’s weighted sum, but without normalization.
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Coefficient Matrix — n=4 Instance

Stacking the equations from the previous slide into matrix form Y= V- C":

(k]—‘h) (quQ) (qu3) (qu4)
¥4, You o, ya] = [¥1, v, Vs, va] - 0 (ks q2) (kzi%) (k{q4)
0 0 (ks as) (ks qs)
Y (dx4) V (dx4) 0 0 0 (qu4)
CT (4x4)

CT is upper triangular: column t contains only contributions from j < t (causal masking). Each entry (kJth) is a
scalar key-query similarity. Next: generalize to n X n.
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Coefficient Matrix — eral Form

Stacking the n outputs as columns and reading off the scalar coefficients:

(krih) (kqu) T (kIQn)
0 (k3q2) - (k3qn)
Y1, Y25 ---» Yol = [V1, V2, ..., V4] -
Y (dx n) V (dxn) ’ ' )
0 0 o (kg qn)
CT (nxn)

@ C' is n x n upper triangular — the transpose of the lower-triangular causal coefficient matrix C.
@ Upper-triangular structure = causal masking: column t of CT contains only contributions from j < t.

@ Equivalently, row t of C gives the coefficients for y; = Z;:1(ijqt) V).

Compact form: Y = V- CT. This matrix equation is the basis for both the parallel computation (training) and the
structural analysis of self-duplication (next slides).
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e Fundamental Problem — Substituting “same old same old”

Now substitute a concrete sequence. Consider the ABAB pattern “same old same old”:

t=1 t=2 t=3 t=4 t=1 t=2 t=3 t=4

input: = same old same old

target: old  same old (eos)
x1 = x3 = "same”, x2 = x4 = “old”. Same input = same projections:

t=1:same t=2:0ld t=3:same t=4: old

Key ki ko ks = kg ks = ko
Value Vi Vo vy = V) V4 = V2
Query q q2 93 =q Q4 = Q2

The system has 4 time steps but only 2 independent inputs. The state update Sy = S;—1 —i—vtk;r does not know this

— it blindly adds all 4 outer products. What happens?
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Coefficient Matrix with Target Labels

Substituting the ABAB constraints into the coefficient matrix, with target labels:

(kiq) (kfqe) (kigs) (kiqa)
[y y y va ] =[vi, v2, v3, va] 0 (k;r(h) (k;—%) (k;q4)
1, Y2, Y3, 4 | =[V1, V2, V3, V4]-

N N N N —— 0 0 (k3q3) (k3 qu)

“old” “same” “old” “(EOS)" V (dx4
(@ 0 0 0 (&l a)

Y (dx4)
CT (4x4)
Target labels on the left show what each y: should map to. Note that y; and y3 should both map to “old” — next we

substitute the ABAB constraints to see if this expectation can be met.
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Blind Accumulation — y; # y3 but Both Should Be “old”

Substituting ABAB constraints (ks =k1, g3 =q1, vs=v1, ka=ks, qa=q2, va=v2):

kfq) (kfqe) (kfqi) (k{qo)
(v e e ve = [nv :;Z:;”i] 0 (a2 (kia) (ksqo)
1, 2 3 4 = [V1, V2, 3 4 |-
~ N N —] 0 0 (kia) (kiq2)
“old” “same” “old" “ OS "
(EOS) V (dx4) 0 0 0 (k] qw)
Y (dx4)
CT (4x4)

Both y1 and y3 should map to “old”, but reading rows 1 and 3:

vi=&a)vi  # ys=[2]k@)vi+ (kiqi)ve
Remember: y3 = S3 q3, where S3 = Ss  +vik{ » (vik{ added to S twice).

vik] +vokg

Self-duplication:

@ v;’'s coefficient doubles from 1 to 2 because the update S 4+ vk " blindly added the same v; k]— a second time.

32/68



Blind Accumulation — Why y; # y3

Token “same" appears at t=1 and t=3. Both times the model should predict “old” — but linear attention gives
different answers. Why?

Cause 1 — the state at t=3 contains a duplicate outer product:

T T T T
S3 = Sa +viks =viky +voks + viky
~—~ N—— N——~ N——~
previous state =vi le t=1 t=3: duplicate

Consequence — v;'s coefficient doubles:

yi=1-(kiq)vi # ys= ' (ki q1) V1 +(ks q1) v2
—_————

duplicate write—coefficient doubled

Linear Transformer’s update rule S; = S;_1 + v; k;r is append-only:
@ Cannot detect whether k; already exists in state
@ Cannot erase the old v; kr before writing the duplicate
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Accumulation — The Cross-Attention Term

Besides the duplicated v coefficient, y3 also contains a cross-attention term (k;ql) A\

Cause 2 — query q; at t=3 attends to all past keys in S3, including ks:
Ss =viki +voky +vik|
SN~ = =
t=1 t=2 t=3

Consequence — y3 picks up va via cross-attention:

vi=K&a)vi # ys=[2] &la)vi+ (kiqi)ve
——

cross-attention term

Summary: Two conditions for y; = y3:
@ Avoid duplicated coefficient on vi: —1 —— DeltaNet (delta rule fixes this)
@ Requirek;q1 =0 — Gated DeltaNet introduces forgetting mechanism (o decay), but does not fully

resolve this
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3. DeltaNet: Delta Rule 4+ Householder Erasure

1. Qwen3.5 Overview

2. Linear Transformer

» 3. DeltaNet: Delta Rule + Householder Erasure
4. Gated DeltaNet: Combining DeltaNet + Mamba-2
5. Comparison of Three Methods

6. Limitations of Linear Attention Layers

7. Qwen3.5 and Qwen3-Next: Hybrid Architecture
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DeltaNet AUENE — (E1IEE1E Key FIEAITHS

» DeltaNet {€IET Linear Transformer 1 " E#§ key B A state matrix s B1TA,

"same old same old , FIREEIREE : 7E t = 3 BF "same) BREA (vak] = vi k| ), {B state update T k; BFFFE :

SI?_’inear Transformer — S2 +vy k;r — yi ;é ¥3 ( ﬁﬁ%ﬁl}ﬂé%&% Told J)

DeltaNet FIZE | BABIFCERN state H ky; ARMNEE , REAZEE (error correction ) :

soefteNet — g0 4 viki — 1 ki =So+ (vi — 1) k|
~~
Soky: BfE error
Linear Transformer DeltaNet
1% HEEFIIAIE S 0 vk, FHENEEH S E5 Sk = v
BAR  REE, EEM vk FBH V=S 1k (BES )
BARE TEN v k] (EEGEM) ABBIEE vik] — ¥k,
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Deriving DeltaNet's State Update — Error Correction Form

From the “same old same old"” concrete example, derive DeltaNet's general state update equation.
Step 1: Recall the DeltaNet update at t = 3 (concrete example):

Ss =Sy +vik{ —fnkT, Vi =S2k;
Step 2: Merge v and V1 terms:

Ss =S+ (vi —v1)k{ =Sa+ (vi —Soky)k{
Step 3: Replace concrete subscripts with general form (vi — v, ki — k¢, S2 — Si—1):

St =8Si—1+ (ve — Se—1 ke) k:

St - St—l + ﬁt (Vf - St—l kt) k;r
~~

learning rate

Bt = 0(Wgx¢) € (0,1), where o is the sigmoid function and Wy is a learned projection. When 3; = 1, the old value
at k¢ is fully replaced; when B; — 0, the state is preserved unchanged.
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Deriving DeltaNet's State Update — Householder Matrix Form

From Step 3's error correction form, rewrite as Householder matrix form.
Step 3 (recap): -
Se =81+ (Vt — St kt) kt
Step 4: Expand brackets, factor out S:—1, rewrite as Householder form:
Se=Se1+vik{ —Se1kek/
=81 (I—kek!) + vik{
—_———— ——"

Householder matrix ~ write new

Adding learning rate 3: € (0, 1]:

Se=Se1(I— B kek! )+ Bevek/
~~

learning rate

@ (I—pBik: ktT): Householder matrix — precisely erases old memory in k; direction, other directions
untouched

@ (v ktT: writes new key-value association

Householder matrix: https://en.wikipedia.org/wiki/Alston_Scott_Householder
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State Update Equation — Linear Transformer vs DeltaNet

State Update: State Update:
St =S¢1 +VtktT St = St—1 + Bt (ve — S¢—1 kt)ktT
Decoding: Decoding:
ye = Seqe ¥t = Stqe
Write: Write:
vek] Bt (ve — Se—1 ke) k[
(full value, unconditional) (error correction)
Summary:

@ Decoding equation is the same: y: = St q:

@ DeltaNet only modifies the write method — from “unconditionally add v; k;r” to “read first, then correct the

difference”
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tary: State Matrix = Key-Value

Key insight: The state matrix S is a key-value memory that maps keys to values.

Two fundamental operations on S:

Operation Formula Meaning

Write (key k, value v) S+=vk' Store association “k > v"
Read (key k) v=_S-k Retrieve the value at “address” k

Decoding = Read: y: = S; - q;: = (Z}Zl vj kJT) qr = Z}Zl(ijqt) vj
The problem reframed:

Linear Attention’s S = Append-Only Log
(INSERT only, no UPDATE, no DELETE)

We need S = Key-Value Database (READ — UPDATE — OVERWRITE)

Correctness constraint — the goal of every write should be:

St ki = v+ (ensure address k; stores value v;)
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DeltaNet — State Matrix Recurrence

Example: “The cat sat on the mat ..”
[The]] [cat] ) [sat] |
[EEe= Embed(token)} [ERgE Emhed(mken)} [aERr= Embed(tnken)]
[Linear n][unearv [UnaarQ][LlnearB] [Linaar K]{L;nearv [Unearolu.mearg [Un-aa_jri_(.][UnearvnuneamllLinéane
! 3
(elqn) (elaz)] (o)) [(vs ]
STATE UPDATE Phase 1 (Erase): Phase 1 (Erase): Phase 1 (Erase):
ROWS -0 Seq: (=i ke k) Sio1:(1—fBe- ke ki) Se—1 (1= Bk k) s
hics Phase 2 (Wnte) Phase 2 (Wnta Phase 2 (Wnte 3
+8: Vt k{ + Bt V: kt +8: - Vt kt
OUTPUT ROW: V=1 = S1 ©(q1) Vi=z = 52 o(qz) V=3 = 53 v(q3)

(Ground truth: ‘cat’)
DeltaMet Recurrence (Delta Rule):
Se=S;_1 (1—Pe-ky ki) +Beve - k] (gap)
=8 ¢lq)

(Ground truth: ‘sat’)

(Ground truth: ‘on’)

@(q;) | Transformed query v | Value vector
() | Transformed key (L2 norm) | S, | State matrix, dg. % dy
B¢ | Learning rate (per-step) ¥: | Output (prediction)
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Songlin Yang's DeltaNet Blog (Gated DeltaNet Author)

Songlin Yang

latest posts
Dec 3, 2024
Dec 3, 2024

Dec 3, 2024

https:/ /sustcsonglin.github.io/
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4. Gated DeltaNet: Combining DeltaNet + Mamba-2

1. Qwen3.5 Overview

2. Linear Transformer

3. DeltaNet: Delta Rule 4+ Householder Erasure

» 4. Gated DeltaNet: Combining DeltaNet + Mamba-2
5. Comparison of Three Methods

6. Limitations of Linear Attention Layers

7. Qwen3.5 and Qwen3-Next: Hybrid Architecture
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Gated DeltaNet — The Best-of-Both-Worlds Approach

“Gated Delta Networks: Improving MambaZ2 with Delta Rule” (ICLR 2025)

DeltaNet:
Se=5:1- (/ - Btktk;r) + BtVtk;r

Gated DeltaNet (adds o, global decay from Mamba-2):

S = Q- Seq : (I- 5tktktT) + ﬁtvtktT
—— ————— ——

Global Decay (Mamba-2) Targeted Erasure (DeltaNet)  Write New (DeltaNet)

Three memory operations unified in a single equation:

Operation Formula Component  Origin Description

Global Decay g S Mamba-2  a; € (0,1), controls “how much old memory to forget”
Targeted Erasure (I — Srkik]) DeltaNet  Householder matrix, erases old memory in k; direction
Write New Bevek{ DeltaNet ~ Writes new key-value association into state matrix
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Gated DeltaNet — Recurrence Update with Gated Delta Rule

Example: “The cat sat on the mat ..”
~~

[The] [cat] | [sat]

X221 = Embed(ioken) xP%1 = Embedilaken) X2 = Embed(token)

PATH 1 P.ATH 2 PATH 3 PATH4 PATHS PATH1 F.ATH 2 PATH 3 PATH PATIH 5 PNH 2 PATH 3 PATH 4 PATHS

FA

ma»w

[Short Corw) [Short Cony] (Short Cony] [Ehon Cony]

ILIJ [ELU]

MO LE Norm

E{ﬂ ) m @) [

Gated Delta Update £=1 Gated Delta Update t=2 Gated Delta Update f=3
Sy (1 Ky [ M | k [: T k
U;gﬂ'li Sy=0 Gated Ela;ﬂa'swlh'ssbﬂz Mm th)DdlaNuG aandsra;mr[m:mnnaa r&usu;at?m%mw Gmin:v\ur[m:!iagaz ﬁﬁs&o@umwm
+ B vk +Be vy ki + B ve ki
‘Write new associalon Wirite: e association Wit new assaciation
Ground tuth Ground it Ground Inath
OUTPUT (Gt __ naxt toian ot token ne:thulr,en
NOWT 9eer =Norm(s, - qy)~{ e ot §ip =Nom(S; - @) ~{ e~} sat -3 =Nom(Ss - qs) e
Gated Delta Rule (ICLR 2025): q; | Quary (L2 normalized) | wy | Valua vecior
Se=ap Sy (1= fe -k k) + B v - k] Ky | Key (L2 normalized) 8, | State matrix, dy, % dy
¥ = OutputGate(Norm(S; - q.)) @, | Gating scalar (Mamba-2) | 8, | Leaming rate (DeltaNet)
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Mamba-2 Elements in Gated DeltaNet

The Gated DeltaNet paper is titled “Improving Mamba2 with Delta Rule"—it is built directly on the
Mamba-2 framework.

Element From Mamba-2 Role in Gated DeltaNet

Exponential Gating a; v Global decay of the state matrix, controls “how much old memory to forget’
Short Conv (Causal Conv1D)
SSD Duality (SSM = Linear Attention)
Chunkwise Training Algorithm

Local context modeling after Q/K/V projections

Matrix multiplication during training, recurrence during inference

ANIENEN

Extends Mamba-2's chunked training method

Mamba-2: S, = ;- S;_1 + vik/
Gated DeltaNet adds the Delta Rule on top of this:

Se=a¢- 5S¢ - (I - ﬁtktktT) + 5tVtktT

For detailed Mamba-2 technical content, please refer to the supplementary slides at the end of this presentation.
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Summary of DeltaNet and Gated DeltaNet

@ DeltaNet (Schlag et al., ICML 2021) — %:BBE , RHES
Sﬁzspl+ﬁdvr—spik0k:
@ Gated DeltaNet (Yang et al., ICLR 2025) — £iH=iR , XL E:CIE

St =t Se1- (I — Brkek ) +5tVt
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5. Comparison of Three Methods

1. Qwen3.5 Overview

2. Linear Transformer

3. DeltaNet: Delta Rule + Householder Erasure

4. Gated DeltaNet: Combining DeltaNet + Mamba-2
» 5. Comparison of Three Methods

6. Limitations of Linear Attention Layers

7. Qwen3.5 and Qwen3-Next: Hybrid Architecture
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Gated DeltaNet — Equation Ancestry

& G &
Linear Transformer - DeltaNe . Mamba-2 , Gated DeltaNet
(ICML 2020) (ICML 2021) (ICML 2024) (ICLR 2025)

a; € (0,1): global . B: € (0,1]: learning rate /
decay rate (learned) Gated DeltaNet — State Update Equation write strength (learned)

\
St = oy - Si—1 - (I — Bikik; ) i 5tVtk

h A A 4

DeltaNet DeltaNet
Schlag, Irie, Schmidhuber, Schlag, Irie, Schmidhuber,
Dao & Gu, ICML 2024 ICML 2021 ICML 2021

Global decay — controls how | | Householder erasure — targeted Write new key-value

much old memory to forget j removal in k; direction association into state

Ne

Mamba-2

Gated DeltaNet (Yang et al., ICLR 2025) unifies global decay + targeted erasure + controlled write




State Update Equation Evolution

Linear Transformer — DeltaNet — Mamba-2 — Gated DeltaNet
Equation 1 — Linear Transformer (Katharopoulos et al., ICML 2020):
Se = Si1 4 vek/
Blind accumulation — can only ADD, never erase or forget. Cannot modify old associations.
Equation 2 — DeltaNet (Schlag et al., ICML 2021):
Se=Se1-(I— Bekek! ) + Bevek,

NEW: Erase old association in k; direction via Householder Erasure, then write. [3; controls both. But: no
global forgetting.

Equation 3 — Mamba-2 (Dao & Gu, ICML 2024):
Se=a:- Si—1+ VtktT

NEW: a; globally decays all memory. Proved SSM = Linear Attention (SSD Duality). But: cannot precisely
update specific key-value.

Equation 4 — Gated DeltaNet (Yang et al., ICLR 2025):

Se=ai-Se—1- (I— Bekek! ) + Bevek,

Combines: «; global decay + targeted erasure + controlled write. Can both forget AND precisely update! 50/68



Comparison of Three

Side-by-side equation comparison

Method State Update Equation

Linear Transformer (2020) S, = S;_q + vk,

DeltaNet (2021) Se=Se1 (I— Bekek{) + Bevek]
Mamba-2 (2024) Si =y Siq + vkl

Gated DeltaNet (2025) Si =y Si 1 - (1= Bekek] ) + Bevek!

Component Linear Transformer DeltaNet Mamba-2 Gated DeltaNet

State Matrix S; v v v
Global Decay o

Householder Erasure (I — B:kik, )
Learning Rate 3; Write Control
Short Conv (Causal Conv1D)

L2 Norm on Q/K

SiLU Activation

Output Gate + Norm

<

X X X X X X X
x X X% % \ N\ %
x X X N\ X X% N\
NSNS S
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6. Limitations of Linear Attention Layers

1. Qwen3.5 Overview

2. Linear Transformer

3. DeltaNet: Delta Rule + Householder Erasure

4. Gated DeltaNet: Combining DeltaNet + Mamba-2
5. Comparison of Three Methods

» 6. Limitations of Linear Attention Layers

7. Qwen3.5 and Qwen3-Next: Hybrid Architecture
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y Not 100% Gated DeltaNe

@ Pure Gated DeltaNet still underperforms full attention on precise in-context retrieval
@ Qwen3.5's solution: 3:1 hybrid — 75% Gated DeltaNet + 25% Full Softmax Attention
o Inference throughput: 8.6x7 at 32K context, 19x1 at 256K context (vs pure Softmax)

Model SWDE SQD FDA TQA NQ Drop Avg
DeltaNet 17.9 309 184 539 173 186 26.2
Mamba2 19.1 336 253 61.0 208 192 2938
Gated DeltaNet 25.4 348 237 600 190 198 30.6
Transformer—+-+ 29.5 380 522 583 225 216 37.0

Gated DeltaNet-H1 (1:1) 35.6 39.7 520 601 246 225 39.0
Gated DeltaNet-H2 (3:1)  38.2 40.4 50.7 633 248 233 40.1

H1 = 1:1 (50% Gated DeltaNet + 50% Attn) H2 = 3:1 (75% Gated DeltaNet + 25% Attn)
Pure Gated DeltaNet (30.6) < Transformer++ (37.0), but Gated DeltaNet-H2 (40.1) surpasses it (+3.1)

Source: Yang et al., Gated Delta Networks, ICLR 2025, Table 4 (1.3B params, 2K tokens)
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In-Context Learning: Transformer vs Linear Attention

In-Context Learning: Why Transformer Succeeds and Mamba Struggles

: IRPLIT PRORPT
| English: cat — Chinese: 8 |
Engli — Chinese: 35 |

0g
| English bird — 7 |

Transformer (Attention) Mamba-2 (SSM)

Mo direct access

Z to past tokens
Aftend to h & BN (fixed size) e

asampis1 fat] - =1« - - gt - 1)

ke | - L3 g
dog] | h ~{[=]—{h ~ B8]~ h ~ [bird] = h =]
ki [dog] | h ~{[=]f indtolE [bﬂj..,.[]h
example 2
Hidden state: ALL past tokens compressed inte N numbers

Cannot look back — examples are mixed together in h
f [‘output: 7 (struggles ta match pattern) |
KV Cache: stores EVERY past token separately Summary: Fixed-size state compresses all examples together

([feat -1 o -+ o1 i1 1] o UG PRI N g ARV
s < Transformer J
Can precisely retrieve any example
= Memory of past fokens ~ Exact (KV cache stores all)  Compressed (fived N-dim state)
Dutput: B {correct) | Access lo examples Direct attention o any posiion  Only through compressed state
Pattermn matching Precise (compars Q with each K)  Approximate (info mixed in h)
Summary: Attention directly looks back at each example, ICL ahility Strong Weak
precisely matching the pattern input—output Memary cost O[T} arows with contexd OfN) canstant

Pure linear attention models struggle with precise in-context retrieval; interleaving softmax attention layers
recovers this capability while preserving the efficiency gains of linear layers.
54/68



7. Qwen3.5 and Qwen3-Next: Hybrid Architecture

Qwen3.5 Overview

Linear Transformer

DeltaNet: Delta Rule + Householder Erasure
Gated DeltaNet: Combining DeltaNet + Mamba-2
Comparison of Three Methods

A

. Limitations of Linear Attention Layers
» 7. Qwen3.5 and Qwen3-Next: Hybrid Architecture
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Gated DeltaNet Deployment in Qwen3.5 — Compared with Qwen3

Qwen3 (Standard Transformer) Qwen3.5 (Hybrid Architecture)
( Input idings (250K vorab) | = InputEmbeddings = | Input Embeddings (250K vacab) |
F———
[ Gated Deltabet [ LayerNorm =
ﬁ = Residual Connections = [Linear g lﬁe‘ﬁ| Loeary | Sparse SwiGLU MLP
P~ 1 = wpert] I'_x_l E . |Exaert
‘é’ = LayerNorm — ||CEe s AR
g (RMSMorm) (L2 b ____],__ R
=3 Gated Delta Rule
= = Rotary Position =7 ; mp&m;s-]mer.u MI’.P_
« = L ST it} {Enpert| [0 1o [Exert
g CRSAATIR IS | = Sw_iwi?_??s;wyl,ﬁmm
= i 3
S : d
‘ﬁ' LayerNom ] Attention: % Hybrid Gated Deltanet. = -
=z All Softmax {GDN + Soﬂmax} F Gated Deftahiet i« | | [ Full Softmax Attention
Dense MLP % Sparse MoE [‘ Gated Deltalat ( LayerNorm ]
g [ SwiBLUMLP
No gating/ % @ gating + [Boert) [Exp=et] [ - [Brgert]
dalta B, delta rule Sparse Mok 3576 toral, 175 active
Aolr] e —— ——pje—
Allayers: Softmax Attention Component Qwend Cwen3.5 3:1 ratio — 75% Gated Deltablet +
All layers: Softmax Attention Attention  100% Softmax  75% Galed DeltaNet + 25% Softmax 25% Softmax Attention
Dense model: all parameters active MLP Densa Sparse MoE (39781 78) Sparse MoE replaces dense MLP
Complesxity O(Nz} all Iayers O[N} for 75% layers, O[N®) for 25%
Context 262K (expandable to 1M)
Params 2B [all actlve:l 3578 total, 178 active

@ Architecture Foundation: Qwen3-Next (first adopted Gated DeltaNet in Sep 2025) 56/68



.6-Plus — Specificatio

Qwen3.5 (397B-A17B)

Qwen3.6-Plus

Release Date
License

Parameters
Architecture
Context

Modalities
Positioning
Thinking Mode
Reasoning Efficiency

Tool Integration

Feb 16, 2026

Apache 2.0 (open weights)

397B total, 17B active

Gated DeltaNet + MoE (3:1 hybrid)
262K (extensible to 1M)

Text, image, video, audio
General-purpose multimodal
Optional

91% tokens on reasoning

Mar 30, 2026 (preview)

Closed source (API only)
~480B total, ~24B active"
Linear attention + MoE hybrid
Native 1M

Text, image

Agentic coding

Always on

83% tokens on reasoning
Claude Code, Cline

*Qwen3.6-Plus parameter counts are community estimates, not officially confirmed.
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Recent Large Language Model Comparison (2026-05-15 Updated)

Claude Qwen3.6 Gemma 4 Kimi DeepSeek
Opus 4.6 -Plus 31B K2.6 V4-Pro

Organization Anthropic Alibaba Google Moonshot Al DeepSeek
Release Feb 2026 Mar 2026  Apr 2, 2026  Apr 20, 2026 Apr 24, 2026
Type Proprietary MoE+GDN  31B Dense 1T MoE 1.6T MoE
Reasoning

GPQA Diamond 91.3 88.4t 84.3 90.5 90.1

AIME 2026 93.3 91.3f 89.2 96.4 99.4
Coding

SWE-bench Verified 80.8 78.8 52.0 80.2 80.6

LiveCodeBench — 83.61 80.0 89.6 93.5

TQwen3A5-397B-A17B score used where Qwen3.6-Plus score is not publicly available.

@ Open-weight models now within 1 point of proprietary leaders on SWE-bench Verified
@ DeepSeek V4-Pro (1.6T/49B active) dominates coding: LiveCodeBench 93.5, AIME 99.4
@ MMLU is saturated (88-99% for all); GPQA Diamond is the new discriminator
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Summary and Takeaways

Summary Takeaways
@ Linear Transformer: O(L?) — O(Ld?) via kernel © Step-by-step derivation from standard
¢ attention to state matrix — making the

math accessible

@ DeltaNet: delta rule fixes blind accumulation

@ Gated DeltaNet = «a; decay + (; delta rule Q Concrete e_xamp_le showing why blind
accumulation fails

® 3:1 hybrid surpasses Transformer+-+ © Unified view: Linear Transformer —

@ Qwen3.5 deploys Gated DeltaNet at scale DeltaNet — Gated DeltaNet as
incremental fixes

Next Week

X ee © Practical insight: pure linear attention is

@ Qwen3.5 native multimodal (Early Fusion) not enough — hybrid 3:1 is the sweet

@ Gemma 4 Per-Layer Embeddings (PLE) spot
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Thank You for Listening!

Questions & Discussion
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Supplementary Slides
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Supplementary Slide A: Mamba-2 Contribution 1 — SSD Duality

Contribution 1: SSD Duality — Proving SSM = Linear Attention
@ Mamba-2 (Dao & Gu, ICML 2024) proved that State Space Models and Linear Attention are
mathematically equivalent

@ This means: use matrix multiplication during training (fast, fully utilizing GPUs), use
recurrence during inference (memory-efficient)

@ This equivalence provided the theoretical foundation for Gated DeltaNet's cross-tradition fusion

SSD Framework: Two Equivalent Views of the Same Computation

Linear (SSM) Form Quadratic (Attention) Form

o Mathematical Duality . ,
88M Recurrence — O[TV} | (yia Semiseparable Matrices) |  Attention Matrix — O[Ty

hy=Ayxh; +Brxy M=La(C+B")
ye=Cl#he Y-M+X
$3D Duality
= Sequential computation Same parameters (A, B, C, X} | = Parallel computation {matmel)
+ Constant memary at inference — Same outpul ¥ * Leverages Tensor Cares

= Bast for: Generationfinference | Keyinsight: A ol (scalar= | = Bast for: Training
identiity} enables this duality

When all a, — 1: 580 reduces to Causal Linear Attention
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Supplementary Slide A: Mamba-2 Contribution 2 — Expon

Contribution 2: Exponential Gating Mechanism («;)
@ Introduces gated decay in the state matrix update: S; = a; - Si_1 + ¢(ke)v)
@ a; € (0,1): Controls “how much old memory to forget”
@ a; — 0: Nearly clears all old memory (context switching)

@ «; — 1: Nearly retains all old memory

SSD Concept Mapping: SSM < Attention

55M Concepts Attention Concepts
State dimension N Head dimension
Multiple SSM heads ——» Multi-Head Attention (MHA)
Multi-Input S5M (MIS) ———» Multi-Walue Attention (MVA)
Grouped-head SS| ——» Grouped-Query Attention (GQA)
Scalar diagonal A ~——— 1-semiseparable causal mask

Hidden state h ——— KV cache (outer product accumulatian)
Decay parametera; ———  Discount factor / relative position

B matrix B — Key projection
C matrix _ Query pojection
X {input) —_— Value

Mote: When a; — | for all t: S3M reduces to Causal Linear Attention with standard causal mask
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Supplementary Slide B: Mamba-2 SSM Operation — Diagram

The cat sat on the mat

¥ ¥
g

x5! = Embed(token)

ad

x5 = Embed(token)

oLl Mo
[LInsar_A] |Linear_B' LInear_C] |LInear_A| 'LIneal_BJ [ﬁear_cj | Lingar_A [Linear_B- Llnear_CJ
%’ g BidA . S [sigmeic 7 X =] B
— R Cims - | i L B iz Cen
Apmy = ey 1 {NxD) hx 1 |ér.—z=ﬂz=a‘f (MO} it (e = gt (M=) Nxd
; o R hihy LEds]

At =1 f"’t —1

x! = Embed(token)

By [
[NKDJ [NxD) -t
Vo1 =CLi My [x1-2] Wez=Clahe Yz =Cly-hy
he=Ar ey + By e Ac | Stats Transition Matrx_| x, | Input Token Embadding |
cT B¢ | Inpul Projection Matsix | Jy Hidden Stale |
Yi=C hy € | Outgut Frojection hatra: | ¥y Output. |
where A, = o Lineary(x,)) - I

o | Signoid aclivtion

@ Recurrent form of SSM: hy = Ay - he_1 + Be - x¢, ye=C] - h;

® Where A; = o(Lineara(x;)) - I is a data-dependent diagonal decay matrix
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Supplementary Slide B: Mamba-2 SSM Operation — Implications

@ SSD Duality proved that this SSM recurrence and the Linear Attention state matrix update are
mathematically equivalent

@ But the problem with Mamba-2: «; can only uniformly decay all memory, and cannot
precisely update specific key-value associations
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Supplementary: DeltaNet — Conversion Condition from Quadratic to

Linear

As long as sim(q, k) = ¢(q) " ¢(k), we can use associativity to convert O(L?) to O(Ld?). But how
exactly should we choose ¢? DeltaNet provides a concrete technical path.

Necessary conditions for the conversion:

Condition Explanation Why Softmax fails
Finite-dim feature map #(x) € RY, d must be finite and controllable Taylor expansion of exp(q" k)
Non-negativity (or handling negatives) Accumulated matrix S= " ¢(k)v' needs numerical stability —

Sufficient expressiveness ¢ must be able to distinguish different keys —
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Supplementary: DeltaNet — Specific Conversion Method

DeltaNet’s specific conversion method:
@ Kernel function choice: Use a RelLU variant* as ¢

o Concatenate [k; —k] — ReLU — cross-product
e Dimensions expand from d to 2dv, increasing memory capacity
e Satisfies finite-dimensionality + non-negativity + information preservation

© Delta Rule compensates for expressiveness loss: Even with a weaker kernel, a precise memory
update strategy can maintain performance

© Subsequent evolution: Delta rule naturally supports negative values, so SiLU replaced the
ReLU variant*, removing the non-negativity constraint

Key insight: The kernel function (¢) and the memory update strategy (delta rule) must be co-designed
to maintain model quality while reducing complexity.

* ReLU variant refers to DPFP (Deterministic Parameter-Free Projection); see Schlag et al., ICML 2021.
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Supplementary: DeltaNet's Three Major Contributions to Qwen3.5

© Delta Rule memory update mechanism: S, = S, 1 + B:(v; — Si_1k:)k; — replacing blind
accumulation.

@ Kernel function design methodology: DPFP — ELU+1 — SiLU evolution.

© Householder matrix insight: S; = S, 1 (I — B:kik/! ) + Brvik] — precise erasure in the k;
direction. Mathematical foundation for Gated DeltaNet.

68/68



