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Motivation

Non-autoregressive models have become the standard across high-dimensional
modalities, including images and videos.

Esser et al., Stable Diffusion 3, ICML 2024 Wan 2.1, Team Wan, arXiv 2025
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Motivation

Recent efforts have aimed to extend these advances to discrete code and text generation,
as exemplified by LLaDA [Nie et al., 2025] and Mercury [Inception Labs, 2025].
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Mercury, Inception Labs
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Motivation

However, these approaches do not support token insertion or deletion—operations that
are fundamental to sequence generation and editing.

Discrete Flow Model

Discrete sequence trajectory: I
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Generative Flows on Discrete State-Spaces, Campbell et al., ICML 2024
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Motivation

This work presents Edit Flows, an extension of Discrete Flow Matching [Gat et al., 2024]
that enables the training of discrete flow models generating variable-length sequences.

Insert-only Insert + Delete + Substitute

def is_prime(n: int) -> bool: def is_prime(n: int) -> bool:
if n <= 1:
return True
for 1 in range(2, n):
if 1 % n ==
return True
return False



Continuous-time Markov Chains (CTMCs)

Consider a continuous-time Markov chain (CTMC) over a discrete state space X, a

Markov process that generates trajectories (X;):e[o,1] Characterized by:
P(Xern = x|Xe = x¢) = 5xt(x) + hu(x|x¢) + o(h)

where u; denotes a rate-the infinitesimal transition probabilities between states.



Continuous-time Markov Chains (CTMCs)

Consider a continuous-time Markov chain (CTMC) over a discrete state space X, a
Markov process that generates trajectories (X;):e[o,1] Characterized by:

P(Xern = x|Xp = x¢) = 5xt(x) + hu(x|x;) + o(h)

where u; denotes a rate-the infinitesimal transition probabilities between states.

Sampling from a CTMC is done by iteratively applying the above formula, which often
starts from an initial sample x,~p(x,) and ends at x; ~q(x,).

(a) Flow (b) Diffusion (c) Jump (d) CTMC

Lipman et al., Flow Matching Guide and Code, NeurlPS 2024 Tutorial
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Continuous-time Markov Chains (CTMCs)

Therate u;(x|x;) is the infinitesimal probabilities of transitioning from a state x; to any
other state x at time t, which must satisfy the rate condition

us(x|x;) = 0forall x # x¢, X us(x|x;) =0
for the probability mass in the previous slide to be valid (i.e., sum to one).

Note that this implies that

(e lx) = —z e (x]x,)
xixt



Continuous-time Markov Chains (CTMCs)

In CTMC, state transitions occur as discrete jumps over the course of continuous time:

P(Xen = x|X; = x¢) = 5xt(x) + hug(x[x;) + o(h)

1@

Example adapted from a talk by Andrew Campbell and Jason Yim.
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Continuous-time Markov Chains (CTMCs)

In CTMC, state transitions occur as discrete jumps over the course of continuous time:

P(Xen = x|X; = x¢) = 5xt(x) + hug(x[x;) + o(h)
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Example adapted from a talk by Andrew Campbell and Jason Yim.
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Continuous-time Markov Chains (CTMCs)

In CTMC, state transitions occur as discrete jumps over the course of continuous time:

P(Xen = x|X; = x¢) = 5xt(x) + hug(x[x;) + o(h)
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Example adapted from a talk by Andrew Campbell and Jason Yim.
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Continuous-time Markov Chains (CTMCs)

In CTMC, state transitions occur as discrete jumps over the course of continuous time:

P(Xen = x|X; = x¢) = 5xt(x) + hug(x[x;) + o(h)
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Example adapted from a talk by Andrew Campbell and Jason Yim. 11
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Continuous-time Markov Chains (CTMCs)

In CTMC, state transitions occur as discrete jumps over the course of continuous time:

P(Xen = x|X; = x¢) = 5xt(x) + hu(x[x;) + o(h)

) Remark: u;(x|x;) = 0 forall x # x;
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Example adapted from a talk by Andrew Campbell and Jason Yim.
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Continuous-time Markov Chains (CTMCs)

Arate u; is said to generate a probability path p; if the time marginals of the associated
CTMC are samples from p;, i.e., X;~p;.

1}11
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Remark: The probability path is shown in continuous state space for visualization purposes only.

Lipman et al., Flow Matching Guide and Code, NeurlPS 2024 Tutorial 13



https://arxiv.org/abs/2304.10320
https://ai.meta.com/research/publications/flow-matching-guide-and-code/
https://ai.meta.com/research/publications/flow-matching-guide-and-code/
https://ai.meta.com/research/publications/flow-matching-guide-and-code/
https://arxiv.org/abs/2304.10320

Continuous-time Markov Chains (CTMCs)

Arate u; is said to generate a probability path p; if the time marginals of the associated
CTMC are samples from p;, i.e., X;~p;.

Specifically, such a probability path satisfies the Kolmogorov Forward Equation (KFE):

0
1) = ) wGPO) = ) w Ky = ) u 0w )

dt
y VF+FX VEX

b "The rate of change of a state's probability
777 /Dpt N N equals the net probability flux at that state."
N
Ut

Lipman et al., Flow Matching Guide and Code, NeurlPS 2024 Tutorial 14
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Discrete Flow Matching (DFM)

Consider a discrete space over sequences of fixed length N, X = 7V where
T=1{1,2,---,M}is avocabulary of size M.

The goal of DFM is to learn the marginal rate u;(x|x;) and simulate transitions of a CTMC:
PXern = x|Xe = x¢) = 5xt(x) + hu(x|x;) + o(h)

that generates a probability path p; interpolating an easy-to-sample distribution and the

data distribution.

Lipman et al., Flow Matching Guide and Code, NeurlPS 2024 Tutorial
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Discrete Flow Matching (DFM)

However, directly regressing the marginal rate is intractable, as it involves averaging over
the data distribution. Instead, we can use the conditional rate as the regression target:

U (x|xt, X0, xl)
which generates a conditional probability path p, (x|xo, x;) with po(x|xg, x1) = &y, (x)

and p (x|xo, x1) = 8y, (x).

16



Discrete Flow Matching (DFM)

However, directly regressing the marginal rate is intractable, as it involves averaging over
the data distribution. Instead, we can use the conditional rate as the regression target:

U (x|xt, X0, xl)
which generates a conditional probability path p, (x|xo, x;) with po(x|xg, x1) = &y, (x)

and p (x|xo, x1) = 8y, (x).

(xg, x1) is a sample from a coupling distribution 7 (x,, x), i.e., (xq, x1)~m(xg, X1), Which,
in its simplest form, is modeled as the product of two independent densities:

m(xg,x1) = p(x0)q(x1)

17



Discrete Flow Matching (DFM)

The marginal probability path and marginal rate can be obtained via simple averaging:

pe(x) = Z pe(x|x0, x1)T (X0, X1)
X0,X1

w, (xlxe) = (g, ) e (61X, X0, 1)
where po(x) = p(x) and p;(x) = q(x).

18



Discrete Flow Matching (DFM)

Pe(x]x0, %1) —— I I ———

19
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Discrete Flow Matching (DFM)

pe(x|x, X1) S I I —_—
pt(x) — I —
X1
20
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Discrete Flow Matching (DFM)

One popular target conditional probability path p; (x|xy, x1) is the factorized token-wise
probability path [Gat et al., NeurIPS 2024]:

pe(xtxd, x}) = (1 - Kt)5x(i)(xi) + Kt5x;[(x")

O R e CRICORENCD)

where k; is a scheduler satisfying k, = 0 and k; = 1.

21



Discrete Flow Matching (DFM)

One popular target conditional probability path p; (x|xy, x1) is the factorized token-wise
probability path [Gat et al., NeurIPS 2024]:

pe(xtxd, x}) = (1 - Kt)5x(i)(xi) + Kt5x;[(x")

O R e CRICORENCD)

where k; is a scheduler satisfying k, = 0 and k; = 1.

The marginal distributions of (corrupted) sequences are modeled as:

N
peCelxo, ) = | | peteilad, xd)
i=1
that are characterized by the conditional rate:

ut(xlxt) X0, xl) = Zi 6xt(xﬁi)ut(xi|xlléi x(i);xi.) with 5xt(x_li) — Hj?‘—'i 5xi(xj)

22



Discrete Flow Matching (DFM)

However, DFM has difficulty generating sequences of varying lengths, as illustrated in the
example below.

) (e ) (cmne] [ )
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Discrete Flow Matching (DFM)

However, DFM has difficulty generating sequences of varying lengths, as illustrated in the
example below.

) (e ) (cmne] [ )

(o )

24



Discrete Flow Matching (DFM)

However, DFM has difficulty generating sequences of varying lengths, as illustrated in the
example below.

() (o ) (o) [Goene)

(o )

Where to put a new token?

25
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Discrete Flow Matching (DFM)

However, DFM has difficulty generating sequences of varying lengths, as illustrated in the
example below.

() (o ) (o) [Goene)

(o )

Where to put a new token? Which token to put?

26
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Discrete Flow Matching (DFM)

However, DFM has difficulty generating sequences of varying lengths, as illustrated in the
example below.

) (e ) [com{uter] (econce )

[ material ]

27



Discrete Flow Matching (DFM)

However, DFM has difficulty generating sequences of varying lengths, as illustrated in the
example below.

| | [ e | [ computer]
|

[ biology ]

28



Edit Flows

In this work, we extend the DFM framework by allowing two sequences x, x, € UN_, 7"
differ by one edit operation, which is one of insertion, deletion, and substitution:

° inS(X, i; a) — (xl) '";xi; ain-I-l' ""xn(x))
. del(x, i) = (xl, o xlTT i _._xn(x))

o SUb(x; i; a) — (xll e xi_ll a’ xl+1’ ) xn(x))

29



Edit Flows

Sub

Ins

Del

Ins

Ins

xt=0

<B0S>

<B0S>

<B0OS>

<B0S>

<B0S>

<B0S>

<B0S>

sentence avocado
sentence
through
sentence through
sentence through
sentence through
sentence evolves
sentence evolves

the

the

Edit Flow sampling process.

the

revision

through

through

revision

revision
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Edit Flows

Since insertions, deletions, and substitutions produce mutually exclusive outcomes, we
can define separate rates for each operation:

e uf(ins(x,i,a)|x) = A}f‘ls(x)Qms(alx) fori € {1,...,n(x)}
o uf(del(x,i)|x) = Adel(x) fori € {1,...,n(x)}
e uf(sub(x,i,a)|x) = Ai‘{b(x)Qf (alx) fori € {1,...,n(x)}

31



Edit Flows

Since insertions, deletions, and substitutions produce mutually exclusive outcomes, we
can define separate rates for each operation:

e uf(ins(x,i,a)|x) = /llt“ls(x)Qms(alx) fori € {1,...,n(x)}
e uf(del(x,D|x) = Adel(x) fori € {1, ...,n(x)}
e uf(sub(x,i,a)|x) = Ai‘jb(x)Qf (alx) fori € {1,...,n(x)}

The total rates of editing operations
“Which operation should be applied to which token in x?”

32
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Edit Flows

Since insertions, deletions, and substitutions produce mutually exclusive outcomes, we
can define separate rates for each operation:

e uf(ins(x,i,a)|x) = A}f‘ls(x)QmS(aIx) fori € {1,...,n(x)}
o uf(del(x,i)|x) = Adel(x) fori € {1,...,n(x)}
e uf(sub(x,i,a)|x) = Ai‘{b(x)Qf (a|x) fori € {1,...,n(x)}

Normalized distributions over tokenvalues a € T
“Which value should be added or used to replace the selected token?”

33
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Edit Flows

Indeed, Edit Flow is a generalization of existing techniques, each of which can be obtained

by restricting the rates.

* DFM: A special case that permits only substitutions, while disallowing token insertions
and deletions (i.e., Aitf‘is = 0 and /12‘;?1 = 0) = Lacks support for varying lengths;
* AR:Aspecial case that permits insertions to occur at the rightmost location (i.e.,

H’,f(x) # 0 = Incapable of making corrections.

34



Edit Flows are powerful.
But how can we train them?

35



Learning Edit Flows via Augmented CTMCs

The main challenge lies in defining the conditional probability path p,(x|x,, x;) and its
rate u; (x|xy, x1) that our model can regress due to the enormous number of possible
transitions that take one sequence to another:

KeITTEN KITTENG®EEeececec€ece KITTENGEceececec€ce

L4 4l 11 S A N

SMITTEN SMITTENE €€c¢€ €€ ¢ ceeceeeSMITTEN
Optimal Sub-optimal Least Optimal

36
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Learning Edit Flows via Augmented CTMCs

The key idea for simplifying the problem is to augment the space X = UY_, 7™ by
introducing an auxiliary token € and define an auxiliary Markov process via alignment.

Blank Token
(NOT added to T')
KeITTEN KITTENEEEEEEE/ITTENEEEEEEE
b4 44 Ll A A AN
SMITTEN SMITTENggggg@ cceceeceSMITTEN
Optimal Sub-optimal Least Optimal

37
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wv
|Z<—m|

I TTEN

I TTEN

i X

X +— H

H <+ —
_l

|

— < m
m<« =

el e € € € ¢
Nl ¢ € € € ¢

Insertion: a = ¢

m € X

m €<

M < 4

M <— 4

M 4“— m

Learning Edit Flows via Augmented CTMCs

Edit operations can be recovered as tuples (a = b) witha,b € T U {&}.

X <o
H< o
—A 0
-1 0
m <« o
Z +—— O
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Learning Edit Flows via Augmented CTMCs

Edit operations can be recovered as tuples (a = b) witha,b € T U {&}.

KeITTEN KITTENGE¢ecececec€ce KITTEN|eececec€ec€ece
U P44 14 A A I A
SMITTEN SMITTENGE €€¢€c€c€ ¢ ceeceeeeeSMITTEN

Deletion: b = ¢

39
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Learning Edit Flows via Augmented CTMCs

Edit operations can be recovered as tuples (a = b) witha,b € T U {&}.

Kle I TTEN KITTENJ|ceecec€e € e KITTENGEceececec€ce
LK R AA 1 R N A N A A
SMITTEN SMITTEINE € €€ ¢ ¢ ceeceeeSMITTEN

Substitution:a = cand b # ¢

40
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Learning Edit Flows via Augmented CTMCs

Formally, let
« X = UN_,T™: The space of normal (raw) sequences of different lengths;
e Z = (T uU{e)V: The space of aligned sequences (i.e., padded with &’s);
* frm-pblanks (£ = X):An operation that strips away all € tokens;

« KelTTEN - KITTEN

 KITTENggg 2 KITTEN

o KeleTeTeEeN = KITTEN

41



Learning Edit Flows via Augmented CTMCs

Given samples from the source x,~p(x) and target x; ~q(x) in X, one can construct
aligned sequences z, and z; by:

* randomly padding the sequences;

» solving for the optimal alignment that corresponds to the minimal edit distance.

Thisyields a coupling m(z,, z;) over the auxiliary variables satisfying

p(X) = Z z T[(ZO’ Zl)Sfrm—blanks(zo) (X)
Z0 Z1

q(x) = z 2 T[(ZO’ Zl)afrm—blanks(zl) (.X')
Zo Z1

42



Learning Edit Flows via Augmented CTMCs

Furthermore, for zy, z; ~m, we define a conditional probability path over the augmented

space X X Z:
pt(X,leo,ZO,xl,Zl) — pt(xlzle'Zl) — pt(leO'Zl)Sfrm_blanks(z) (X)

where p;(z|z,, 1) is a token-wise mixture probability path:

N " "
pe(zlzp,21) = 1_[ 1pt(zl|Z(l)»ZD
=

43



Learning Edit Flows via Augmented CTMCs

The conditional rate u;(x, z|x;, z;, 2o, z1) corresponding to the probability path is:

(1) _ (1 i
ut(x let’Zt’ ZO’Zl) _ Sfrm blanks(z)( )zl 1 1 — Kt( Zi(Z ) SZé(Z )) 5Zt(Z )

which is analogous to the conditional rate discussed in DFM:

K . . .
u(x|xg, x9,x1) = zi ] _th (5x§(x‘) — 6x£(x‘)) 5xt(x"“)

44



Learning Edit Flows via Augmented CTMCs

By marginalizing the conditional rate u,(x, z|x;, z;, zo, ), we obtain the unconditional
rate of a CTMC over the original state space X:

u(x|x,) = z [Ept(ZO’Zl,Zt|xt)ut(x,z|xt,zt,zo,zl)
Z

45



Learning Edit Flows via Augmented CTMCs

Itis proved that this unconditional rate can be learned by minimizing the training loss of
form:
N .
L(O) =E z u? (x|x,) —Z 1 i, s logu? (x(z,,1,2)|x,)
1(Zo,21) t t [Z:liizllf] 1 _ Kt t trH <1 t
i=1

t.oe(Xt,2t120,21) | x#x,

where x(z;,i,2}) = frm—blanks (28, -, 271, 28, 5L, ., zN) is an output of one of the

possible edit operations (insertion, deletion, and substitution).



Learning Edit Flows via Augmented CTMCs

Itis proved that this unconditional rate can be learned by minimizing the training loss of
form:

K¢
L(H) = [E (Z9,21) E (xlxt) § 1 Z1¢Zt 1—x logut (x(Zt:l Zl)lxt)
t

t.oe(xt,2t120,21) | xzx,

Regularize spurious editing operations
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Learning Edit Flows via Augmented CTMCs

Itis proved that this unconditional rate can be learned by minimizing the training loss of
form:
N .
L(O) =E z u? (x|x,) —Z 1 i, i “ logu? (x(z;, 1, 24)|x,)
1(Zo,21) t t [Zi_-/_-zt':] 1 . Kt t tr 41 t
i=1

t.oe(Xt,2t120,21) | x#x,

Weighted cross-entropy over edit operations for x; — x4


https://arxiv.org/abs/2304.10320

Learning Edit Flows via Augmented CTMCs

ZO <B0OS>
Zt <B(')S>
21 <B0OS>

sample
Z0 21 > Zt
sentence £ avocado the
sentence £ through the
sentence evolves through e T~

L(0) ~ Z ut (z|zy) —

THTt ot

Xt <B0S> A sentence through the revision
£
remove g
Ins Ins Ins
revision 1]
i ’ Model (8) ‘ e ut (33|$t)
revision ---‘”\-\_ Sub Sub Sub
. \‘\_ Del Del Del

\
Y

[log uf(lns evolves |fL't) + log ug(DEl the |3;'t)]
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Learning Edit Flows via Augmented CTMCs

sample
Departure Z,Z, = - Z, X, | <Bos> A sentence || through the revision
IZO <B0S> £ sentence £ avocado the £ I
. : . . remove
Ins Ins Ins
Zt <B(:)S> A sent:ence £ thr?ugh tII1e revi:sion ’ Model (8) ‘ 'sz (33|33t)
I 21 <B0S> A sentence evolves through —-Eh"“w-‘\ revision I __--"“\.\_‘ Sub Sub Sub
Destination
Del Del Del
kft 0 Y 0 v
L(0) ~ E ul (z|xy) — loguf(Ins| evowes ||z;) + loguy (el we ||zy)]
1 — Kt
THTt
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Learning Edit Flows via Augmented CTMCs

ZO <B0OS>
Zt <B?S>
21 <B0OS>

sentence

sentence

sentence

sample
P . Z
t
£ avocado
£ through
evolves through

L(0) 1 Z w (z)zy) —

THTt

<BOS> A sentence through the
the £
, remove g
the revision 1]
‘_-E - revision T
P loglu Ins | evolves |4 ) |+ loglu Del  the |$t)|

revision
Ins Ins Ins
Sub Sub Sub
Del Del Del
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Learning Edit Flows via Augmented CTMCs

sample
ZO 21 - Zt Xt <B0S> A sentence through the revision I
ZO <B0S> £ sentence £ avocado the £
. _ . remove g
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Z I <B0S> A sentence £ through the revision ')
t ] i ) ] } . Model (6) — Uy (3;|:L’t)
21 <B0OS> A sentence evolves through ;h‘“‘-.‘\ revision --“"“‘-\__ Sub Sub Sub
. \‘\_ Del Del Del

L(0) 1 Z w (z)zy) —

THTt it

\
Y

" Tlogu(ins [ swmver | |;) + log uf (el

|5Ct)]

52



Learning Edit Flows via Augmented CTMCs

ZO 21 > zt Xt <B0S> A sentence through the revision
ZO <B0S> £ sentence £ avocado the £
: : . remeves Ins Ins Ins
Zt I <B(')S> A sent-ence £ thrcfugh tl_1e revi.sion ’ Model (9) ‘ uf (33|$t)
21 <B0OS> A sentence evolves through -—-Eh‘“‘-.\_ revision i -“"“‘-\__‘ Sub Sub Sub
Del Del Del
i ; Operation Type
L(0) > E w (z)zy) — [log wl(ins| evoes ||2;) + logul(Del e ||z4)] I?I'oken - pyep
THTt y
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Learning Edit Flows via Augmented CTMCs

Itis proved that this unconditional rate can be learned by minimizing the training loss of
form:

K¢
LO=E awory | ullrlx) - Zl ) T loguf (x(ze, i, 7)) x)
t

t.oe(Xt,2t120,21) | x#x,

where x(z;,i,2}) = frm—blanks (28, -, 271, 28, 5L, ., zN) is an output of one of the

possible edit operations (insertion, deletion, and substitution).

Theorem 3.1 (Flow Matching with Auxiliary Processes). Let u(z, z|x¢, 2¢) be a rate over the augmented
space of X x Z that generates pi(z, z), then

u(z|xe) £ > ]Ept(ztmt)ut(:n,zmt, 2t) generates () £ >, pi(z, 2), (17)

and furthermore, for any Bregman divergence Dy(a,b) = ¢(a) — ¢(b) — (a — b (b)) defined by a convex

function ¢, we have that

d
@Emt,ztmpt(m,z)Dqﬁ(Zz ut(', Z|513t, Zt),uf('|$t)) = (?_gEthpt(a:)Dqﬁ (Ut('\ﬂ?t), uf(|$t)) . (18)

’db
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Sampling Edit Flows

To sample from the model, we transport a source sample x, ~ ptotimet = 1, by
simulating the CTMC defined with the learned rate u? (x|x,). The exact probability of an
edit operation characterized by the rate A, ; occurring within (¢, ¢t + h) is:

t+h
1 — 8_ ft At,i(Xt)dt ~ h/lt i(Xt) (Taylor Expansion)
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Sampling Edit Flows

As with previous discrete diffusion/flow models, each next states are sampled
independently. The sampling proceeds as follows:

1. Foreach position i, sample whether to insert with probability h/lms(Xt) and whether

to delete or substitute with probability h (Adel(Xt) + AS“b(Xt))
2. Ifinsertion or substitution occurs at token i, sample the new token value from
o (alXe) or Q5P (alXp);
3. Moveto the next timestep:t « t + h.
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Sampling Edit Flows

Following [Nisonoff et al., 2024], the authors apply classifier-free guidance (CFG) [Ho and
Salimans, 2021] during sampling, by adjusting the predicted rates:

g (xlxg, €) = j't,i(xt: ) Q¢ (alxe, c)

where A, (x;, ¢) = A (xe1c)1tW A, ;(x) ™" and w is guidance strength.
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Experiments

Edit Flow is mainly tested on text generation tasks, including:
1. Image-to-Text Generation (280M models);

2. Text Generation (1.3B models);

3. Code Generation (1.3B models).
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Experiments

As baselines, the authors consider SotA AR/non-AR models:

1.
2.

Llama 2 [Touvron et al., 2023]
Masked DFM [Gat et al., 2024]

These baselines are compared against three variants of Edit Flow:

1.
2.

Default Model: Starts from p = §4 (an empty string) and inserts/delete tokens;
Uniform X, + Edit Flow: Xy, = (X7, ..., X*°%) where X' ~pp,, using empirical training
token distribution;

Localized Edit Flow: A variant of edit flow using a localized propagation process.

B.1 Localized propagation paths

Edit Flows leverage an underlying conditional probability path p;(z|z, 21) and associated rates u;(z|z), so
far given by the factorized token-wise mixture. Let us further generalize this probability path and associated
rate to be non-factorized, applying auxiliary variables again. We first re-express this probability path through
an auxiliary boolean variable m € {false, true}?:

pt(2'|2(],21) :Zpt(ml-Z(),Zl)pt(2|m,20,21), (37)

m

N
where pi(z|m, 29, 21) = H -1 (2%) + ]l[mi]é‘z{(z"’), (38)
i=1
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Experiments

All baselines and variants of Edit Flow share the architecture from Llama [Grattafiori et al.,
2024; Touvron et al., 2023], with 280M and 1.3B parameters.

* All models are trained using the same compute budget;

 The maximum sequence length during training is set to 1024 tokens;

* AR baselines use causal attention, while non-AR methods full self-attention;

* For Edit Flow, FlexAttention [Dong et al., 2024] is used to handle varying lengths.
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Experiments

For image captioning tasks, all methods are trained on the MS COCO dataset [Lin et al.,
2014] and Image Captioning 3M dataset.

Method MS COCO Image Captioning 3M
METEOR CIDEr SPICE ROUGE-L CIDEr SPICE

VLPT (Zhou et al., 2020) 28.4 117.7 21.3 24.3 77.5 16.5
ClipCap! (Mokady et al., 2021) 27.1 108.3 20.1 26.7 87.2 18.5
Autoregressive 25.7 95.5 19.6 25.2 85.8 17.8
Mask DFM 25.3 95.6 19.2 27.4 96.2 20.3
Edit Flow (Ours) 27.4 108.1 21.1 29.0 101.9 21.7
Localized Edit Flow (Ours) 27.4 105.1 22.1 28.3 99.7 20.8
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Experiments

For text benchmarks, all methods are trained on the DCLM baseline 1.0 [Lietal., 2024]
dataset. Edit Flow bridges the gap between non-AR- and AR-based methods.

Method HellaSwag ARC-E ARC-C PIQA OBQA WinoGrande
Autoregressive 49.5 71.0 36.3 76.0 30.4 62.1
Mask DFM 38.3 55.4 27.8 65.3 22.6 52.3
Edit Flow (CFG applied to u;) (Ours) 49.0 63.1 33.0 68.8 28.6 53.6
Edit Flow (CFG applied to L) (Ours) 54.5 61.0 34.0 65.0 37.2 54.3
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Experiments

For code generation, all methods are trained on the CodelLlama datamix [Roziere et al.,
2023]. Oracle Length denotes the case where GT code length is known during generation.

HumanEval HumanEval+ MBPP
Method
Pass@l Pass@l10 Pass@l Pass@l0 PassQl Pass@10

Autoregressive (Gat et al., 2024) 14.3 21.3 17.0 34.3
Autoregressive! 17.0 34.7 14.0 28.6 25.6 45.4
Mask DFM (Gat et al., 2024) 6.7 13.4 6.7 20.6
Mask DFM (Oracle Length) (Gat et al., 2024) 11.6 18.3 13.1 28.4
Mask DFM' 9.1 17.6 7.9 13.4 6.2 25.0
Uniform Xy + Edit Flow (Ours) 9.7 24.3 9.7 19.5 9.4 33.4
Edit Flow (Ours) 12.8 24.3 10.4 20.7 10.0 36.4
Localized Edit Flow (Ours) 14.0 22.6 10.4 18.9 14.8 34.0
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Conclusion

To summarize, this paper presents:

Edit Flow, a novel extension of Discrete Flow Matching [Gat et al., 2024], which enables
variable-length generation via edit operations-insertion, deletion, and substitution;

A novel CTMC with conditional rates defined over an augmented state space, enabling a
tractable training objective for Edit Flow;

Extensive evaluations in image captioning and text/code generation demonstrate that
non-autoregressive models can serve as potential replacements for current AR models.
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Edit Flows: Flow Matching with Edit Operations

Insert-only Insert + Delete + Substitute

def is_prime(n: int) -> bool: def is_prime(n: int) -> bool:
if n <= 1:
return True
for 1 in range(2, n):
if 1 % n == 0:
return True
return False

Seungwoo Yoo
KAIST
https://dvelopery0115.github.io
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