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MesaNet Origin | LLMs are few-shot learners

outer loop

Learning via SGD during unsupervised pre-training N
7
3 3 5
5+ 8 =13 8 gaot => goat 8 thanks => merci 8
3 3 =3
- - -
7+2=9 2 sakne => snake g hello => bonjour 2
L — Lad
. o o o
|n'C0nteXt Learnlng (lCL) inner loop 1+8=1 5 brid => bird o mint => menthe 5
3
— no parameter updates 347 3 foh = fish 3 S 3
5+9 =14 dcuk => duck otter => loutre
9 +8 =17 cmihp => chimp bread => pain
Vv WV WV
sequence #1 sequence #2 sequence #3

- Understanding: Get insights on in-context learning.
- Building: Use these insights to design new sequence models

Reference: Brown et al. (2020)
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MesaNet Origin | An autoregressive toy model

- To generate a sequence, sample an initial state P and run

hy = Af(h:—1) + noise

= MLP =1
s; = Ch; + noise f or f=1d

- “The world is large”: every sequence comes from new A, C' matrices

1 T-1
Transformer(6) m@in ]Esrvp(s) 5 Z HSH_l — ‘§t+1(sl:t> H)HQ
t=1

[ S1 e St—2 St ] [ St ]

— minimize next-input prediction error
online by stochastic gradient descent

Reference: Vaswani et al. (2017)
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MesaNet Origin | First inspection of the toy model
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In-context learning according
to Kaplan et al. (2020)
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Some weights are sparse and
highly structured

Suggestive of an algorithmic solution
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Past inputs can be read out from the
internal representation of current input

Robust phenomenon analyzed by Olsson
et al. (2020) in natural language tasks
Co-occurs with sharp increase in
in-context learning performance



Copying layers
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MesaNet Origin | Reverse engineering trained transformers

i
[‘I’ost, St, St—l]

[ ] [0 ]

Token stream  Token stream
€1 €t

=

St—1 St

Causal self-attention layer

First layers:

- Apply nonlinear transform through MLP
- Bind kinputs into aggregate representation Sk
(k depends on degree of partial observability) t

St—k+1

St
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MesaNet Origin | Reverse engineering trained transformers

Mesa-optimization layers

Copying layers
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Causal self-attention layer
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Token stream
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Token stream

Causal self-attention layer

Subsequent attention layers:
Learn linear model ¢

T—1
. k k
| min zi — Pz
in Y [2f,, — @2
t=1
using an efficient gradient-based mesa-optimizer
cf. Hubinger et al. (2021)

PN
£

First layers:
- Apply nonlinear transform through MLP St—k+1
- Bind kinputs into aggregate representation k
(k depends on degree of partial observability)
St
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MesaNet Origin | Theoretical attention-based optimizer

We construct a multi-attention layer algorithm for minimizing the in-context loss:

1 & A
Li(®) = b Z 241 — ®Hyze ||* + EHCI’H%
=1 —

preconditioner regularizer

- Attention can precondition inputs, which speeds up optimization. With sufficiently
many attention layers the optimal preconditioning is approached:

Hyz = (Ze1Z]  + M) 2

- Attention can take a gradient step —VL;(®) on the loss. A single step suffices for
optimally preconditioned inputs.

10
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MesaNet Origin | Theoretical attention-based optimizer

We construct a multi-attention layer algorithm for minimizing the in-context loss:

t—1

1 A
L(®) = 5 > llzvs — @Hyze | + S |2]3
H_J

t'=1 " .
preconditioner regularizer

- Attention can precondition inputs, which speeds up optimization. With sufficiently
many attention layers the optimal preconditioning is approached:

Hyz = (Ze1Z]  + M) 2

- Attention can take a gradient step —VL;(®) on the loss. A single step suffices for
optimally preconditioned inputs.

Important insight for Mesa layer: Both these terms can be computed in-parallel fashion
over the sequence length by attention layers. In particular, we discuss how to compute the
inverse x vector product with (accelerated) Newton-Schulz.

11
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MesaNet Origin | Evidence for theory
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Preconditioning improves with Theoretical model fits trained model Early MLPs provide basis functions for
sequence length and depth (Theoretical model hyperparameters tuned nonlinear sequences
for best performance, not to fit
transformer)
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MesaNet Origin | Resulting transformer is a few-shot learner

Few-shot regression

Ytest w TF
Aol —— TF+EOS
s 2.0 —— TF+EOS+P
.E LsQ
T 1.5
Autoregressive Transformer S

210]
()
Q0
[0}
-

1 Y2 ... TN YN Ttest 0-51

0 10 20 30 40 50 60
Datapoints (x;, y;) in sequence

- Evaluate out-of-distribution on supervised regression task
- Toy model for GPT-3 in-context learning findings of Brown et al. (2020)

- Toy model for prompt fine-tuning |[r1,y1,EO0S, x2,¥2,...,E0S, N, YN]

} t

finetune over many sequences to improve prediction of Y;

13
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MesaNet Origin | Uncovering mesa-opt in transformers

- Mechanistically interpretable model of gradient-based ICL/mesa-optimization

- Transformers develop in-context version of a classical machine learning algorithm:

Learn linear model after fixed nonlinear transform — good OOD generalization/transfer expected

- Maximum likelihood estimation without explicitly inferring generator matrices

(cf. algorithms from data-driven control theory)

- Large enough generator diversity is needed

— Raventos et al. (2023) analyze the transition to the algorithmic solution studied here

14
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MesaNet | Sequence modeling by stacking local learners

Our findings suggest a motif for designing neural sequence models:

- Sequence inputs specify layerwise objective functions;
- Each layer solves its own local learning problem;
- MLPs interconnect many such layers.

Bring local learning ideas explored in computational neuroscience to the fast 'in context'
processing timescale

- Rely on backpropagation to discover how to usefully orchestrate local learners
(cf. ‘fast weight programmers', Schmidhuber 1992)

References: Schmidhuber (1992), Lillicrap et al. (2015), Nokland & Eidnes (2019), Veness et al. (2021), Hinton (2022)

16
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Mesalayer | Softmax self-attention

V; softmax(K,' ¢) @ =Woer query
| | |
( \ Vt = |:WV €1 WV €y ... WV (o values
k1 v1 k2 vo ke vilq | | |
_\*_"f""*""f"""c_é_c_ﬁé ______ { ___ ¥ __ f Y, K= | Wkes Wgea ... Wgey keys
A | | |
€t
time=

Softmax self-attention stores the entire past
— compute and memory cost per time step grows linearly with sequence length

17
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Mesalayer | Efficient linear self-attention

t
T _ A —
WKt 9t = Z Ui k’i g = P1qy @ =Wqe query
=1
| | |
((I)/\(I) /\@/\ N Vi=| Wye Wyey ... Wye values
1 2 L xt | | |
—r —r —r
ki vi k2 v ki vy | | |
d ? 4 ? / Ktz WK€1 WKGQ WKet keys
) | | |
€t
time=

Linear self-attention admits efficient implementation: recursively update state matrix &,
— compute and memory cost per time step is constant

References: Schmidhuber (1992), Katharopoulos et al. (2020) 18
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Mesalayer | Associative memory view of attention

!
ViK' ¢ = Z vik] | qs = Prqy
i—1

- Learn linear key-value map using local Hebbian rule

- Store t associations in |v|/k/ weights

- Key idea behind many recent recurrent neural network
alternatives to transformers (e.g., Mamba, xLSTM)

References: Hebb (1949), Oja (1982), Schlag et al. (2021), Gu & Dao
(2023), Yang et al. (2023), Beck et al. (2024)

V; softmax(K,' ;)

dot-product similarity kernel
Store t key-value pairs explicitly

References: Vaswani et al. (2017), Krotov & Hopfield (2021),
Ramsauer et al. (2021)

Soft nearest-neighbor memory retrieval using

19
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Mesalayer | Sequence layers as local learning

Memorization via test-time regression

Associative recall as a forward pass
sty | gy e e
ssociative memory
me(q;) 2@ e (less expressive)
my \
a P yi

? N

q; z

. L 1¢
Memorize({(k;, vi) Y1) = minimizenca 5 > %" |Ivi = mk)|
=1

Step 2: Retrieve a value from memory

¥ = mu(qy)

Step 1: Memorize key-value pairs

m; = Memorize({(k;, vi)}._;)

A unified perspective on sequence layers

Parametric regression via Nonparametric regression

Parametric regression via

Parametric regression via
batch gradient descent

Uniform weights

Linear Attention

Decaying weights

stochastic gradient descent exact solution

DeltaNet
Standard SGD .
+ multiple updates  Delta Product Mesa-layer
+ adaptive step size Longhorn
Intention

Gated DeltaNet

Kernel regression
Intention (kernelized)
Skyformer

SOFT

Local constant regression

Gated Linear Attention RWKV-6 i
+ L2 regularization
Mamba, RetNet
HGRN Gateloop + Momentum Titan-LMM Softmaz attention
LRU mLSTM

Compatible with feature maps for nonlinear regression
DilJiang

Performer  cosFormer  RFA Hedgehog Based Rebased

“MesaNet vs. DeltaNet is roughly analogous to Recursive Least Squares vs. Least Mean Squares in the signal
processing literature—making MesaNet the more powerful of the two” - Songlin Yang

References: Wang et al. (2024), von Oswald et al. (2023)



Mesalayer | Current RNN overview
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Model Recurrence Memory read-out
LinearAttention | ®; = ®,_; + vk/ o; = ®,q;

+Kernel D = Dy + k)" oy = Dp(qr)
+Normalization | ®; = ®,_; + v;¢(k,)", 2z, = 2,1 + p(ky) o, = (q)/(z] $(qr))
DeltaNet @, = O (I - Bkk/) + Bok/ o; = B,q;

RetNet @, =y, + vk, o = D,q,

Mamba ®; = @, 0exp(-41") © exp(A) + (o © VK, o =D q+d o v,

GLA O, = Dy 0 (1)) +vk], @] = B, Diag(ew) + v;k[ | o, = Djq,

RWKV -6 ®,; = @, Diag(ey;) + v/k/ o = (D1 + (d © VK, g
HGRN -2 @, = &, Diag(ey) + v;(1 — )" o = O;q;

mLSTM @ = f, D,y +ivk,, 2= frzeg +ik o; = ®,q/ max{1, |z] |}
Mamba -2 @, =y D, + vk, o; = Ouq;

GatedDeltaNet | @, = ®,_; © (o - BkKk)) + vk, o; = D,q;

* % Mesa * * G = %G1 + Beoek] Hy = yiH 1 + Bikik/ o; = Glinsolve(H; + A, q;)

21
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Mesalayer | Attention as locally-optimal learning

; 1 A
“hecter” imareming D ur = @+ 32l
t'=1

Derive a sequence modeling layer from a learning objective function

- Hardwire the recipe discovered by our toy trained transformers
- Improve generalization and memory capacity of Hebbian learning
- Value Yt plays the role of an internally generated target for local learning

- Forget factor v+ € R determines how strongly an association is learned/retained

22
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Mesalayer | The Mesa layer: Locally Optimal Test-Time Training

Many of the previous layers can be motivated by online GD on a squared regression loss.
Mesa layer takes this to an extreme:

1 ¢ A
. o _ : 2 2
local learning objective ®, = arg min 5 Z Ye H’Ut/ — q)k't/ || + 5 H@HF
® =1
internal state variables Gy = ’Yth—l -+ ﬂtvtk;, H,; = ’Yth—l + ﬁtktk;r
linear ajttention
. S
layer output (I)tqt = thlllSOlVG(Ht + AI, qt) b
(predict using learned model) N . R

can use solver of choice
here: conjugate gradient method

23
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Mesalayer | Chunkwise parallel training

t eki{ qt
Softmax Z V; —_— Vsoftmax(D O K TQ)

t T

Linearized t d(ki) " d(gr)
vi V(DoK'
Softmax ; Zz‘:l o(k;)T dqr) ( Q)
Mesa Gilinsolve(H; + A, q;) =
t - T y*
Zvik;%* V(DO K'Q")
i=1
. . Approximate with the the
with g; = linsolve(H; + A, q) - conjugate gradient method

in parallel!

24
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Mesalayer | Conjugate Gradient Method in parallel

Algorithm 1 Rank-One Update Conjugate Gradient Method

1: procedure RANKONECONJUGATEGRADIENT(H;_1, 7+, kt, qt, €, Emax)
2 Input: Symmetric positive-definite matrix H;_; € R™*", forget strength ; € (0,1), key
k; € R™, query ¢; € R", tolerance € > 0, maximum iterations K ax.

3: Output: Approximate solution z.
4 k+0
5: oo T Aian(yb_l e Ab)_l NN Initial au n
6: T4 g — (Hy_1v: + kek) + M)z > Initial residual 7
7: = Tnitirarsearcirdirection 1%
8 Oota — 7T > Squared norm of the initial residual
9 0o < Oo1d > Store initial squared norm for relative tolerance
10: . . . .
11: q <+ (Hi—1yt + kik, + Ad)p > Matrix-vector product (H;—17y: + kik, + Ad)p
12 =5k >-Step fengtiro

¢
(He+A)p=Hip+ Ay -p= ZCtikikiTp + Ay - p
i=1

~

. . . = GLA computation
Attention: Numerics are problematic here

25
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MesaNet | Runtime on H100

Mesa layer consists of running many steps of GLA to approximate ¢; = linsolve(H; + A, ¢:)
for many tin parallel and finally a last GLA step to compute V(D ® K ' Q*)

Transformer Gated DeltaNet

GLA B Mesa-CG=30

DeltaNet Mesa- CG 15
| - |-

2K x 16 4K x 8 8Kx4 16k x 2 32k x 1
Sequence length x Batch size

(0]
(@)
]

(@)
o
]

K Token Throughput /s
N S
(@) o

o

Check code here

26
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Mesalayer | Dynamic Test-Time Compute Allocation

Inside the conjugate gradient method:

9:

10:
11:
12:

13:
14:
15:

16:
17:
18:

19:

— Mesa layer dynamically allocates test-time flops, in a data dependent manner

(5() T (5()/([

q + (Hy_17: + kekyd + Ag)p

)
old
o — Wy

T < T+ ap
T4 T —aq

> Store initial squared norm for relative tolerance

> Loop until max iterations reached
B> Matrix-vector product (H;_17; + kik, + Ay)p

> Step length «

> Update solution x
> Update residual r

Snew — 1T > Squared norm of the new residual, ¢4,

if \/Opew < €/ then > Check relative convergence: ||7x11|| < €||ro]|
break > Converged

end if

B + Sneu > Improvement factor 3

)

27
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MesaNet | Model overview

( Linear )
I

%

(A) Residual block

(B) Gated MLP block

MHA, xLSTM, Mamba2, DeltaNet or Mesa

Google Paradigms of Intelligence

Linear

Mesa Rule

)

k q Iv BO@©©@~
( Conv j ( Conv ) ( Conv )
I | |
(Linear ) ( Linear ) ( Linear ) Lin
[ [ [ [ |
T

A

I
(C) Recurrent block

28
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MesaNet | Evaluation Outlook

MesaNet in a Synthetic World

Synthetic Data

(MAD, RegBench)

L

MesaNet &

HawkMesa

(vs. Hawk, Mamba2, GLA, xLSTM,
DeltaNet, Gated DeltaNet &
Transformer)

L

Synthetic Evals J

MesaNet & }

HawkMesa

(vs. Hawk, Mamba2, GLA, xLSTM,
DeltaNet, Gated DeltaNet &
Transformer)

30
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MesaNet | Synthetic Benchmark: MAD

Synthetic Benchmarks for Architecture Design
- In-Context Recall (Clean, Noisy, Fuzzy)

x -0 00 00 G0 IC & Noisy Fuzzy Memorize Selective Compress | Avg.

Yy 00 G0 -0 O-0 Recall Recall Train Data Copy
~ prompt O~0 O-Q O-Q O-Q Mamba2 100 512 42.0 95.4 413 66.0
) i GLA 100 39.0 82.5 96.1 423 72.0
- Selective Copying xLSTM 100 476 79.8 95.4 434 732
DeltaNet 100 555 40.8 98.8 433 67.7
T @ Gated DeltaNet 100 32.7 81.7 95.7 45.0 71.0
.Y QRROQRQAQ. Hawk 93.0 13.6 91.3 77.0 477 | 645
prompt @ Z MesaNet 100 58.5 77.2 99.2 45.4 76.1
- Compression Hawk-MesaNet 100 30.2 85.6 99.6 5258 85
: DO Transformer | 100 48.6 84.7 96.0 495 | 75.8

..y &0 000000

prompt Q QQQQQ Q Table 1: Performance (% Accuracy 1) on the MAD
- Memorization benchmark [73]. The MesaNet performs strongly compared

. O30 . 00 00 to other RNNs and matches the transformer.

prompt (OO0 o-Q G0

Eval Setup: 2-Layer models / Sweep over optimization params / Report best

Reference: Poli et al, Mechanistic Design and Scaling of Hybrid Architectures, 2024 31
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MesaNet | Synthetic Benchmark: RegBench

(1) Training

~p(- | PFA1)

PFA;

N N N\
1 2 acbdacac adadbc acbdac Train
~P(PFA) E\/ 9 Akl wkldedRanazd M,
d 3 ¢ 0

Language Model

(2) Evaluation

xztzyx xzyxztz xztz

|
!

L
= |

xyzt xyzt
Predicted p( - | xztz)

True p( - | xztz)

95,

X

k=

> 90 T

Q

©

| -

>

8 85 - Transformer GLA

<F Mesa DeltaNet

I XLSTM Gated DeltaNet

|9 Mamba2

80— : :

1 5 10

Number of DFAs (in 1000)

Model Setup: Best performance across a sweep over

Hyper Parameter Search
Embedding dimension [64, 128, 256, 512, 1024]
Number of layers [1.2.4.8,12]

Number of heads 11,2,4]
+ Optimization Hyperparameters
32

Reference: Akyurek et al., In-Context Language Learning: Architectures and Algorithms, 2024



MesaNet | Evaluation Outlook

MesaNet &
HawkMesa

(vs. Hawk, Mamba2, GLA, xLSTM,

DeltaNet, Gated DeltaNet &
Transformer)

Do these
findings
transfer?

MesaNet in a Language World

SlimPajama

L

MesaNet &

HawkMesa

(vs. Hawk, Mamba2, GLA, xLSTM,
DeltaNet, Gated DeltaNet &
Transformer)

<

Params: {145M, 450M, 970M}
Token: {15B. 50B}

— Sweep LR’s
— Identical Data Ordering

Reasoning In-Context _
PPL (MC) Recall Few-Shot
Y

Downstream Benchmarks 33
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MesaNet | Sliding-Window-Attention (SWA) as a Control

- We know that linear layers suffer at in-context recall if
the context is large enough
Q: How long is the attention span of these models?

- SWA with varying window sizes w as a control
- Perfect recall within window
- Constant per-token memory and compute cost

-  Q: How much window size do SWA models need to
be competitive on PPL and benchmarks?

Linear Attention Sliding Window

——
=W
Taylor approximation Limited memory for long
|/ provides large memory for X range recall
recall
X Precise local token shifts V Precise local token shifts

and comparison and comparison

(Figure from Arora et al, 2024)
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MesaNet | Perplexity (PPL) is all that counts!

| 15B Tokens Il 50B Tokens
‘ SLIM LMB. WIKL. PG19 GOV. QASP. | AVG ‘ SLIM LMB. WIKL PG19 GOV. QASP.| AVG
ppl) ppld ppld ppl) ppll  ppll ‘ ppl Y ‘ pply pply ppld ppld ppl)  ppld | ppld
145M - Hawk 1973 3894 2306 1987 1923 29.66 | 2508 | 1834 3743 2125 1849 1817 2783 | 23.59
- Mamba2 1829 4034 2086 19.017 17.03 2371 | 2323 || 1705 3822 1924 1787 1590 2210 | 21.73
-GLA 1737 3796 1957 1811 1586 2237 | 21.87 | 1630 3620 1843 1690 1502 2091 | 20.62
-XLSTM 1735 3797 1957 18.12 1588 2250 | 21.90 || 1620 3619 1831 1697 1491 2085 | 2057
- DeltaNet 1726 3818 1929 1793 1567 2175 | 2168 | 1617 3655 1808 1678 1481  20.53 | 20.49
-Gated-DeltaNet | 17.12  37.62 19.18 1777 1555 2213 | 21.56 | 1605 3580 1804 1679 1477 2067 | 2035
- Mesa 1702 37.64 1910 17.72 1544 2187 | 2147 || 1605 3617 1796 1660 1472  20.57 | 20.34
- Hawk-Mesa 1681 3720 1887 17.14 1529 2162 | 2115 || 1582 3551 1770 1619 1455 20.38 | 20.02
T 1695 3869 1865 1747 1500 2080 | 21.26 || 1581 3654 1735 1625 1404 1933 | 19.89
400M - Hawk 1440 3154 1612 1423 1367 19.85 | 1830 | 12.87 2944 1430 1271 1224 17.54 | 1652
- Mamba2 1445 3338 1599 1480 1327 1836 | 1837 | 1307 3105 1428 1328 1210 1637 | 16.69
-GLA 13.69 3164 1501 1389 1236 17.08 | 1728 | 12.61 2993 1373 1275 1152 1577 | 16.05
- xLSTM 1371 3170 1495 1388 1228 17.10 | 17.27 | 1256 2979 13.60 1272 1149 1572 | 1598
- DeltaNet 1380 3198 1507 1401 1251 1720 | 17.43 || 1259 3000 1368 1270 1149 1557 | 16.00
-Gated-DeltaNet | 1348 3140 1471 1359 1216 1664 | 17.00 | 1244 2957 1345 1252 1131 1542 | 1579
- Mesa 1344 3138 1465 1351 1202 1656 | 1693 | 1234 2957 1336 1240 1115 1519 | 15.67
- Hawk-Mesa 1337 3110 1455 1332 1207 1668 | 1685 | 1230 2938 1333 1230 1128 1532 | 15.65
-SWA4 2336 3865 2929 2351 2694 4824 | 3166 || 1932 3376 2343 1935 2150 3541 | 25.46
- SWA-64 1598 3297 1889 1631 1520 23.08 | 2040 | 1404 3051 1635 1419 1325 1937 | 17.95
- SWA-256 1469 3264 1699 1504 1342 1936 | 18.69 | 1323 3036 1494 1338 12.08 17.09 | 16.85
- SWA-1024 1395 3263 1540 1409 1236 1705 | 1758 | 1252 30.13 1371 1256 1112 1526 | 15.88
- Transf 13.64 3225 1471 1373 1206 1651 | 17.15 | 1240 30.10 1323 1242 1096  14.84 | 15.66
1B -Hawk 1271 2872 1395 1244 1190 1730 | 1617 || 1124 2667 1223 1093 1063  14.89 | 14.43
- Mamba2 1278 3030 1397 1292 1168 1597 | 1627 || 1139 28.02 1223 1142 1042 1402 | 14.58
-GLA 1228 2913 1329 1235 1108 1520 | 1555 || 1099 2698 1177 1095 999 1352 | 14.03
- XLSTM 1238 2921 1343 1240 1116 1533 | 1565 | 1101 2693 1181 1094 1000 1355 | 14.04
- DeltaNet 1223 2913 1320 1228 1104 1511 | 1550 | 11.01 2708 1173 1100 1002 1344 | 14.05
- Gated-DeltaNet | 1206 28.67 1300 1205 1085 14.86 | 1525 || 1089 2679 1158 1081 988 1328 | 13.87
- Mesa 1202 2857 1292 1196 1076 1476 | 15.17 || 10.83 2678 1149 1071 980 13.13 | 13.79
- Hawk-Mesa 1191 2845 1279 1183 1072 1460 | 1505 | 1078 2659 1153 1060 979 1320 | 13.75
-SWA4 2027 3466 2456 2033 2298 4037 | 2720 || 1646 2993 1942 1642 17.86 29.15 | 21.54
- SWA-64 1408 3001 1647 1433 1334 1978 | 1800 | 1237 2776 1414 1251 1156 1677 | 1585
- SWA-256 1298 2963 1476 1318 1182 1682 | 1653 | 11.60 2739 1289 1171 1058 14.69 | 14.81
- SWA-1024 1233 2065 1347 1235 1092 1493 | 1561 | 1100 2722 1178 1092 979  13.11 | 1397
- Transformer 1216 2955 1290 1210 1068 1447 | 1531 || 1086 27.16 1142 1074 969 12.86 | 13.79

(not meant to be readable)

Google Paradigms of Intelligence
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MesaNet | Perplexity (PPL) is all that counts!

15B Tokens Il 50B Tokens
SLIM LMB. WIKL. PGI9 GOV. QASP. | AVG | SLIM LMB. WIKL PG19 GOV. QASP.| AVG
ppll ppld ppld  ppld ppld ppld| ppld || ppld ppld  ppld ppld ppld ppld | ppll
145M - Hawk 1973 3894 2306 1987 1923 29.66 | 2508 | 1834 3743 2125 1849 1817 2783 | 23.59
- Mamba2 1829 4034 2086 19.017 17.03 2371 | 2323 || 1705 3822 1924 1787 1590 2210 | 21.73
-GLA 1737 3796 1957 1811 1586 2237 | 21.87 | 1630 3620 1843 1690 1502 2091 | 20.62
-XLSTM 1735 3797 1957 18.12 1588 2250 | 21.90 || 1620 3619 1831 1697 1491 2085 | 2057
- DeltaNet 1726 3818 1929 1793 1567 2175 | 2168 | 1617 3655 1808 1678 1481  20.53 | 20.49
-Gated-DeltaNet | 17.12  37.62 19.18 1777 1555 2213 | 21.56 | 1605 3580 1804 1679 1477 2067 | 2035
- Mesa 1702 37.64 1910 17.72 1544 2187 | 2147 || 1605 3617 1796 1660 1472  20.57 | 20.34
- Hawk-Mesa 1681 3720 1887 17.14 1529 2162 | 2115 || 1582 3551 1770 1619 1455 20.38 | 20.02
T 1695 3869 1865 1747 1500 2080 | 21.26 || 1581 3654 1735 1625 1404 1933 | 19.89
400M - Hawk 1440 3154 1612 1423 1367 19.85 | 1830 | 12.87 2944 1430 1271 1224 17.54 | 1652
- Mamba2 1445 3338 1599 1480 1327 1836 | 1837 | 1307 3105 1428 1328 1210 1637 | 16.69
-GLA 13.69 3164 1501 1389 1236 17.08 | 1728 | 12.61 2993 1373 1275 1152 1577 | 16.05
- xLSTM 1371 3170 1495 1388 1228 1710 | 17.27 | 1256 2079 13.60 1272 1149 1572 | 1598
- DeltaNet 1380 3198 1507 1401 1251 1720 | 17.43 || 1259 3000 1368 1270 1149 1557 | 16.00
-Gated-DeltaNet | 1348 3140 1471 1359 1216 1664 | 17.00 | 1244 2957 1345 1252 1131 1542 | 1579
- Mesa 1344 3138 1465 1351 1202 1656 | 1693 | 1234 2957 1336 1240 1115 1519 | 15.67
- Hawk-Mesa 1337 3110 1455 1332 1207 1668 | 1685 | 1230 2938 1333 1230 1128 1532 | 15.65
-SWA4 2336 3865 2929 2351 2694 4824 | 3166 || 1932 3376 2343 1935 2150 3541 2546
- SWA-64 1598 3297 1889 1631 1520 23.08 | 2040 | 1404 3051 1635 1419 1325 1937 | 17.95
- SWA-256 1469 3264 1699 1504 1342 1936 | 18.69 | 1323 3036 1494 1338 1208 1709 | 1685 y
- SWA-1024 1395 3263 1540 1409 1236 1705 | 1758 | 1252 30.13 1371 1256 1112 1526 | 15.88
- Transf 13.64 3225 1471 1373 1206 1651 | 17.15 | 1240 _30.10 1323 1242 10.96 _ 14.84 | 15.66
1B -Hawk 1271 2872 1395 1244 1190 1730 | 1617 ||| 1124 2667 1223 1093 1063  14.89 | 14.43
- Mamba2 1278 3030 1397 1292 1168 1597 | 1627 ||| 11.39 28.02 1223 1142 1042 1402 | 14.58
-GLA 1228 2913 1329 1235 1108 1520 | 1555 ||| 1099 2698 1177 1095 999 1352 | 14.03
-XLSTM 1238 2921 1343 1240 1116 1533 | 1565 ||| 1101 2693 1181 1094 1000 1355 | 14.04
- DeltaNet 1223 2913 1320 1228 1104 1511 | 1550 ||| 1.01 2708 1173 1100 1002 1344 | 14.05
- Gated-DeltaNet | 1206 28.67 1300 1205 1085 1486 | 1525 ||| 1089 2679 1158 1081 988 1328 | 13.87
- Mesa 1202 2857 1292 1196 1076 1476 | 15.17 ||| 1083 2678 1149 1071 980 13.13 | 13.79
- Hawk-Mesa 1191 2845 1279 1183 1072 1460 | 1505 ||| 1078 2659 1153 1060 979 1320 | 13.75
-SWA4 2027 3466 2456 2033 2298 4037 | 2720 ||| 1646 2993 1942 1642 17.86 29.15 | 21.54
- SWA-64 1408 3001 1647 1433 1334 1978 | 1800 || 1237 2776 1414 1251 1156 1677 | 1585
- SWA-256 1298 2963 1476 1318 1182 1682 | 1653 || 11.60 2739 1289 1171 1058 14.69 | 14.81
- SWA-1024 1233 2065 1347 1235 1092 1493 | 1561 || 1100 2722 1178 1092 979  13.11 | 1397
- Transformer 1216 2955 1290 1210 1068 1447 | 1531 || 10.86 27.16 1142 1074  9.69  12.86 | 13.79

(not meant to be readable)

Trends hold across model sizes & number of training tokens!

Google Paradigms of Intelligence

1B models trained on 50B tokens

SLIM LMB. WIKL. PG19 GOV. QASP.| AVG
pply  ppld  ppld ppld ppld  ppll

- Hawk 1124 26,67 1223 10,93 10,63 14,89 | 14.43
- Mamba?2 11,39 28,02 1223 1142 1042 14,02 | 14.58
-GLA 10,99 29,77 11,77 10,95 9,99 13,52 | 14.03
-xLSTM 11,01 2693 11,81 1094 10,00 13,55 | 14.03
- DeltaNet 11,01 27,08 11,73 11,00 10,02 1344 | 14.05
- Gated DeltaNet | 10,89 26,79 11,58 10,81 9,88 13,28 | 13.87
- Mesa 10,83 26,78 11,49 10,71 9,80 13,13 | 13.79
- Hawk-Mesa 10,78 26,59 11,53 10,60 9,79 13,20 | 13.75
- SWA-4 16,46 2993 1942 1642 17,86 29,15 | 21.54
- SWA-64 1237 27,76 14,14 1251 11,56 16,77 | 15.85
- SWA-1024 11,00 2722 11,78 10,92 9,79 13,11 | 13.97
- Transformer 1086 27,06 11,42 10,74 9,69 12,86 | 13.79
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MesaNet | Perplexity (PPL) is all that counts!

15B Tokens Il 50B Tokens
SLIM LMB. WIKL. PGI9 GOV. QASP. | AVG | SLIM LMB. WIKL PG19 GOV. QASP.| AVG
ppll ppld ppld  ppld ppld ppld| ppld || ppld ppld  ppld ppld ppld ppld | ppll
145M - Hawk 1973 3894 2306 1987 1923 29.66 | 2508 | 1834 3743 2125 1849 1817 2783 | 23.59
- Mamba2 1829 4034 2086 19.017 17.03 2371 | 2323 || 1705 3822 1924 1787 1590 2210 | 21.73
-GLA 1737 3796 1957 1811 1586 2237 | 21.87 | 1630 3620 1843 1690 1502 2091 | 20.62
-XLSTM 1735 3797 1957 18.12 1588 2250 | 21.90 || 1620 3619 1831 1697 1491 2085 | 2057
- DeltaNet 1726 3818 1929 1793 1567 2175 | 2168 | 1617 3655 1808 1678 1481  20.53 | 20.49
-Gated-DeltaNet | 17.12  37.62 19.18 1777 1555 2213 | 21.56 | 1605 3580 1804 1679 1477 2067 | 2035
- Mesa 1702 37.64 1910 17.72 1544 2187 | 2147 || 1605 3617 1796 1660 1472  20.57 | 20.34
- Hawk-Mesa 1681 3720 1887 17.14 1529 2162 | 2115 || 1582 3551 1770 1619 1455 20.38 | 20.02
T 1695 3869 1865 1747 1500 2080 | 21.26 || 1581 3654 1735 1625 1404 1933 | 19.89
400M - Hawk 1440 3154 1612 1423 1367 19.85 | 1830 | 12.87 2944 1430 1271 1224 17.54 | 1652
- Mamba2 1445 3338 1599 1480 1327 1836 | 1837 | 1307 3105 1428 1328 1210 1637 | 16.69
-GLA 13.69 3164 1501 1389 1236 17.08 | 1728 | 12.61 2993 1373 1275 1152 1577 | 16.05
- xLSTM 1371 3170 1495 1388 1228 17.10 | 17.27 | 1256 2979 13.60 1272 1149 1572 | 1598
- DeltaNet 1380 3198 1507 1401 1251 1720 | 17.43 || 1259 3000 1368 1270 1149 1557 | 16.00
-Gated-DeltaNet | 1348 3140 1471 1359 1216 1664 | 17.00 | 1244 2957 1345 1252 1131 1542 | 1579
- Mesa 1344 3138 1465 1351 1202 1656 | 1693 | 1234 2957 1336 1240 1115 1519 | 15.67
- Hawk-Mesa 1337 3110 1455 1332 1207 1668 | 1685 | 1230 2938 1333 1230 1128 1532 | 15.65
-SWA4 2336 3865 2929 2351 2694 4824 | 3166 || 1932 3376 2343 1935 2150 3541 2546
- SWA-64 1598 3297 1889 1631 1520 23.08 | 2040 | 1404 3051 1635 1419 1325 1937 | 17.95
- SWA-256 1469 3264 1699 1504 1342 1936 | 18.69 | 1323 3036 1494 1338 1208 1709 | 1685 y
- SWA-1024 1395 3263 1540 1409 1236 1705 | 1758 | 1252 30.13 1371 1256 1112 1526 | 15.88
- Transf 13.64 3225 1471 1373 1206 1651 | 17.15 | 1240 _30.10 1323 1242 10.96 _ 14.84 | 15.66
1B -Hawk 1271 2872 1395 1244 1190 1730 | 1617 ||| 1124 2667 1223 1093 1063  14.89 | 14.43
- Mamba2 1278 3030 1397 1292 1168 1597 | 1627 ||| 11.39 28.02 1223 1142 1042 1402 | 14.58
-GLA 1228 2913 1329 1235 1108 1520 | 1555 ||| 1099 2698 1177 1095 999 1352 | 14.03
- XLSTM 1238 2921 1343 1240 1116 1533 | 1565 ||| 1101 2693 1181 1094 1000 1355 | 14.04
- DeltaNet 1223 2913 1320 1228 1104 1511 | 1550 ||| 1.01 2708 1173 1100 1002 1344 | 14.05
- Gated-DeltaNet | 1206 28.67 1300 1205 1085 1486 | 1525 ||| 1089 2679 1158 1081 988 1328 | 13.87
- Mesa 1202 2857 1292 1196 1076 1476 | 15.17 ||| 1083 2678 1149 1071 980 13.13 | 13.79
- Hawk-Mesa 1191 2845 1279 1183 1072 1460 | 1505 ||| 1078 2659 1153 1060 979 1320 | 13.75
-SWA4 2027 3466 2456 2033 2298 4037 | 2720 ||| 1646 2993 1942 1642 17.86 29.15 | 21.54
- SWA-64 1408 3001 1647 1433 1334 1978 | 1800 || 1237 2776 1414 1251 1156 1677 | 1585
- SWA-256 1298 2963 1476 1318 1182 1682 | 1653 || 11.60 2739 1289 1171 1058 14.69 | 14.81
- SWA-1024 1233 2065 1347 1235 1092 1493 | 1561 || 1100 2722 1178 1092 979  13.11 | 1397
- Transformer 1216 2955 1290 1210 1068 1447 | 1531 || 10.86 27.16 1142 1074  9.69  12.86 | 13.79

(not meant to be readable)

Trends hold across model sizes & number of training tokens!

SWA-1024 is a very competitive baseline (especially in the 50B token regime)
Q: How much should we trust PPL when comparing different architectures?

Google Paradigms of Intelligence

1B models trained on 50B tokens

SLIM LMB. WIKL. PG19 GOV. QASP.| AVG
pply  ppld  ppld ppld ppld  ppll

- Hawk 1124 26,67 1223 10,93 10,63 14,89 | 14.43
- Mamba?2 11,39 28,02 1223 1142 1042 14,02 | 14.58
-GLA 10,99 29,77 11,77 10,95 9,99 13,52 | 14.03
-xLSTM 11,01 2693 11,81 10,94 10,00 13,55 | 14.03
- DeltaNet 11,01 27,08 11,73 11,00 10,02 1344 | 14.05
- Gated DeltaNet | 10,89 26,79 11,58 10,81 9,88 13,28 | 13.87
- Mesa 10,83 26,78 11,49 10,71 9,80 13,13 | 13.79
- Hawk-Mesa 10,78 26,59 11,53 10,60 9,79 13,20 | 13.75
- SWA-4 16,46 2993 1942 1642 17,86 29,15 | 21.54
- SWA-64 1237 27,76 1414 1251 11,56 16,77 | 15.85
- SWA-1024 11,00 2722 11,78 10,92 9,79 13,11 | 13.97
- Transformer 1086 27,06 11,42 10,74 9,69 12,86 | 13.79
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Google Paradigms of Intelligence

MesaNet | Aggregated PPL masks important model differences

Conditioning on token position + taking the delta
w.rt. Transformers reveals interesting differences

Recurrent models are better than transformers
early-in-the sequence

— Majority of models: up to 256 tokens

— Mesa & Hawk-Mesa: beyond 512 tokens

Only Hawk beats Mesa early in the sequence,
but deteriorates already around 64 tokens
— Motivated Hybridization of Hawk & Mesa

NLL Difference to MHA

HAWK == XLSTM == MESA == SWA-1024
GLA DELTANET HAWK-MESA == MHA
MAMBA2 == GATED-DELTANET == SWA-64

0.04 4
0.02 A1
0.00 -
~0.02 -
—0.04 A /
6l4 25';6 5i2 10I24 20l48 20 2I2 2I4 2I6 218
Token Position Token Position

(1B models trained on 50B tokens)
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Google Paradigms of Intelligence

MesaNet | Aggregated PPL masks important model differences

Conditioning on token position + taking the delta
w.rt. Transformers reveals interesting differences

Recurrent models are better than transformers
early-in-the sequence

— Majority of models: up to 256 tokens

— Mesa & Hawk-Mesa: beyond 512 tokens

Only Hawk beats Mesa early in the sequence,
but deteriorates already around 64 tokens
— Motivated Hybridization of Hawk & Mesa

NLL Difference to MHA

Take-Away Never solely look at aggregated PPL

scores when comparing different model families.

== HAWK

GLA

MAMBA2 == GATED-DELTANET == SWA-64
0.04 A
0.02
0.00 -

—0.02 A

i

XLSTM == MESA

== SWA-1024

DELTANET HAWK-MESA == MHA

[

>

64256 512 1024 2048 20 22 24 26 28

Token Position

Token Position

(1B models trained on 50B tokens)
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MesaNet | Advantage window gets smaller with more tokens

Google Paradigms of Intelligence

== HAWK MAMBA?2 DELTANET == MESA == MHA-SWA-4 == MHA-SWA-256 == MHA
GLA == XLSTM == GATED-DELTANET HAWK-MESA == MHA-SWA-64 == MHA-SWA-1024
| 145M Models: 400M Models: 1B Models:
< 0075, I - 0.075 1 Vo 00757 |
g E 0.050 0.050 4 0.050 |
9 9 I |
<€ o 00257 0.025 0.025 A
[ ]
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@ ¢ i
=@ -0.025 1 ~0.025 A -0.025
2 —0.0501 1 00501 | ~0.050
-
Z —0.0751— — —  —0.075 1 . —  -0.075
64 512 1024 2048 64 512 1024 2048
< 00754 | 0.075 0.075
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-
Z —0.0751— - ; —  —0.075 1 . ; —  -0.075 1 : — :
64 512 1024 2048 64 512 1024 2048 64 512 1024 2048

Token Position

Token Position

Token Position

Figure 9: NLL Difference (per token-position) ANLLT*%*! relative to a Transformer on SlimPajama
Validaton Dataset. Most recurrent models demonstrate superior language modelling abilities early in a sequence
relative to the transformer baseline, across all settings. However, beyond a certain token position, transformers

surpass the performance of all recurrent models.

— The advantage window of linear models w.r.t. Transformers becomes smaller with more tokens
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Google Paradigms of Intelligence

MesaNet | How well do recurrent models work at long context?

1B models trained on 50B tokens

WIKL. PG19 GOV. QASP. | AVG

pply pply ppld  ppll | ppl

- Hawk 12.59 13.25 10.67 14.68 12.80
- Mamba2 17.56  20.90 16.28 19.98 18.68
-GLA 12.05 13.15 9.97 12.80 11.94
-xLSTM 12.11 13.15 9.79 12.86 11.98
- DeltaNet 12.11 13.32 9.84 12.79 12.02
- Gated DelaNet 11.86 12.98 9.62 12.54 11.75
- Mesa 11.78 12.90 9.57 12.43 11.67
- Hawk-Mesa 11.81 12.72 9.60 12.53 11.66
- SWA-4 20.17  20.71 18.99 30.44 | 22.58
- SWA-64 14.66 15.34 11.81 16.84 14.66
- SWA-256 13.33 14.24 10.65 14.49 13.18
- SWA-1024 12.20 13.27 9.75 12.71 11.98
- Transformer | 46.14 64.04 57.04 74.80 | 60.50

| 15B Tokens I 50B Tokens
WIKL. PG19 GOV. QASP.| AVG || WIKL. PG19 GOV. QASP. | AVG
pply  ppld ppld ppll| ppld || ppld pply ppll ppll| ppli
145M - Hawk 2380 2423 19.64 30.09 | 24.44 || 2190 2263 1854 2810 | 22.79
- Mamba2 2428 2731 2007 2751 | 2479 || 2413 2785 2256 29.17 | 2593
-GLA 20.07 2214 1568 2138 | 19.82 || 18.83 2070 1473 1995 | 18.55
-XLSTM 20.04 2213 1556 2143 | 1979 | 1868 2067 1461 19.89 | 1846
- DeltaNet 19.85 2205 1547 20.85 | 1955 || 1866 2064 1464 1976 | 18.42
- Gated-DeltaNet | 19.64 2175 1523  21.03 | 1941 || 1846 2047 1445 19.63 | 1825
- Mesa 1952 2160 1510 2078 | 19.25 || 1838 2025 1442 1952 | 18.14
- Hawk-Mesa 1933 20.86 1503 2069 | 1898 | 1815 1972 1431 1948 | 1791
- Transformer | 27.68 3418 2359 3077 | 29.06 || 52.12 6558 4793 59.37 | 5625
400M - Hawk 1661 1735 1380 1973 | 16.87 || 1470 1545 1233 1735 | 1496
- Mamba2 1831 2059 1533 2059 | 1870 || 17.94 2075 1607 2048 | 1881
-GLA 1531 1684 1208 1620 | 1511 || 1405 1543 1126 1495 | 1392
-XLSTM 1531 1682 1198 1618 | 1507 || 1390 1539 1122 14.87 | 13385
- DeltaNet 1549 17.07 1227 1637 | 1530 || 1409 1550 1135 14.86 | 1395
- Gated-DeltaNet | 14.99 1646 11.84 1573 | 1476 | 1375 1513 11.04 14.60 | 13.63
- Mesa 1502 1641 1173 1572 | 1472 || 13.67 1498 1087 1436 | 1347
- Hawk-Mesa 1490 1615 11.82 1586 | 1468 | 13.67 1483 1105 1454 | 1352
-SWA-4 3009 2968 2880 50.69 | 34.82 || 2431 2455 2288 37.16 | 2723
- SWA-64 19.58 2023 1565 2338 | 1971 || 1693 1748 13.55 1944 | 16385
- SWA-256 1754 1841 1359 1929 | 1721 || 1547 1644 1219 1688 | 1525
- SWA-1024 1590 1728 1232 1658 | 1552 | 1422 1541 1127 1492 | 1395
- Transformer | 33.17 4681 3434 4151 | 3896 || 7474 13023 122.52 142.67 | 117.54
1B - Hawk 1437 1511 1201 1710 | 1465 | 1259 1325 1067 14.68 | 12.80
- Mamba2 1590 1803 1333 17.85 | 1628 | 1756 2090 1628 19.98 | 18.68
-GLA 1356 1490 1081 1437 | 1341 | 1205 1315 977 12.80 | 11.94
-xLSTM 1371 1498 1088 14.54 | 1353 | 1211 1315 979 12.86 | 1198
- DeltaNet 1355 1490 1082 1430 | 1339 | 1211 1332 984 1279 | 1202
-Gated DelaNet | 13.26 1450 10.56 14.01 | 13.08 | 11.86 1298 962 1254 | 1175
- Mesa 1321 1443 1050 1393 | 13.02 | 1178 1290 957 1243 | 1167
- Hawk-Mesa 13.08 1427 1049 1385 | 1292 | 1181 1272 960 12.53 | 11.66
- SWA-4 2540 2564 2458 4251 | 2953 | 2017 2071 1899  30.44 | 22.58
- SWA-64 1705 1770 1374 2002 | 17.13 | 1466 1534 1181 16.84 | 14.66
- SWA-256 1525 1611 1198 1671 | 1501 | 1333 1424 1065 1449 | 13.18
- SWA-1024 1389 1503 10.84 1445 | 1356 | 1220 1327 975 1271 | 1198
-Transformer | 2440 3160 24.06 30.51 | 27.64 | 46.14 6404 57.04 74.80 | 60.50

Table 9: PPL at a Maximum Sequence Length of 4k.
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Google Paradigms of Intelligence

MesaNet | How well do recurrent models work at long context?

m— HAWK MAMBA2 GLA === XLSTM DELTANET === GATED-DELTANET === MESA HAWK-MESA === SWA-64 === SWA-1024 === MHA -- Train Length
GOVREPORT QASPER WIKITEXT PG19
: : o1 : : l o1 :
) - - —
21 | 21 4 | 21 4 I E' 4 I
4 - 4
| | | |
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Token Position Token Position Token Position Token Position

— Gated-DeltaNet outperform MesaNet beyond 4k tokens
— But: SWA-1024 achieves competitive scores
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MesaNet | Three types of downstream benchmarks

- Zero-Shot Reasoning
- In-context Recall

- Few-Shot Learning
- Word Scrambling
Tasks
- Translation

Google Paradigms of Intelligence
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MesaNet | How well perform SWA models?

- Zero-Shot Reasoning

Google Paradigms of Intelligence

Model LMB. Hella. RACE-M RACE-H | AVG || PIQA Wino ARC-E ARC-C SIQA BOOLQ OBQA SC. | AVG
acctT acct acc 1 acc T accT acct acc T accT acc? acc T acctT acc?

400M Parameters / 15B Tokens

- SWA-4 4,62 3497 25,97 2593 | 22,87 || 66,81 49,33 43,81 2423 39,82 57,31 30,00 63,78 | 46,89
- SWA-16 27,11 37,20 28,18 28,04 | 30,13 || 67,63 52,64 43,52 2381 39,71 54,89 27,60 65,82 | 46,95
- SWA-64 38,54 3935 32,87 30,24 | 35,25 68,93 52,17 44,40 22,87 39,76 58,56 29,20 64,99 | 47,61
- SWA-256 40,52 40,44 34,25 31,48 | 36,67 || 69,21 50,67 43,35 2491 40,89 56,82 30,20 66,90 | 47,87
- SWA-1024 41,43 40,90 3757 34,26 | 38,54 || 67,90 52,80 44,49 22,61 40,58 60,37 30,20 66,58 | 48,19
- SWA-1536 41,01 40,63 35,64 3349 | 37,69 || 68,50 52,88 43,35 2381 39,25 56,06 29,00 66,65 | 47,44
- Transformer | 41,12 41,27 37,29 3445 | 38,53 || 6823 51,07 44,28 24,57 40,23 58,10 28,40 66,58 | 47,68
400M Parameters / 50B Tokens

- SWA-4 18,28 39,02 29,56 27,66 | 28,63 || 67,85 51,93 44,49 2483 39,71 58,23 32,40 66,14 | 48,20
- SWA-16 35,03 41,52 29,01 28,33 | 33,47 || 68,99 52,72 45,88 2432 39,56 57,40 33,00 67,54 | 48,68
- SWA-64 4234 44,14 34,53 31,67 | 38,17 || 69,53 53,75 45,24 24,74 40,28 56,45 31,60 68,49 | 48,76
- SWA-256 43,86 4531 36,46 35,79 | 40,36 || 70,24 52,33 45,79 2398 40,23 57,00 32,40 68,94 | 48,86
- SWA-1024 45,08 46,43 38,95 34,74 | 41,30 || 69,64 52,25 45,71 25,00 40,07 57,92 32,20 67,92 | 48,84
- SWA-1536 46,56 46,57 37,02 34,74 | 41,22 || 70,02 53,83 46,17 25,60 40,48 53,12 33,80 70,15 | 49,15
- Transformer | 4496 46,30 41,44 35,89 | 42,15 || 6991 52,64 45,96 24,06 40,48 57,31 30,40 69,64 | 48,80
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MesaNet | How well perform SWA models?

- Zero-Shot Reasoning

Google Paradigms of Intelligence

Model LMB. Hella. RACE-M RACE-H | AVG @ PIQA Wino ARC-E ARC-C SIQA BOOLQ OBQA SC. | AVG
acctT acct acc 1 acc T accT acct acc T accT acc? acc T acctT acc?

400M Parameters / 15B Tokens

- SWA-4 4,62 3497 25,97 25,93 | 22,87 66,81 49,33 43,81 2423 39,82 57,31 30,00 63,78 | 46,89
- SWA-16 27,11 37,20 28,18 28,04 | 30,13 67,63 52,64 43,52 2381 39,71 54,89 27,60 65,82 | 46,95
- SWA-64 38,54 3935 32,87 30,24 | 35,25 68,93 52,17 44,40 22,87 39,76 58,56 29,20 64,99 | 47,61
- SWA-256 40,52 40,44 34,25 31,48 | 36,67 69,21 50,67 43,35 2491 40,89 56,82 30,20 66,90 | 47,87
- SWA-1024 41,43 40,90 3757 34,26 | 38,54 @ 67,90 52,80 44,49 22,61 40,58 60,37 30,20 66,58 | 48,19
- SWA-1536 41,01 40,63 35,64 33,49 | 37,69 68,50 52,88 43,35 2381 39,25 56,06 29,00 66,65 | 47,44
- Transformer 41,12 41,27 37,29 34,45 | 38,53 68,23 51,07 44,28 24,57 40,23 58,10 28,40 66,58 | 47,68
400M Parameters / 50B Tokens

- SWA-4 18,28 39,02 29,56 27,66 | 28,63 67,85 51,93 44,49 2483 39,71 58,23 32,40 66,14 | 48,20
- SWA-16 35,03 41,52 29,01 28,33 | 33,47 68,99 52,72 45,88 2432 39,56 57,40 33,00 67,54 | 48,68
- SWA-64 42,34 44,14 34,53 31,67 | 38,17 69,53 93§75 45,24 2474 40,28 56,45 31,60 68,49 | 48,76
- SWA-256 43,86 4531 36,46 35,79 | 40,36 @ 70,24 52,33 45,79 2398 40,23 57,00 32,40 68,94 | 48,86
- SWA-1024 45,08 46,43 38,95 34,74 | 41,30 @ 69,64 5225 45,71 25,00 40,07 57,92 3220 67,92 | 48,84
- SWA-1536 46,56 46,57 37,02 34,74 | 41,22 70,02 53,83 46,17 25,60 40,48 53,12 33,80 70,15 | 49,15
- Transformer 4496 46,30 41,44 35,89 | 42,15 6991 52,64 45,96 24,06 40,48 57,31 30,40 69,64 | 48,80

I\ )
v v

Global Benchmarks
— longer context
ranges are of benefit

Local Benchmarks
— solvable through local heuristics
— too hard and hence noisy signals
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MesaNet | How well perform SWA models?

| 15B Tokens I 50B Tokens

SWDE SQUAD FDA TQA NQ DROP | AVG || SWDE SQUAD FDA TQA NQ DROP | AVG

acc T accT acctT acctT acct acctT | acct acc T acct acct acct acct
400M Models: - SWA-4 7,38 5,60 0,18 14,51 3;52 9,15 6,72 10,98 7,71 045 21,27 5,16 13,13 9,79
- SWA-16 9,63 10,82 027 24,88 4,88 15,33 | 10,97 13,05 18,30 1,09 33,35 6,59 17,35 | 14,95
- SWA-64 13,14 26,74 10,07 39,34 523 19,12 | 1894 19,17 3844 1143 48,76 725 2396 | 24,84
_ _ - SWA-256 21,69 40,92 12,25 50,95 6,87 23,67 | 26,06 30,96 42,19 1470 56,16 10,10 24,20 | 29,72
| n Co n teXt R e Ca | | - SWA-1024 54,91 4306 17,79 52,67 10,86 2645 | 3429 60,04 46,82 22,60 58,06 13,84 27,89 | 38,21
- Transformer 77,50 37,13 [918] [5308] M6ST (26359 | 48,33 H 79,66 36,93 7586 58,95 1894 29,37 | 49,95
1B Models: - SWA-4 9,00 6,53 027 17,06 440 11,60 8,14 13,05 10,66 027 26,54 7,10 13,61 | 11,87
- SWA-16 9,54 15,25 027 29,15 6,46 1644 | 12,85 16,74 23,76 2,09 39,28 8,46 18,59 | 18,15
- SWA-64 16,74 30,56 16,61 44,55 7,19 2046 | 22,69 22,32 39,85 12,70 51,90 9,63 2391 | 26,72
- SWA-256 25,74 4534 17,79 56,10 8,81 26,45 | 30,04 35,82 46,45 17,33 59,77 12,54 27,46 | 33,23

- SWA-1024 60,76 40,65 2423 5699 11,88 27,65 | 37,03 63,73 47,65 26,68 61,43 1552 30,04 | 40,84

-Transformer | 7921 42,76 77,04 5699 1869 2947 | 50,69 || 8335 4692 7096 6321 21,79 2741 | 5227

- Random | =0 ~0 ~0 ~0 ~0 ~0| =0| =0 ~0 ~0 ~0 ~0 ~0| =0
Table 13: Reference Scores of SWA Models on In-Context Recall Benchmarks. The pattern of best scores
(highlightreded) is very consistent across the evaluated settings. As expected, we see increasing performance
with increasing sizes of attention windows. Except on SQUAD, the transformer commonly attains the best
scores.

— Scores generally improve with an increasing attention window w

— But relevant information is not distributed equally across context length
e.g., FDA: Most relevant information is part of the header
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MesaNet | How well perform SWA models?

gpt3/cycle_letters_in_word gpt3/mid_word_2_anagrams
0-shot 1-shot  10-shot 100-shot | O-shot 1-shot  10-shot 100-shot
400M Models - SWA-4 0.0 04+03 0.8+0.3 0.8+0.2 0.0 0.3+03 09+0.3 0.9+0.3
- SWA-64 0.1 25+1.5 4.6£1.1 47409 0.1 12405 27402 2.740.1
- SWA-1024 03 25+1.6 6.1£09 7.7+0.5 0.8 1240.8 29404 3.1+0.3
- Transformer | 04 24+1.8 6.7£1.2 85404 | 0.5 1.4+0.7 3.3+04 3.64+0.2
1B Models - SWA-4 0.1 1.1£0.9 1.54+0.7 2.0+0.8 0.2 0.6+£0.5 14403 14403
- SWA-64 1.3 3.5+1.8 63+1.3 7.840.6 1.0 24+0.7 3.840.3 4.0+0.3
- SWA-1024 0.1 3.4+1.8 7.5+41.3 9.0+0.5 0.1 19409 43+04 4.340.2
- Few-Shot Learning ~Transformer | 0.0 3.0422 68+17 92406 | 0.1 24406 42404 47402
- Word Sc rambling Table 16: Few-Shot Performance (Accuracy + Std.) on GPT-3 Word Scrambling Tasks [17]
Tasks
. WMT14 FR-EN WMT16 DE-EN WMT16 RO-EN
- Translation ‘ 0 1 5 10 50 ‘ 0 1 5 10 50 ‘ 0 1 5 10 50

400M Models: - SWA-4 034 0,13 0,14 0,13 0,12
- SWA-64 1,35 3,82 446 494 492 | 145 217 1,66 2,09 1,57 | 1,18 1,10 1,38 0,88 1,29

-SWA-1024 | 4,09 455 849 7,77 9,16 | 3,09 3,66 457 514 511 |19 055 1,82 299 2,67
- Transformer | 2,61 827 877 892 9,63 ‘ 2,04 3,13 573 534 5,49 ‘ 1,94 1,02 1,29 223 2,56

025 0,19 026 0,21 026 | 029 0,10 006 0,07 0,05

1B Models: - SWA-4 054 0,72 072 0,72 0,74 | 0,49 0,75 089 0487 072 | 022 0,12 0,14 0,11 0,06
- SWA-64 558 6,69 292 843 761 | 409 527 4,69 4,05 345|226 168 1,85 3,12 3,05
-SWA-1024 | 8,75 16,65 18,09 18,70 19,83 | 599 1085 14,58 1491 14,30 | 3,36 4,19 10,14 10,05 838

—Transformer|8,30 18,49 17,81 17,70 19,14 ‘ 6,10 13,06 11,99 13,99 13,85 ‘ 354 592 7,11 135 7,82

Table 17: Performance Scores (in BLEU-sb) on three Translation Tasks on Models Trained on 50B Tokens.

— Scores improve with increasing an attention window w
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MesaNet | Downstream Benchmarks: Zero-Shot Reasoning

400M Params.

1B Params.

Reasoning Reasoning
(Global, 0-shot) {Local, 0-shot)

50.0410
48.19

48.86

Hawk
Mamba?2
GLA

XLSTM
DeltaNet
Gated DeltaNet
Mesa
Hawk-Mesa
SWA-4
SWA-64
SWA-1024
Transformer

25 30 35 40 40 42 44 46 48 50

Hawk
Mamba?2
GLA

xLSTM
DeltaNet
Gated DeltaNet
Mesa
Hawk-Mesa
SWA-4
SWA-64
SWA-1024
Transformer

25 30 35 40 45 40 42 44 46 48 50 52
Accuracy Accuracy

— Global Benchmarks: MesaNet & Transformer >= other RNNS

— Local Benchmark: All models perform very similar — Hawk is surprisingly strong here
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MesaNet | Downstream Benchmarks: In-Context Recall

In-Context Recall

Accuracy

[—25.04

37.67
39.64
[39.25]
40.46
39.54|
e —

39199

26.72|
40.84)
52.27]
0 10 20 30 40 50
Accuracy

— Transformer >> MesaNet > other RNNs

— MesaNet exceed SWA-1024 49
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MesaNet | Downstream Benchmarks: Few-Shot Learning

Word Scramble Translation (WMT)
(100-shot) (50-shot)

Accuracy BLEU-SB

— Word Scramble: MesaNet > Transformer >= Other RNNs

— Translation: Transformer >> MesaNet >= Other RNNs 50
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MesaNet | Inference Optimizations — Downstream Degradation

Reasoning Reasoning In-Context Recall =3@-2 === g=]e-3 === c=]e- =5  — =7 - =2
(Global, 0-shot) (Local, 0-shot) e g eSS aa=s s =t
€=le-2 == e=le-4 CG=4 == CG=6 == CG=10 === CG=30
e=le-2
- le-4 4
e=1le-3 i .
e=le-4 > 0.06 ! . 8 101
e=le-5 = 1 9 g
CG=0 “g dl) 0.04 : g 81
CcG=1 I } 04 o
O
CG=5 S o 0.02 - I I 2 6 A/
CG=10 g+ ' : <
= 1 I #*
CG=20 < 0.001 Y i 41
CG=30 T T T 1 -le-4 % 1 T 1 T
! 0 2k 4k 8k 0 2k 4k 8k 0 2k4k 8k
Seq. Length Seq. Length Seq. Length

Accuracy Accuracy Accuracy

Two ways to reduce compute during inference:
1) Uniformly decrease CG steps
2) Apply a higher stopping criterion to end the CG method early
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MesaNet | Colab Tutorial (GPU-based)

0 & AMesaNet Tutorial in PyTorch ¥t & Changes will not be saved & 2, share 4 Gemini dei’
PRO " File Edit View Insert Runtime Tools Help

Q Commands + Code + Text b Runall ~ Copy to Drive Connect ot~ ~

A MesaNet Tutorial in PyTorch

<> Author: Johannes von Oswald & Nino Scherrer (Google, Paradigms of I ). and Songlin Yang_(MIT CSAIL)

Release Date: June 16, 2025
Relevant Papers
O . MesaNet: Sequence Modeling by Locally Optimal Test-Time Training
« Mesa Layer: Uncovering mesa-optimization algorithms in Transformers

arXiv 2309.05858

Triton-based implementation:

MesaNet - A Novel Recurrent Language Model

The MesaNet consists of N stacked residual blocks. Each residual blocks consists of the Mesa layer (for sequence mixing) and a gated MLP
block (for channel mixing). The Mesa layer is a novel recurrent neural network layer, which takes the idea of fast-weights to an extreme!

/ \ Try it out:)

—T— | Mesa Rule )

(B) Gated MLP block

MHA, XLSTM, Mamba2, DeltaNet or Mesa

(A) Residual block (C) Recurrent block

Take a dive through the following section to learn more about the Mesa Layer and its connection to optimal test-time regression =
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Thank you! Floor is Open for Questions :)

Go gle 2024-10-16

MesaNet: Sequence Modeling by Locally
Uncovering mesa-optimization algorithms in Optimal Test-Time Training
Transformers
Johannes von Oswald™>", Maximilian Schlegel*>", Al d I b, Seijin Kobayashi*, Eyvind Johannes von Oswald", Nino Scherrer”,
Niklasson®, Nicolas Zucchetb Nino Scherrer?, Nola.n Mlllerd Mark Sandlerd, Blaise Agiiera y Arcas?, Max Seijin Kobayashi, Luca Versari, Songlin Yang!, Maximilian Schlegel, Kaitlin Maile,
Vlﬂdymyl'ﬂvd Razvan © and Jodo Sacr Yanick Schimpf, Oliver Sieberling?, Alexander Meulemans, Rif A. Saurous, Guillaume Lajoie,

aGoogle, Paradigms of Intelligence Team, PETH Ziirich, dGoogle Research, *Google DeepMind, *Contributed equally to this work. Charlotte Frenkel, Razvan Pascanu®, Blaise Agiiera y Arcas , and Jodio Sacramento

https://arxiv.org/abs/2309.05858 https://arxiv.org/abs/2506.05233

Feel free to reach out:

Johannes von Oswald: jvoswald@gooqgle.com
Nino Scherrer: scherrernino@google.com 53
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