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Attention alternatives

Cost of attention rises with large context sizes... how do we control those costs?
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The ‘basic’ toolkit
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But what if we want more radical and potentially large gains?



Linear attention

Consider the usual attention operation.. Q € R™¥% K € R™"¥4k |V € R™"*%

Attn(Q,K,V) = p(QKT)V

This is quadratic due to QKT (n?d,,). Can we do better (when p is the identity)?

(QKNV =Q(KV)

This is very silly, but surprisingly important.. We get from n?d,, + nd, to 2nd,d,

[Shen etal 2018, Katharopoulos 2020 for kernel version. Also connections to things like fast weight programmers]



Recurrent form of linear attention

Recall thatin purely linear attention, we consider the reordering
(QKV =Q(K'V)
This is linear time (great) but the even nicer thing is that this looks like a RNN.
S¢ =Si_1 +kev{ and y.=q/S;

This ‘duality’ allows us to train efficiently (using the parallel, quadratic form) and
inference efficiently (using the serial, linear form)

(Note: if one weights S;_; by y, you get a RetNet)



Minimax M1

Closed-weight Models

Open-weight Models
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Minimax M1 (and minimax-text-01) use a 7-to-1 hybrid (7 linear, 1 full) linear attention.

Performance (generally) seems strong, and they show linear scaling in context length
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From linear attention to Mamba-2

Let’s generalize linear attention a little bit and add per-position weights..

Se =Si_1+ kvl and y, = qlS, (Linear attention)
St = ytSt—l + ktv;-r and yt = q;-rSt + UJD W|th yt == f(xt)(MambaQ)

There is a lot more words to justify this (go read the mamba 2 paper) but the mechanics
is that we can make linear attention more expressive via gating (gating is good!)

This continues to have duality properties (compute y in parallel, apply duality)
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Nemotron 3

Mamba attention hybrid (3-1 ish)
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Figure 1 | Nemotron 3 models (e.g., Nemotron Nano 3) leverage a hybrid Mamba-Transformer MoE

architecture consisting predominantly of interleaved Mamba-2 and MoE layers, with a select few self
attention layers.
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Figure 2 | The hybrid Mamba-Transformer MoE architecture used by Nemotron 3 models can
achieve state-of-the-art accuracy on leading reasoning benchmarks and ultra-long-context tasks while
providing throughput improvements over similarly sized Transformer MoEs. For details, please see
the Nemotron Nano 3 technical report.

- comparable (or better) pref to other similar models



Gated delta net (and friends)

Let’s generalize things further — gate the input and selectively erase the state.
St == ytSt—l + ktv;r and yt = qt St + UJD W|th Ye = f(xt)(Mamba'Z)

=v:(I — Bekek{)S¢—q + Bekevi and
Ve = q¢ St withy; = f(xt) B: = f(x;) (Gated Delta Net)

The gated delta net adds a ‘no input operation’ gate (8 = 0)
And erases anything in the direction of the current key (I — Bck:k{)

Close relationships to various fast weight programming / test time training ideas.



Qwen 3.5/ Qwen Next
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The newest qwen are 3-1 GDN / Attention hybrids.
Once again, pretty reasonable performance with good inference characteristics



Hybrid performance
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Not many controlled ablations, but some evidence of low losses at small hybrid ratios
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Alternative to hybrids: sparse adaptation

Instead of attending to every token, do sparse attention (DSA)

Prototype of DSA. The prototype of DSA primarily consists of two components: a lightning
indexer and a fine-grained token selection mechanism.

The lightning indexer computes the index score I, ; between the query token h, ¢ R? and a
preceding token h, € RY, determining which tokens to be selected by the query token:

H!
Is = Z w; ;- ReLU (q:,j - ki) p @
=1

where H! denotes the number of indexer heads; qu e RY and ng € R are derived from the

query token h;; and k! € R?' is derived from the preceding token h;. We choose ReLU as the
activation function for throughput consideration. Given that the lightning indexer has a small
number of heads and can be implemented in FP8, its computational efficiency is remarkable.

Given the index scores {I;;} for each query token h,, our fine-grained token selection
mechanism retrieves only the key-value entries {c;} corresponding to the top-k index scores.
Then, the attention output u, is computed by applying the attention mechanism between the
query token h; and the sparsely selected key-value entries {c,}:

u, = Attn(h,, {c;| I,s € Top-k(I;,) })- (2)

The indexer can be very lightweight, giving significant gains
Can be ‘post hoc’ adapted after dense short context pretraining



DSA - Deepseek Sparse Attention (v3.2, GLM5)
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Table 6: RULER benchmark results for the GLM-4.7-Flash with DSA. The warmup-only variant
trains only the indexer while keeping the base model frozen, the full DSA variant jointly trains both

for 150B tokens.

4K 8K 16K 32K 64K 128K
GLM-4.7-Flash 97.44 96.72 9583 9296 8534 79.21
GLM-4.7-Flash + DSA warmup  97.51 96.54 9540 90.09 84.05 71.35
GLM-4.7-Flash + DSA 96.77 96.25 96.69 9345 87.06 78.86
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What’s a MoE?

Dense Model Sparse Model
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Replace big feedforward with (many) big feedforward networks and a selector layer

You canincrease the # experts without affecting FLOPs



Why are MoEs getting popular?

Same FLOP, more param does better
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Why are MoEs getting popular?

Faster to train MoEs

—-1.21

—-1.3

~1.4-

Neg Log Perplexity
I [ I
N o &

—1.84

—-1.94

7% Speedup

|1 ]

Switch-Base: 128e
Switch-Base: 64e
Switch-Base: 32e
T5-Base

100

150 200 250 300 350

Training Time

Training loss Validation loss (C4)

3.2
30 60
3.5
2.8 50 ~3x less FLOPs
20 or tokens
2.6 3.0
30
2.4
10 40 70 100 130 10 40 70 100 130 10 40 70 100 130
3.2 Tokens (B) Tokens (B) Tokens (B)
3.0 60
3.5
28 50 ~2x faster
40
2.6 3.0 —— MoE
30 —— Dense
2.4
1 2 3 4 5 6 7 1 2 3 4 5 6 7 1 2 3 4 5 6 7

Training time (h) Training time (h) Training time (h)

Figure 4: MoE vs. Dense. We train a 1.3B parameter dense model and a 1.3B active, 6.9B total
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Why are MoEs getting popular?
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MoE Transfomer
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Why are MoEs getting popular?

Parallelizable to many devices
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Llama 4

Benchmark Maverick Gemini 2.0 Flash DeepSeek v3.1 GPT-40
Humanity's Last Exam
Expert-level questions across subjects
Cost per M input $019-$0.49 $017 $0.48 $4.38 P a )
& output tokens (31 d)
mage Reasoning
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1
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43,4 34.5 45.8/49.2° 32.3:
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0/01, 11/2025)

GPQA Diamond 69.8 60.1 68.4 53.6

MoEs are most of the highest-performance open models, and are quite quick



Earlier MoE results from Chinese groups - Qwen

Chinese LLM companies are also doing quite a bit of MoE work on the smaller end

Model
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Earlier MoE results from Chinese groups - DeepSeek

There’s also some good recent ablation work on MoEs showing they’re generally good

Metric # Shot | Dense Hash Layer Switch
# Total Params N/A | 0.2B 2.0B 2.0B
# Activated Params N/A 0.2B 0.2B 0.2B
FLOPs per 2K Tokens N/A | 29T 29T 29T
# Training Tokens N/A | 100B 100B 100B
Pile (Loss) N/A | 2.060 1.932 1.881
HellaSwag (Acc.) 0-shot | 38.8 46.2 49.1
PIQA (Acc.) 0-shot | 66.8 68.4 70.5
ARC-easy (Acc.) 0-shot | 41.0 45.3 45.9
ARC-challenge (Acc.)  0-shot | 26.0 28.2 30.2
RACE-middle (Acc.) 5-shot | 38.8 38.8 43.6
RACE-high (Acc.) 5-shot | 29.0 30.0 30.9
HumanEval (Pass@1) 0-shot | 0.0 1.2 2.4
MBPP (Pass@1) 3-shot | 0.2 0.6 0.4
TriviaQA (EM) 5-shot | 4.9 6.5 8.9
NaturalQuestions (EM) 5-shot | 1.4 1.4 25
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Why haven’t MoEs been more popular?

Infrastructure is complex / advantages on multi node

At a high level, sparsity is good when you have many accelerators (e.g. GPU/TPU) to host all
the additional parameters that comes when using sparsity. Typically models are trained using data-
parallelism where different machines will get different slices of the training/inference data. The
machines used for operating on the different slices of data can now be used to host many more
model parameters. Therefore, sparse models are good when training with data parallelism and/or
have high throughput while serving: training/serving on many machines which can host all of the
parameters.

Training objectives are somewhat heuristic (and sometimes unstable)

Sparse models often suffer from training instabilities (Figure 1) worse than those observed in stan-
dard densely-activated Transformers.
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[Zoph et al 2022]



What MoEs generally look like

Typical: replace MLP with MoE layer Less common: MoE for attention heads
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MoE - what varies?

** Routing function

» Expert sizes

“* Training objectives



Routing function - overview

Many of the routing algorithms boil down to ‘choose top k’
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Routing type

Almost all the MoEs do a standard ‘token choice topk’ routing. Some recent ablations
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Common routing variants in detail

Top-k

Hashing

Top-2 Routing

FFN 3 FFN 4 FFN 1 FFN 2 FFN 3 FFN 4
asl Hash
unction ‘Function
A

I—J
[ 1TTT] x[TTTTT]
The" "Dog”

Used in most MoEs
Switch Transformer (k=1)
Gshard (k=2), Grok (2), Mixtral (2),

Qwen (4), DBRX (4),
DeepSeek (7)

Common baseline

[Fedus et al 2022]



Other routing methods

RL to learn routes

Solve a matching
problem
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[Fedus et al 2022]



Top-K routing in detail.

Most papers do the old and classic top-k routing. How does this work?

Gating Thisis the
N DeepSeek (V1-2) router
hi = Z (gI + FEN; ( )) + u,l:, (Grok, Qwen do this too)
i=1
gis = Sitr  Sit € TOPk({SJ,t” < ] < N}I K)I
= : .
t 0, otherwise, Mixtral, DBRX,
DeepSeek v3
T
Sit = Softmax; (ui e%) ) softmaxes after the
TopK

Gates selected by a logistic regressor (Dai etal 2024]



Recent variations from DeepSeek and other Chinese LMs

Output Hidden

(a) Conventional Top-2 Routing W= (b) + Fine-grained Expert Segmentation =y (c) + Shared Expert Isolation
(DeepSeekMoE)

Smaller, larger number of experts + a few shared experts that are always on.

(Used in DeepSeek / Qwen, originally from DeepSpeed MoE)



Various ablations from the DeepSeek paper

12

1.1

Normalized Performance
o o o =
=~ co w (=]

o
e

0.5

I 0 shared expert + 2 out of 16 routed experts (GShard)

= 1 shared expert + 1 out of 15 routed experts (+ shared expert isolation)

Il 1 shared expert + 3 out of 31 routed experts (+ fine-grained expert segmentation)
I 1 shared expert + 7 out of 63 routed experts (+ finer expert segmentation)

N

HellaSwag PIQA ARC-easy ARC-challenge TriviaQA NaturalQuestions
Metrics

Figure 3 | Ablation studies for DeepSeekMoE. The performance is normalized by the best perfor-
mance for clarity in presentation. All compared models have the same number of parameters
and activated parameters. We can find that fine-grained expert segmentation and shared expert
isolation both contribute to stronger overall performance.

More experts, shared experts all seem to generally help



Ablations from OIMoE

Gains from fine-grained experts, none from shared experts.
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Expert routing setups for recent MoEs

GShard 2048 2 0

Switch Transformer 64 1 0

ST-MOE 64 2 0

Mixtral 8 2 0

DBRX 16 4 0

Grok 8 2 0

DeepSeek vl 64 6 2 1/4
Qwen 1.5 60 4 4 1/8
DeepSeek v3 256 8 1 1/14
OlMoE 64 8 0 1/8
MiniMax 32 2 0 ~1/4
Llama 4 (maverick) 128 1 1 1/2



How do we train MoEs?

Major challenge: we need sparsity for training-time efficiency...
But sparse gating decisions are not differentiable!

Solutions?
1. Reinforcment learning to optimize gating policies

2. Stochastic perturbations
3. Heuristic ‘balancing’ losses.

Guess which one people use in practice?



RL for MoEs

RL via REINFORCE does work, but not so much better that it’s a clear win

3.2 15Me. S-BASE . RL-R - i
- - 5 Hash - Comparisons
3.0 Mo ellue - oe L i e
55M gu L - “"&""L. & q"*'b""-’._. _— e IEISIA
2.8 ~ ~ 0 B -“"*n..q""-.“'--l B P
130M g e ‘hi*t - -~ e & e b, - B e e P
2.6 o " - }’ e - -t . - S P T e el
- ™ L - ."-h T -'ﬁ-" ‘-‘ h TS "'-‘ - - S
310M e g . T, T® - o 1-.._‘__"“‘-‘._ ° oo - _'__"""‘._ e Rl T
2.4 L "-.'__ Wy B o, -3..‘_-‘:-‘ -...,‘_" 'l‘--,,‘ -'::;;-..‘*-::::1
138 g * T~ - L T e - il 2P L SSsz=l. -~
. e <y -A--A"‘.._. = '.,-‘.-. --_...‘._..-‘-‘ L3 &g -.'::l-‘;'-__,_‘_ ?-‘-‘Eahssl
-'."".h‘ --'-..‘_‘.'-t-' -I.,_.__‘-_’ ﬁ-*._-\:;_‘.:::___-
2.0+ -2 e SS5ss2
T T 1 T T T T T 1 T T T 1 T 1 | T | T T 1 T T T
1248 32 128 512 12 48 32 128 512 12 48 32 128 512 12 48 32 128 512
Expert Count Expert Count Expert Count Expert Count

(REINFORCE baseline approach, Clark et al 2020)

RLis the ‘right solution’ but gradient variances and complexity
means it’s not widely used



Stochastic approximations

G(z) = Softmax(KeepTopK (H (z),k))
H(z); = (z - Wy): + StandardNormal() - Softplus((x - Whoise)i)

V; if v; 1s in the top k elements of v.
KeepTopK (v,k); = :
pTopK (v, k)s {—oo otherwise.
From Shazeer et al 2017 - routing decisions are stochastic with gaussian perturbations.

1. This naturally leads to experts that are a bit more robust.
2. The softmax means that the model learns how to rank K experts



Stochastic approximations

if is_training:
# Add noise for exploration across experts.
router.logits += ntf.random-uniform(shape=router.logits.shape, minval=1-eps, maxval=1+eps)

# Convert input to softmax operation from bfloatl6 to float32 for stability.
router_logits = mtf.to_float32(router_logits)

# Probabilities for each token of what expert it should be sent to.
router probs = mtf.softmax(router logits, axis=-1)

Stochastic jitter in Fedus et al 2022. This does a uniform multiplicative perturbation for the
same goal of getting less brittle experts. This was later removed in Zoph et al 2022

Method Fraction Stable  Quality (1)
Baseline 4/6 -1.755 +0.02
Input jitter (10~2) 3/3 -1.777 £0.03

Dropout (0.1) 3/3 -1.822 +0.11




Heuristic balancing losses

Another key issue - systems efficiency requires that we use experts evenly..

For each Switch layer, this auxiliary loss is added to the total model loss during training.
Given N experts indexed by ¢ = 1 to N and a batch B with T tokens, the auxiliary loss is
computed as the scaled dot-product between vectors f and P,

N
loss=a-N-Y fi-F (4)
i=1
where f; is the fraction of tokens dispatched to expert ¢,
1 .
fi= > L{argmax p(z) = i} (5)
zeB

and P; is the fraction of the router probability allocated for expert #, 2

1
P = szz(x) (6)

zeB

From the Switch Transformer [Fedus et al 2022]

. . . . aN
The derivative with respect to p; (x) is FZ Largmax p(o=is
so more frequent use = stronger downweighting



Example from deepseek (v1-2)

Per-expert balancing - same as the switch transformer

N/
LexpBal = 1 Z fiPi,

i=1
NI
K'T

I

fi=

Z 1 (Token t selects Expert i),

sl tr
t=1

~1|»—'

12)

(13)

(14)

Per-device balancing - the objective above, but aggregated by device.

-£DevBal az Z f1 P ir

4 |8|Zf”

je&;

P =P,

je&i




DeepSeek v3 variation - per-expert biases

Set up a per-expert bias (making it more likely to get tokens) and use online learning

sit, Sit+Dbi € Topk({sj:+bj|1 <j <N}, K;),

’
&= ]
v 0, otherwise.

They call this ‘auxiliary loss free balancing’

Complementary Sequence-Wise Auxiliary Loss. Although DeepSeek-V3 mainly relies on the
auxiliary-loss-free strategy for load balance, to prevent extreme imbalance within any single
sequence, we also employ a complementary sequence-wise balance loss:

Nr
Lp=a Z fiPi, (17)
i=1
N T
fi= 25 D1 (si € Topk({sel1 < j < N}, Ky)), (18)
"=l
Sit
s, = —2% (19)
it Z;ﬁl Si
1%,
Pi = ? Z Si,[, (20)

t=1
(but the approach is not fully aux loss free..)



What happens when removing load balancing losses?

Training loss Load balancing loss Validation loss (C4) Validation loss (Pile)
o 0.4 —— LBL
gas 45 43 0 — NolsL
© 0.3
Ed.(l 4.0
£ 0.2 4.0
® 3.5 3.5
e 0.1
1 5 10 1 5 10 1 5 10 1 5 10
Tokens (B)

Figure 9: Impact of applying a load balancing loss (LBL). The training loss plot excludes the
load balancing loss for both models. More results, logs, and configurations: https://wandb.ai/
ai2-11m/olmoe/reports/Plot-LBL-vs-No-LBL--Vml1ldzo40TkyNDg4

= No load balancing Load balancing

2t100

8 o Expert 0 Expert 4

cv Expert 1 —— Expert5

gB 50 —— Expert2 —— Expert®

3 —— Expert3 —— Expert7

oL

5% W

8 ol '

E 1 5 10 1 5 10
Tokens (B) Tokens (B)

Figure 10: Expert assignment during training when using or not using a load balancing loss
for the first MoE layer. More results, logs, and configurations: https://wandb.ai/ai2-11m/
olmoe/reports/Plot-LBL-vs-No-LBL--Vmlldzo40TkyNDg4



Training MoEs - the systems side

MoEs parallelize nicely - Each FFN

Enables additional kinds of parallelism
can fitin a device

How the model weights are split over cores

= e T g

Paralieliom Paralolism M arallelism P parallism T Parallliom

0080 {____j_ IR RN EIEIEE N
0000 L] meog |WiED

- 0:0:0:0] r IR j |
Doioo| |\ | [meieio L i

= e How the data is split over cores

P s stk G
. 0000 Do EEIEE
N - 0,000 [oigBie [=HsHE}e]
D000 Dioea ooiB®
0000l Diooo DiDD@




Training MoEs - the systems side

MoE routing allows for parallelism, but also some complexities

(A) Batched Matrix Multiplication
the same size in parallel.
.., hidden_size ffin_hidden_size
E
©
&
9 #® | Expert-0 | =
=
o
[=%
S
o
# | Expert-1 | =
8 | Expert-2 | B

(B) Block Diagonal Matrix Multiplication

Compute a set of independent matrix multiplications of , Expert computation can equivalently be computed using block diagonal matrix

products with equal sized blocks along the diagonal.

(C) Block Sparse Matrix Multiplication
We can enable load imbalanced routing and variable sized experts by
expressing expert computation as block sparse matrix multiplication.

i
1
T ! T
1
Expert-0 E Expert-0
1
1
_______ 1 | SRR ——
!
% | Expert-1 | = N ® =
H Expert-1
_______ : m=T====7
i
Expert-2 N I B T
! Expert-2

Modern libraries like MegaBlocks (used in many open MoEs) use smarter sparse MMs




MoE parallelism and architecture modifications

2.2, LatentMoE: Hardware-Aware Expert Design for Improved Accuracy per Byte

To next layer To next layer

]
All-to-All combine

o
Seli-Attention

From previous layer From previous layer
(a) Standard MoE architecture. (b) LatentMoE architecture.

New ideas from Nemotron 3 - down-projecting the activations to reduce communication



Fun side issue - stochasticity of MoE models

MoEs can have additional stochasticity beyond normal models..

Why would a MoE have additional randomness?

(1) Routing (2) Permutation (3) Computation (4) Un-Permutation
Assign token feature vectors to experts | Group tokens by expert. Drop tokens that |, Compute the expert layers for the set of | Un-permute the results and scale each by
based on probabilities. ' exceed expert capacity. ! tokens they were assigned. ! its expert probability.
hidden_size capacity_factor=1 ' H

1
)
1
" i A
1
I

“quick”

“the"
1
“brown” :
ox” |
e

tokens

“over”

1(Cthe’
Expert-0("qui
’ _Bm;;fﬂ'L_._.
| Emeaton
T

(uoneEinuag |
[ouadxa][ Luadxa][zuadx;]
‘V

1T BN N """ locccealeclitocacacal | = BN 4= lecccccccccocmccaee=s
' | | /
Expert Indices | s AR N - |
— [z ——-J' e : S |
Probabilities A S T R |

Token dropping from routing happens at a batch level - this means that
other people’s queries can drop your token!



Issues with MoEs - stability

» N

Training Loss

N

oW

0 2500 5000 7500
Step

10000 12500

15000

"Exponential functions have the property that a small input perturbation can lead to a large difference in
the output. As an example, consider inputting 10 logits to a softmax function with values of 128 and one logit
with a value 128.5. A roundoff error of 0.5 in bfloat 16 will alter the softmax output by 36% and incorrectly

; ; xp(0) ~J ) ~
ma_ke all logits equal. The cal‘culatlon goes from =0) =7 e 0.14.2. to ?xp(o';ﬁm & 0.091.
This occurs because the max is subtracted from all logits (for numerical stability) in softmax operations and
the roundoff error changes the number from 128.5 to 128. This example was in bf1loat16, but analogous

situations occur in £ 1oat 32 with larger logit values.

[Zoph 2022]

Solution: Use Float 32 just for the expert router (sometimes with an aux z-loss)

2

N )
L.(z) = %Z log 3% )



Z-loss stability for the router

4.0 Training loss Validation loss (C4) HellaSwag MMLU Var
' 4.0 35
60
35
35
]
E 3.0 - 30
S 3.0 40 Toss
tas ~No
o . z-loss 25
10 250 500 7502'J10 250 500 750 10 250 500 750 10 250 500 750

Tokens (B)

Figure 11: Router z-loss. We compare adding router z-loss with a loss weight of 0.001 versus no
additional z-loss. More results, logs, and configurations: https://wandb.ai/ai2-11m/olmoe/
reports/Plot-Zloss-vs-none--Vml1ldzo4NDM4N jUz

What happens when we remove the z-loss?



Issues with MoEs - fine-tuning

Sparse MoEs can overfit on smaller fine-tuning data

100.0

IVIETrIC

SuperGLUE CB Task

Sparse train_eval
Sparse validation_eval
Dense train_eval

Dense validation_eval

Step

Zoph et al solution - finetune non-MoE MLPs

SuperGLUE Score
B 8 ¥ &8 8 %

0]
=

Al Non MoE MoE Attention FFN
Parameters Being Updated

DeepSeek solution - use lots of data 1.4M SFT

Training Data. For training the chat model, we conduct supervised fine-tuning (SFT) on our
in-house curated data, comprising 1.4M training examples. This dataset spans a broad range of
categories including math, code, writing, question answering, reasoning, summarization, and
more. The majority of our SFT training data is in English and Chinese, rendering the chat model
versatile and applicable in bilingual scenarios.




Other training methods - upcycling

Original Dense Block

Layer -
> Norm HAttentlon],\

copy weights copy weights

Layer
Norm

Attention

3

TN

-

Upcycled MoE Block

C4 Validation Token Accuracy

method
Dense
Upcycling
variant
Base
Large

XL

Can we use a pre-trained LM to initialize a MoE?

) Extra Pretraining Time (TPU-core-days)




Upcycling example - MiniCPM

Uses the MiniCPM model (topk=2, 8 experts, ~ 4B active params).

Model | C-Eval CMMLU MMLU HumanEval MBPP GSMS8K MATH BBH
Llama2-34B - - 62.6 226 3300 422 624 441
Deepseek-MoE (16B) 406 125 45.0 26.8 39.2 18.8 43 -
Mistral-7B 4612 429 62.69 27.44 4520 3313 50 4106
Gemma-7B 4257 4420 60.83 38.41 5012  47.31 6.18  39.19
MiniCPM-2.4B 5113 51.07 53.46 50.00 4731 5383 1024 36.87
MiniCPM-MoE (13.6B) | 58.11 58.80 58.90 56.71 5105 6156 1052  39.22

Table 6: Benchmark results of MiniCPM-MoE. T means evaluation results on the full set
of MBPP, instead of the hand-verified set (Austin et al., 2021). The evaluation results of

Llama2-34B and Qwen1.5-7B are taken from their technical reports.

Simple MoE, shows gains from the base model with ~ 520B tokens for training



Upcycling example - Qwen MoE

Qwen MoE - Initialized from the Qwen 1.8B model top-k=4, 60 experts w/ 4 shared.

Model #Parameters #(Activated) Parameters
Mistral-7B 7.2 7.2
Qwen1.5-7B 7.7 7.7
Gemma-7B 8.5 7.8
DeepSeekMoE 16B 16.4 2.8
Qwen1.5-MoE-A2.7B 14.3 2.7

64.1

64.6

61.0

45.0

62.5

47.5

50.9

62.5

18.8

61.5

27.4

32.3

36.0

26.8

34.2

40.0

452

40.8

MMLU GSM8K HumanEval Multilingual MT-Bench

7.60

7.60

6.93

7.7

Similar architecture / setup to DeepSeekMoE, but one of the first (confirmed) upcycling successes



DeepSeek MoE v1-v2-v3

To wrap up, we’ll walk through the DeepSeek MoE architecture.
V1 (16B - 2.8 active):

Shared (2) + Fine-grained (64/4) experts

DeepSeekMoE
L st ]
1
| [:] Routed Expert :
' : T
Transformer Block xL | Output Hidden h; & Shared Expert |
___________________ ' _ ~
! ! ® ®
A
. N,

Feed-Forward Network |<

RMS Norm

Standard, top-k routing Standard Aux-loss balancing (Expert + Device)
N N; .
hi=u+ Z FFNi(s) (u) + Z &it :FFngr) (uy), Lrppal = 1 zf"P"’
i=1 i=1 Py
: T
g = Sit, Sit € TO'Pk({s,l',tll < j< N} Ky, fi= % Z]l(Token ¢ selects Expert i),
0, otherwise, s

T
Sip = Softmaxi (urTei) , P; = % Z;m

t=1



DeepSeek MoE v2
V2 (236B - 21 active):

Shared (2) + Fine-grained (160/10) experts, 6 active

Dee pSeekMoE

C] Routed Expert
OQutput Hidden h; C] Shared Expert

Transformer Block x L

I
'
I
i
I
1 I
1 1 )
1 " I
1 1~ I
' Feed-Forward Network (< | '
1 IR N :
1 1 1 I
1 1 1 )
1 1 I I
H RMS Norm ! ! !
1 )
1 1 1 I
! 1 1 1
1 1 o T T T T T T ___ I
New things:
Top-M device routing Communication balancing loss - balancing both communication in and out
For DeepSeek-V2, beyond the naive top-K selection of routed experts, we additionally ensure Leo ca i Py 29)
that the target experts of each token will be distributed on at most M devices. To be specific, for mebal = 43 H
each token, we first select M devices that have experts with the highest affinity scores in them. p d
Then, we perform top-K selection among experts on these M devices. In practice, we find that V= — Z 1(Token t is sent to Device i), (30)
when M > 3, the device-limited routing can achieve a good performance roughly aligned with MT
the unrestricted top-K routing. P/ = Z P;, (31)
je&
where a3 is a hyper-p called ication balance factor. The device-limited routing
mechanism operates on the principle of ensuring that each device transmits at most MT hidden
states to other devices. Simul ly, the ication balance loss is employed to encour-

age each device to receive around MT hidden states from other devices. The communication
balance loss guarantees a balanced exchange of information among devices, promoting efficient
communications.



DeepSeek MoE v3
V2 (671B - 37 active):

Shared (1) + Fine-grained (258) experts, 8 active

I
[:] Routed Expert :

Transformer Block x I D Shared Expert |
® Q

Feed-Forward Network |<

RMS Norm

.,

New things

Sigmoid+Softmax topK + topM Aux-loss-free + seq-wise aux

N, N,
h; =uc+ ) FEN () + ) g FINY (u),
i=1 i=1
8ig
it = EN.- r ! , Site Sic+b; € Topk({sj: +b;|1 < j < N}, K;),
gj,t gi,r =

=1 .
! 0, otherwise.

g, — sf,t; Si,t € TOPk({sj,rll < J < Nr}.rKr)t
w10,  otherwise,

si; = Sigmoid (u"e;),




Bonus: What else do you need to make DeepSeek MoE v3?

MLA : Multihead, latent attention

. Multi-Head Latent Attention (MLA)
1 i
1

]\ = Cached During Inference
o Output Hidden u, (OO0 O T 0000

LN

]

1

1
( RMS Norm 1 |

1

]

]

[ Attention

~

4

[ Multi-Head Attention ]
1

{[a5: af:)}

{ac} kf (S {k¢;} e
apply  apply [[HO O] [[[[O O]
RoPE  RoPE
(OO -~ O] Latent c? Latent cf¥ |9 - S

S 4

Input Hidden h, (OO QO Q -~ OOOQ0)

Basic idea: express the Q, K, V as functions of a lower-dim, ‘latent’ activation



What else do you need to make DeepSeek MoE v3?

Basic idea: express the Q, K, V as functions of a lower-dim, ‘latent’ activation

DKV KE & :
C{(v =W htr appfgj :
kf ~ WUK KV RoPE :
= ., Latent ¢ ([©S - SS) |

¢ I
vV, = WUVC:(V: E

1h, (OCO0 -~ OO0O0]

_____________________________

Benefits: when KV-caching, we only need to store cf", which can be much smaller.
W UK can be merged into the Q projection
c? =wPh,,

a =W,

(they also compress queries, for memory savings during training)

Complexity: rope conflicts with MLA-style caching.
Without ROPE - (Q, K) = (hW @, WUKcKV) = (h W OW UK, cKV)
With RoPE - (QR,, R K) = (RW Ry, RReW UK CEV) = (R WOR, R, WYUK, cf£Y)

The solution - Have a few non-latent key dimensions that can be rotated



Target Tokens  t;

:-Main Model

| (Next Token Prediction)

Input Tokens

] ty ts

Cross-Entropy Loss

Output Head

Transformer Block X L

==

t ty

ty ty ts tg
Cross-Entropy Loss f* Lip

! MTP Module 1
| (Next? Token Prediction)

Output Head

MTP: Have small, lightweight models that predict multiple steps ahead

Ly ts tg t;
Cross-Entropy Loss |—- Lirp

:-MTP Module 2
| (Next Token Prediction)

Output Head

Transformer Block

Linear Projection

concatenation

(But they only do MTP with one token ahead)

h’* = My [RMSNorm (h¥~1); RMSNorm(Emb(ti.))],

[Deepseek v3]

k
hl:T—k

P%,.,; = OutHead (hY).

What else do you need to make DeepSeek MoE v3?

A

+

ampling multiple times

LM Head

4 t
fnake]  [Faetp |-

[

ine Auto-regression Hea

T

t .

Embedding

+ s

|
| (ke ) (Chelp ]

.....................

Forward 2

= TRM (h

Draft model

(See paper for ablations)
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MoE summary

“» MoEs take advantage of sparsity - not all inputs need the full model

*+ Discrete routing is hard, but top-k heuristics seem to work

“» Lots of empirical evidence now that MoEs work, and are cost-effective
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