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Parallelism Strategies

Data Parallelism

Split across batch dimension
Tensor Parallelism

Split weight/activation matrix
Pipeline Parallelism

Split across model layers
Expert Parallelism

Split across experts (MoE)
Context Parallelism

Split across sequence (Ring)

GPU 0 . GPU 1 - GPU 2
Activations Activations

OUtPUI

S | oo | N |

Microbatches
Forward pass
GPU 0 ‘ 131 ‘ 12%) | K3 ‘ Ky ‘ ‘ \‘\ Idle
GPU1 ‘ ‘ Hy | Ha ‘ Hs ‘ My ‘ ‘
GPU2 | \ | o [ m | ow | om ]
1 2 3 4 5 6
Time —

atch

X:8x4 ————— GPU ————————
Y:8x6
1 Xo:4x4 W:4x6 Yo:4x6
1
2 > Concatenate
x = rows 2
3 )
3
4 _________________ | split \ ' J 4
5 rows Same weights on each GPU 5
————— GPUl ———————————— )
g Xy 4x4 W:4x6 Yy 4x6
7 > Conc: 7
rows
8 X = —> 8
<«— Features —
5 &
W:4x6
W= [Wy| W] . { Columns 1-3 — W, (GPU 0)
Split output-feature columns Columns 4-6 — W, (GPU 1) Fi 2 TP
Wo: 4 x3 W4 x3 g'
ChEL0 i Y =[Yy| Y]
Same input X: 4 X 4 X:4x4 Wo: 4 x 3 Yo:4 x3 Goncatenatereslumns
Y:4x6
X = —> =
4 rows
4 rows
GPU 1
X:4x4 Wit 4 x 3 Y4 x3 T ———
i B Yodx3  Yidx3
X == All-Gather only if
Sull Y is needed
Input Output
tokens GPU 0 tokens
) Ty
Dispatch _» - j Combine
All-to-All xpert 0 Expert 1 .y .
All-to-All Flg 4 EP
oI Y e e =
4
; T ( GPU1 ) z
3 ¥ SR
)| 0| Dol
ty X g t4
£l , Z
-------- g
| | S
i Top-l GPU2
| example
g (o) B —{ls]
@ ‘ Expert 4 Expert 5
, S
[t et
N/

Sequence [ 1 [2[3][4]s]6][7]8]o][10]u]r]

Split tokens Chunk 0 Chunk 1 Chunk 2 Chunk 3

Initial placement

GPU 1
Local queries Qy
ﬂ Q stays local

GPU 0

Local queries Qg
ﬂ Q stays local
Resident Ko, Vg

Resident K, V;

Output accumulator Oy

(e |

Output accumulator O

|

K,V

Rotate K, V
Accumulate attention

1]  [57] — ) 7]

Online softmax

(7)

GPU 3

Local queries Q3
ﬁ Q stays local
Resident K3, V3

GPU 2

Local queries Q)

ﬁ Q stays local
Resident K7, V,

Output accumulator O,

Output accumulator O3

4 rounds: each local Q attends to every K, V block

L e 1M\ s \HE}_OJZ_MHLUOS_UJ

3

A
Output stays sequence-sharded

Full attention illustrated (not causal masking).

Fig. 5 CP
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) M2 Speculative Decoding

Motivation
A target model can score all positions of the drafted sequence in parallel (prefilling), although
the draft itself may be sequential (decoding).

 Prefilling: process the entire

Step 1: The Guess Step 2: The Check Step 3: The Result Step 4: The Speed-Up input pr ompt in p ar allel to
A o ROWPt | Token 1:umps” ) build the initial hidden
The quick Draft | | “jumps over cep
brownfox | | Model || the lazy dog” Accepted Sequence states and KV cache before
yy (5 tokens) Token 2: “over” N . .
l >| Accepted [—>| jumps over the token generation begins
3 Tokens Generated
- g . compute-bound
- 1
Target Model Token 3: “the »| Accepted - {Sxigpe?;% - ( p )
Sinutaneous Token 4: “lezy’y [EEEEes * Decoding: generate output
Tokens i _l tokens autoregressively, one
L step at a time, reusing the
Correction KV cache from previous
Step 5: The Fix
. llng tokens (memory-bound)
New Confirmed Text

The quick brown fox |«
jumps over the log...
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Limitation

Speculative Decoding

* Requires an additional draft model, and draft-target mismatch limits acceptance rate;
« Extra memory footprint, and decoding is always memory-bandwidth bound;

Step 1: The Guess Step 2: The Check Step 3: The Result Step 4: The Speed-Up
Initial Text Draft Output Token 1: “jumps” "
Thequick | Draft | “lumps over » Accepted -
brown fox Model the lazy dog” Accepted Sequence
(5 tokens) . u "
4 S mrar’= Accepted »  jumps over the
. 3 Tokens Generated
Token 3: “the” in 1St
Target Model FEN= T2 5 Accepted - (3x Speed.Upl)
imult Token 4: “lazy"
il 22 5 [REJECTED
Tokens
Token 5: "dog”
Target Model
Correction
Step 5: The Fix
log
MNew Confirmed Text l
The quick brown fox |«

jumps over the log...

Four parts:

@ Draft generation

@ Candidate organization
® Target verification

@ Acceptance / correction
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Multiple-Token Prediction: EAGLE-1,2,3

EAGLE: predicte target-model features instead of directly drafting tokens;
EAGLE-2: dynamically allocates draft-tree branches according to predicted acceptance probabilities;
EAGLE-3: leverage multi-level target-model features for more accurate feature prediction.

EAGLE-1 : EAGLE-2 : EAGLE-3
I I
Target LLM | | Target LLM : Target LLM
Top Layer : Top Layer : High Layer
Features ¥ Features J =
: : Middle Layer
: : Low Layer
I I I
Draft Head : Draft Head : >y <
(Single Layer) | 1 (Single Layer) I Fused Features
I I
Target LLM l | Target LLM 1] |
Draft Head
Linear : ‘/O\ : (Multi-Layer Fusion)
Prediction | ! C&D ' ¢
I Q I
Sequence | I
1 ese 1
I I
I Speculation Tree | !
: (Dynamic Branches) : ® @ -
: : Speculation Tree
| ! (Candidate Branches)
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1t (1.0)

Vanilla Speculative decoding: =; — small LLM — 2., — x5 — - I8
is (0.6) has (0.2)
EAGLE: (n,,,) 222t 7, =4, 4, fixed tree shape; e i o
EAGLE-2: dynamic draft tree & tree attention. FREAT G T W
Lossless Verification & Resampling: N o (5 To Tl s T e Tami[ ] draft tree construction
o s - N atten to t | is [has| a [the | to | good| be .
1. Parallel tree verification 2. Accept or correct 3. A rejection example Atontion ek determines the
At current accepted prefix h:  Po(x) = Prarga (] 1) T Lok oms s me © g we  Ppriority of token
Sibling 7 was sampled from g;. " Y C andld ates
to~q, u~U@01) Token A B C . 2w,
A (1, Pt ) "__w Tagetp | 020 | 050 | 030
a:(t) . Draftq | 0.60 | 030 | 0.10 L ¥
iy p-ql, | 0 | 020 | 020 » ||V ¥
Target LLM i Residual 7 | 0 | 0.50 | 050 L ul
One forward pass i v v v
.
Tree attention isolates branches. — t=A: a(d)= 0.60 = 3 good |V |/ v v
e it i, | 2y = 2t DG | ) Nosblglt ||y =080 > + — reject A i S T L4 7l 1Y
- 2:‘.[1%,1(‘3?)*q.(;vu.+ A | 3 . N
—————— kil s e ¢ Accept the overlapping probability mass
M [a]. = max(a,0) Az Use r forthe nest sibling tes; between the draft and target distributions, and
diisiandiongionspat Bty o oottt SR e upon rejection, resample from the target’s
- — — . remaining probability mass, thereby exactly
Why the output a(x) = min (1, : Eg ) ;o Z=1= Y min(p(), (@), rx)= [p(x)_ziﬁx)]+ preserving the target-model distribution
distribution is %
preserved P (output = x) = q(x)a(x) + Zr(x) = min (p(x), ¢(x)) + [p(x) —q(x)], = p(x)
Apply this correction recursively across siblings and token positions.
q; must match the actual proposal law. If Z = 0, rejection has probability zero.
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EAGLE-1/2 training loss: feature-level + token-level @ Goodhart effect
EAGLE-3 removes the feature-prediction constraint and improves drafting with direct token <
prediction, multi-level target-feature fusion, and training-time test.

EAGLE-1 / EAGLE-2 EAGLE-3 [ o removed] Remove feature regression,

free the draft latent space

Token loss only

‘ Target features () ‘ T e e W - and directly optimize token
] Training-Time Test ) AN
@ ‘ Multi-step rollout ! predICtlon'
rL ge i Shared weights Ct+2 J E
| €41 J L \ | Self-generated latent causes
>\ Drafter —>{a; o ol Drifier | train-test mismatch, thus
Drafter l = Latent ' . duci . - .
\ feedback introducing training-time

(—L]A . LMHd **** [ e test, now multi-layer feature
€a ea . .
Lait @ C;: C;j fusion becomes possible
y

Lioken Lioken @9 *When Hidden States Drift: Can KV Caches
L (s) Rescue Long-Range Speculative Decoding?
L£=3, Wilien
L= ‘E’f ea T ALtoken Remove L ¢, }'—b[ Free latent ]—b[ Input mismatch ]
fte1 = fe41 v I 3

[ Recursion compatibility } [ Flexible inputs J—b[ Multi-layer fusion ]
‘.

[ Representation constraint ]—b{ Limited data sca!jng] [ Training-Time Test H[ Robust recursion ]—>[ Better data scaling J
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EAGLE family proposed better drafter, yet drafting remained sequential.
DFlash removes the autoregressive bottleneck of speculative drafting by generating a block of draft

tokens in parallel with a diffusion model.
DSpark further introduces lightweight intra-block dependency modeling and confidence-aware

verification to increase accepted prefix length while preserving parallelism.

speculative decoding

Verification AN
slol;:rngoe:iel [Am;){jresswe M @{6} ]

L T
L1yT2y...,T5 in parollel

; é,,‘_’?_?fc} iy
Drafting ATRTAR
Autoregressive
Small,
fast model [ gU Mq @@ ]
D WF LR
L1yT2y...,T5 sequential generation

speculative diffusion decoding

Verification AR
slol;(v,:f\’g;iel [Am?{jresswe M ®@ J

OBONIONN G
T1,T2,...,%; in parallel

Drafting quz]\ """ ?ﬁ """ |

Small, Diffusionsteps ~  [CAC—ciiiiiil I in parallel
fast model i :'._:_:_:_:_'.:_l_:-‘l"_'_ul_%l_.l_l
N M Y . H19i+1
T A A 1Gi+2
@ q %5 ...... 4 .; . 7’ .
@ Ry k. 1 H qi—l-’y

T1,X2y .-+,
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Diffusion-LLM Based MTP: DFLash

DFlash accelerates inference by injecting cached target-model features into every draft layer and
replacing autoregressive token-by-token drafting with a single parallel masked-block forward pass

KV Injection

Verified prefix x;.,

Target-produced

Parallel Masked Block Diffusion

Diffusion determines how

token Block size = 5 . .
tokens are denoised, while
X X, 550 X1 Xy ANCHOR MASK MASK MASK MASK . . .
! Fe) | @) | Gea) | ) | (i) attention is the mechanism
——— v v v v v used by the Transformer
rozen larget 3 Vi .
‘ a Prefill / previous verification e i St denOISeI'
, I I I I I
DFlash
l Low l i Mid I l sh I ———— . Draft layer 1 ( h
Kew, Ve » Ing\tfd Block attention + FFN ONE
L 4 <+————— Bidirectional within block [ forward
[ Concat + FC + RMSNorm ] pass

¢ Per-layer : One-step

He | I | | I | | | ’ Kﬂr?e Kew, Ve » | Injected et la).rer 5 denoising
Fosed) conbes projections > K/V Block attention + FFN
+——— Bidirectional within block > —_—
( Chghed o
| context K/V | Shared LM Head ]
T Every draft layer ¥ ¥
5 =0 — Bar| (e qs Tor|
Hosk L Parallel sampling /
K = [Kctx ) Kblock ] Yy h 4 A h 4 argmax
A B C D
V = [Vctx > Vblﬂck ] I\_ ] [ ] :] DJ'
Y
[ ; ]: concatenate over positions Drafeblock Target
(A, B, C, D) verification
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DFlash trains a lightweight diffusion drafter on randomly anchored masked blocks, conditioned on
frozen target-model features via KV injection, using position-decayed cross-entropy to prioritize early

speculative tokens.
Ground truth

Randum anchor Complete clean sequence
h d ~
[ X1 | X2 | X3 | X4 - ] a | X Y2 || ¥ e e *> | N Y2 Y3 Ya
Prompt / prefix anchor a Clean response Supervision ONLY
( N >
Target Context Parallel Block Training
[ X Xy X3 Xy = A ¥ Y Y Vs ] Block inputlkse P
Full clean sequence (causal) a W MASK 1 'MASK | MASK
v
[ @ Frozen Target J [ @ Shared embedding ]
=—— “‘m RN
. Y v Attention constraints |
L Low J [ Mid | L High | DFlash drafter | Within-block bidirectional |
h : S Bidirectional block attention ! . !
[ rew mid g One parallel forward ! Cross-block masked
e 1 I R
( Concat + FC + RMSNorm ) ( @ Shared LM Head ]
v
[ Fused features ] v v v Ear!i(.er
v q, [ q, ] [ q; J [ q,4 J positions
Y Causal context mask % Pmt’ a"t"h:]r v \ v N v v \ Wi2W,2W32 W,
|_ context only | CE, Fw|| CB Hw [ CE, } w | CEy |im i
A 7y 7y  — ]
[ Context K/V KV injection e every layer ‘t i i : i
Kcu, ch [ Ground truth yl | yz y3 y4 ]
LS AN J/
=1 4
‘ CE;=—logq;(y;) ‘ W; = exp (——y ) ’ L= it Vi CE, ‘
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Diffusion-LLM Based MTP: DSpark

DSpark aims to retain DFlash’s parallel drafting etficiency while recovering token-to-token consistency

and avoiding costly verification of low-confidence suffix tokens.
Lightweight causal dependency:

Target context +

Parallel Backbone + LM Head

anchor + masked block

S

-

- ONE forward pass

[ Heavy computation ]

/ ? next rourm
L=

/
BEE

v v 4 4 = =
= 7 = = Eeh Hardware-Aware 1ep
U eR [ U; eR ] [ U; eR ] [ UseRr ] Prefix Scheduler
) (D) Oo=mn) 0= o s ) t
Base logits — computed together " H "

i
(¢

(&2

(&)

DEEHE
J 4

l

Lightweight sequential speculator - Markov example
4 A 4

l

N

W,

5 06 D

Step 1: Step 2: Step 3: Step 4: (2 NG Sequemlal Block: | )
' % K T
[ x0 |—>| Ui+ B U, + B(x,) Us + B(x3,") Uy + Bxs,-) . IR
softmax — sample softmax — sample softmax — sample softmax — sample @ [Luglts] [Loglts ] [LOg'tS] [Logits ]
anchor l l ‘ ]
o Target Model :> Parallel Block
l - ;
Shared speculator = Y, \ @ Mask Mask Mask] )
Sequential correction + sampling ~ ------- -+ Draft block — verification
( Inside B(x_y,*) Pr = softmax (U, + B(x_1,7)) Variants:
X ( Lookup }_‘ Project }—b Vocabulary} ~p * Markov: previous token
t Wi [ W2 bias k » RNN: recurrent prefix state
B(xy_1,") = Wi[xe1]W; Tsequential < Tparallel Implementation options:
Wi:Vxr - WyrxV . reV Previous token — next-position bias vanilla - gated + rnn
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DSpark predicts the survival probability of each draft prefix and uses a hardware-aware scheduler to
verify only prefixes whose expected acceptance gain justifies their target-model batch cost, pruning
low-confidence suffixes before expenswe Verlflcatlon

Per-request signals (

Hardware-Aware Verification boundary S :
Prefix Scheduler > The budget of target-model

token slots processed in the

Requests 7= 1... R Hardware / Engine Factors

L] Xp | Xy | Xp3 | Xpg | Xps Active requests / concurrency: R

r=2| G | B | B | Ko | s B=ya+e) — ] [ X H Xy H X3 ‘ Xy H Xs ] current verification batch
: Current verification batch: B r ¢
SUENENENENET N FYT . SPS(B r=Y (14 ) ) —~ . oy
e roflledidmghipt sunie: SRS (E) : o (scheduled prefix  PRUNE: h d ber of
: o Sarhonilis The expected number o
Calibrated confidence ¢, ; Engine-specific cost table ®(f) = 7 - SPS(B)
+= 1 [P - g r . output tokens advanced
r, Is T, r T, s i " > .
=3 EGEMRT et || JAs3cd bdrtuaiocapacitpdite ¢ = arg max ©(¢) across all requests in one
: / verification step
r:R| *r.1 ‘ X2 | *r3 1 Xr4 ‘ Ar.5 I 5 . " ™ Algorithm (per scheduling cycle)
e i Production constraints Rank prefxextensions by @, | Target Verification
r=1|a.;| @3 | 8,3 | @4 | a.s CUDA Graph replay Al Admit tokens; update B and 7 Batch contains The eXpeCted SyStem
T=2| 4y | @y | 8r3 | Br4 | Ors Zero-Overhead Scheduling (ZOS) KW Stop / select capacity at maximum © scheduled prefixes only throughput, measured in
" Domain/request difficulty 3‘ Asynchronous capacity K from t -2 o S e & S S output tokens per second
| (conﬁdence varies by request contem) \ L: Dynamic top-K - rank-preserving |
(R e e e L S e L T J L I e e
( Confidence Head i ( Raw Conﬁdenc; [ Sequential Temperature Scaling ) Calibrated Prefix Survival EaCh addltlonal preflx tOken

Previous-token Hosthoon s Hetbout ylidatinucit k haS a mar 1na1 beneflt
Backbone state h,
* | | embedding W, [x,_,] a = H G
= 1l

iy P e = exactly equal to
1 fit T, fit Ty | Probabilities match acceptance frequency

{ Concat — Linear — Sigmoid J

G5y 003 Gy @il G|y | EER
>

'

Per-position ranking preserved Trainin su e]’ViSiO‘n
¢, = o(w' s Wy [x,4]]) Often overconfident. 1D grid search + Minimize prefix ECE b Sip

Conditional ted prefix d t

L onditional on accepted prefix ) Ranking # calibration. } (logit(ck)> l Draft pk -+ Target pk

G=0|——%
T Expected accepted length 7 i
- - Hard hedul g =1=—=zlp, =l
Left to right « Earlier temperatures fixed dIUYaLC dWAIESEHELCE 2
N J J
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Draft-then-Verity Methods: Diffusion Language Models and MTP:

* Verification becomes expensive can predict multiple future positions in parallel, but

* Rejected tokens waste substantial compute they model per-position marginals rather than the

* Variable acceptance creates ragged batching  joint future-token distribution, so parallel sampling
generally breaks token dependencies and cannot
reduce NFEs losslessly

~

1 Expensive Verification 2 Wasted Suffix Compute 3 Ragged Batching 1 Parallel Marginal Prediction 2 Missing Joint Dependencies 3 Lossless NFE Constraint

Different accepted lengths

Large batch - N te saturati (| () Parallel ki
[ Larg bt - Nearcomputs sarurain | Tl T m] || v Tl oee | | o (][E) - ) o] msfmsc] | 20512210 # pi(31 COpaloalC) il ding
) i A BT ]
}Brequests ¢

e |
101 . . .
‘ Target Attention + FFN — all 5 positions Request C ac=3 [ MDLM / Independent MTP Heads ] Target joint Generally changes distribution
Speculative T I | | l e R
verify S i l l l l Uneven position / KV-cache advancement g 1/2 SqUentdhconiuoniny

_ ‘ p (x |C) | l p (x ‘C) ; { p (x |C) J Forward Forward
: i i 1\ | 2\A2 33, ( pass pass
¢ Extra token FLOPs 251 Ao s ‘ X4 ‘ ’ Xs —‘ Bt e 3 Independent samples L2 | L ; el

Vi L DOMN| Discarded  Discarded ' 5 | 0 I 5% | 3, | | b | o | X3 |x4‘ \ - )
il alla] w [(A)E] w -
suffix suffix or £ / / Preserves dependencies
2 | X

i First One forward pass
Target Attention + FFN rejw\i“" i x| x % ”
\.—\ —) e . i
l Computed, then discarded . Per-POSIUOH marglﬂals \—Y—/ Noigeneral lOSSllCSS NFE redllctl(?ltl
Little idle compute to exploit ¢ ¢ No sampled-token conditioning Invalid combinations Marginal-only sampling - Dependent positions

Higher verification latency

Target FLOPs without accepted-token gain Lower batching efficiency + scheduling overhead within the block. Joint modeling or verification

Correct marginals # correct joint e
can escape this limitation.

Engine-dependent handling




Observation: (b) AR leads to memory-bound decoding. (c) Speculative decoding yields a variable
number of accepted tokens that breaks regular batching. (d) MDLM predicts masked positions in
parallel from per-position marginals,rather than their joint distribution.

Noise foken Masked token &= Draft token Text token
Uniform Noise 1t i context i Draft Model [MASK]
iid. | o, A " | p A "
Push-Forward L. Model l Autoregressive L. Model l Verify Model . Diffusion Language Model
| parallel i next-token prediction i § pardllet ¥ parallel

OO OO0 L @ _ L

Vg | v o o =
@ Joint distribution | i ! v Accept XReject | @ Marginal distribution

(a) K-Forcing (Ours) (b) AR (c) Speculative Decoding (d) MDLM

Solution: (a) K-Forcing uses a push-forward language model to map i.i.d. uniform noise
tokens to a fixed-length block of future tokens, modeling their joint distribution. ' '

*K-Forcing: Joint Next-K-Token Decoding via Push-Forward Language Modeling


https://arxiv.org/pdf/2606.10820
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K-forcing: Next-K-Token Decoding for Language Model

Formulation of Push-Forward Language Model

1 Noise-Token Pair Construction

z=(2,...,2%), z; ~ Uniform(0,1)
/gl ciihia N
A 29 e 2k

T Frozen AR Teacher
=t e .
sequential inverse-CDF sampling

\J \J v

Tt+1 Hif?t+2 ‘ {i't+k I

- S
v

x= (ﬁt+1,---,£t+k)

[ supervised pair (z,X) }

Fixed (z<;,z) = deterministic X

~

( 2 Push-Forward Student

4= (zlr"':zk)

= -5

optimize 0

[ 3 Distillation Objective

&) G

PFLM Student Gy
Gy : V' x [0,1]F — VF

one forward pass

v
l Poi(- | <, 2) || poal- | 2, 2) | pag(- | 2<,2)
Ty41 Tty ﬁﬂc
%115 = argmaxp(v] 21,7)
y Ga(ﬂ:Staz) = (it-l-l: | ft+k) 3

~—
k future tokens - one shot
AL

S—

NLL

i
NLL NLL
4 v

po.i(- |Igz,z)l poa(- | z<t,2) | - [Pﬂ,k('lzéhz)
v v v
k
LppLu(0) = —ﬁ ; Zl log pp ; (Z+4;] <, 2Y)
-

next-k-token prediction
distill the AR push-forward map

£ AL

v

AR teacher: sequentially constructs (z, X) |

PFLM student: learns z — X and samples & tokens in one shot

—

J

How can we construct noise-token pairs (z,x) from an AR teacher as ideally as possible?

K-Forcing uses distillation
because the desired push-
forward map is implicitly
defined by the AR teacher’s
sequential sampling process;
teacher-generated
noise—token pairs turn this
implicit stochastic process
into a deterministic
supervised mapping
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Baseline: Noise Inversion

Context: The sky is ... =Y _ oy War( 7<) w =1+ qar(@i | 7<) =i
AR teacher distribution [ls, u] = [0.9995, 1] E, (21) = green
blue | 0.9800 z; = 0.9996 \
gray 7; 0.0195 2} ~ Uniform(l;, u;) .~ Zoomed tail $0.9990 -1)
green | 0.0005 e e B gay | /green
: (0.9800) (0.0195) (0.0195) | (0.0005)
Observed token: green T 'b B VT e r |
ronaRN; (Cw/ /09995 2f=0.999%6 1
Drawback 1 - Train-inference mismatch ' Drawback 2 - Numerical fragility ;= 0.99%
training inverted 2 : 0‘92‘% 0-9;97 0-;?9 I g-?f,g;n;ig?r?su :td(?g;% — 2* = 0.9996 — green v/ | :
0 1 0.9995 1
inference z ~ Uniform(0,1) H—@—@—@—0—0—0—0—0—0—| After a small perturbation (boundary + 0.0002): - [);'99%
0 1 green begins at 0.9997 — z* = 0.9996 — gray X | : Q % !

Rare real-data targets concentrate z* in narrow CDF bins (e s 1

(this example shows a low-probability token) Tiny logit / cumulative-sum changes can cross a narrow bin boundary

Numerical fragility arises from extremely narrow CDF bins, non-bitwise-reproducible cuBLAS
computations, and non-deterministic floating-point accumulation in attention and cumulative-sum kernels.
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K-Forcing: Progressive Self-Forcing Distillation

’
Stage 1- Forward Distillation || Stage 2 - Self-Forcing Distillation PFLM(k) — PFLM(2k)
context : ‘ context = ' (
{ =, J [ z ~ Uniform(0, 1) J e H = e 2 h ! ) W coar;zxt ] L Z1.9%
X : Teacher: PFLM(k) (frozen) il i v %
Frozen AR Teacher ‘ , Z1k Zii 1ok ; -
inverse-CDF sampling | ' o °°“te’f ' | Student: PFLM(2k)
| | A 4
v | PELM(k) - pass 1 J [2<t | Eesners ] |»| PFLM(E) - pass 2 ] | I 5 ’
s -l || !
| i LU—I Elj ' - = T ? | new student
I NEL. f e — o — Y el Loy n1:42k
\ A | \ i Tppl:44k Tipk+1:042k i 2k tokens - one forward pass
e i T i S "'7'£ o Jh o e e M e T
{ PFLM(1) Student v '
bootstrap reliable PFLM(1) * = ’ Lasil)= 2k Z log o, (&ers | 2<1,2)
' _ . Lt+1:t+2k =
[ forward noise - no inversion | | 2k-token distillation target
\ o
Progressive window expansion: self-force + double window self-force + double window self-force + double window
(A ) prw
becomes next teacher
prediction window: 1 — 2 — 4 — e > K

This construction removes the train-inference mismatch because the noise is uniform by construction, and
avoids recovering noise from narrow CDF bins.
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Architecture Design

Inherited from AR Teacher backbone Newly added for K-Forcing (a) compress all noise variables into one
conditioning token and decode

Cont 1‘ tok Noise tok C text tok ise tok o il
T sl SO LLes Igens k future positions with independent heads
OO & oo

v ¥ b b concaty 2RI 2R v oL ov (b) represent each noise variable as a separate
Token Embedder  Noise Encoder Token Embedder Noise Encoder causal token, so the j'th PrediCtion depends

3 & ¢ ¢ ) A ' 44 only on context and z_{1:j}
vy v v EE 2R 2R 25 2N 2R 2R 2R’

Output Head

Causal Transformer Model Causal Transformer Model
e v rmmm ot AR 2R 2R
| . | EEEEEE. |
. - "SEEEE
I Causal Mask | »L ; “EEE
““““““““““ : N |

—r——— "

Output  Output  Output  Output
Head 1 Head 2 Head 3 Heacflz , 3z t---------4

¥ v v v vy by

(a) Standard M TP Architecture (b) Fully Causal Architecture
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* Five Parallelism Strategies
* Vanilla Speculative Decoding
* EAGLE families as representitive of draft-then-verify paradigm

* DFlash, DSpark introduce diffusion-LLM in Multiple-token prediction

POV o

* K-forcing is more batch-serving friendly




