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ABSTRACT

Guidance provides a simple and effective framework for posterior sampling by
steering the generation process towards the desired distribution. When modeling
discrete data, existing approaches mostly focus on guidance with the first-order
Taylor approximation to improve the sampling efficiency. However, such an ap-
proximation is inappropriate in discrete state spaces since the approximation er-
ror could be large. A novel guidance framework for discrete data is proposed
to address this problem: We derive the exact transition rate for the desired dis-
tribution given a learned discrete flow matching model, leading to guidance that
only requires a single forward pass in each sampling step, significantly improv-
ing efficiency. This unified novel framework is general enough, encompassing
existing guidance methods as special cases, and it can also be seamlessly applied
to the masked diffusion model. We demonstrate the effectiveness of our proposed
guidance on energy-guided simulations and preference alignment on text-to-image
generation and multimodal understanding tasks.

1 INTRODUCTION

Discrete diffusion models (Austin et al., 2021; Campbell et al., 2022; Sun et al., 2023; Lou et al.,
2024) and discrete flow-based models (Campbell et al., 2024; Gat et al., 2024; Shaul et al., 2025;
Qin et al., 2025) have received significant attention for generating samples in discrete state spaces,
providing effective alternatives to autoregressive (AR) models. Additionally, several works aim to
study how to guide a pre-trained discrete model towards a desired distribution (Vignac et al., 2023;
Schiff et al., 2025; Nisonoff et al., 2025). However, there are some challenges to developing guid-
ance mechanisms in discrete cases. The main challenge is that discrete guidance is often associated
with a transition probability or transition rate, which requires extra computation for all possible tar-
get positions after the transition. To reduce the number of forward passes through guidance models,
existing methods treat the model as a continuous function and use the first-order Taylor approxima-
tion to compute guidance efficiently (Vignac et al., 2023; Schiff et al., 2025; Nisonoff et al., 2025).
Unfortunately, this approximation might introduce non-negligible approximation errors. Moreover,
existing literatures only consider some particular cases, like class conditional guidance or energy-
weighted guidance, which might not be general enough for various tasks.

We seek to develop a general guidance framework for discrete diffusion and flow-based models,
which is illustrated in Fig. 1. Leveraging the Continuous-Time Markov Chain (CTMC) framework,
given a pretrained model for sampling from a source distribution and the density ratio between
the target distribution and source distribution, our method identifies the exact transition rate for
sampling the target distribution. To the best of our knowledge, our guidance framework is the first
exact discrete guidance in general form. Since our guidance formulation is expressed by the density
ratio between the target distribution and source distribution, it also encompasses existing guidance
methods as special cases. This is because the density ratio can be calculated by the energy function
in energy-guided sampling, the ratio of the classifier in class-conditional generation, and preference
alignment in reinforcement learning from human feedback (RLHF). In Table 1, we compare the
formulation of the guidance and the number of function calls in each sampling step. Our framework
only requires one forward pass in each sampling step for any initial distribution.
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Figure 1: Framework of the proposed guidance on discrete flow matching. Given a pretrained discrete flow
matching on source distribution p1(x) and a known density ratio r(x) = q1(x)/p1(x), our framework calcu-
lates the target velocity field to generate target distribution q1(x). Our framework is general enough to deal
with energy-guided sampling with p

(γ)
1 (x) ∝ p1(x)e

−γE(x) shown in Section 4.1, classifier guidance shown
in Theorem 1, and preference alignment in Section 4.2.

Table 1: Overall comparison with existing discrete guidance. Our posterior-based guidance provides an exact
formulation of guidance for general target distributions with a sampling-efficient implementation. Existing
methods are either limited to class-conditional generation or suffer from non-negligible approximation errors
with multiple function calls in each sampling step. A more detailed discussion is provided in Section 3.

Guidance Method Formula Exact Guidance # of Function Calls

Posterior-Based (Ours) Equation 6 ✓ 1

Rate-Based Nisonoff et al. (2025) Equation 9 ✓
Absorbing: D + 1

Uniform: D × (|S| − 1) + 1

First-Order Approximated Nisonoff et al. (2025)
Vignac et al. (2023); Schiff et al. (2025) Equation 13 ✗ 2

To compute the proposed guidance, we employ the Bregman divergence to train a network for esti-
mating the conditional expectation. To further utilize potentially available samples from the target
distribution, we further propose a regularization term.

In summary, our main contributions are as follows.

1. We introduce a general guidance framework for discrete flow matching, achieving efficient
sampling without approximation.

2. We propose to learn the guidance network by minimizing Bregman divergence. We further
propose a regularization technique to utilize samples from the target distribution.

3. We verify the effectiveness of the proposed framework on energy-based sampling through
simulations, preference alignment on text-to-image, and multimodal understanding bench-
mark.

NOTATION. Let [N ] = {1, 2, . . . , N} for a positive integer N . We use κ̇t to denote the time
derivative of a function κt with respect to t. For a D-dimensional vector z, let zd and z\d denote
the d-th element of the vector z and the (D−1)-dimensional vector (z1, . . . , zd−1, zd+1, . . . , zD)⊤.
For a positive integer p, let 1p denote p-dimensional all-one vector. We write f(h) = o(h) if
f : R → R satisfies f(h)/h → 0 as h → 0+. For two quantities x, z, define the Kronecker delta
δx(z) satisfying δx(z) = 1 if x = z and δx(z) = 0 if x ̸= z. Let ⟨x, z⟩ be the inner product of two
vectors x, z in Euclidean space. We denote ∥x∥2 as the Euclidean norm of a vector x.

2 DISCRETE FLOW MODELS

Discrete flow models (DFMs) aim to generate samples from a D-dimensional discrete state-space
with probability mass function (pmf) q1, defined on the domain SD, where S denotes the finite
state space of each dimension. A natural example of this setting is text generation, where each
coordinate corresponds to a token drawn from the vocabulary S. To begin with, we first introduce
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some background on discrete flow models (Campbell et al., 2024; Gat et al., 2024; Shaul et al., 2025)
under the framework of CTMC (Norris, 1998), which we describe in detail in Appendix C.

2.1 TRANSITION RATE AND TRANSITION PROBABILITY

Given a CTMC with the marginal pmfs {qt}t∈[0,1], let uq
t be the associated transition rate of this

CTMC at time t, which is a |S|D × |S|D matrix. For z, x ∈ SD with z ̸= x, we write uq
t (z, x) for

the corresponding entry in this matrix representing the intensity of the transition from state x to state
z at time t. If uq

t (z, x) satisfy the following rate-properties:

uq
t (z, x) ≥ 0, for any z ̸= x, and

∑
z∈SD

uq
t (z, x) = 0,

and the Kolmogorov forward equation (also known as the continuity equation):

q̇t(x) =
∑
z∈SD

uq
t (x, z)qt(z) =

∑
z ̸=x

uq
t (x, z)qt(z)︸ ︷︷ ︸

incoming flux

−
∑
z ̸=x

uq
t (z, x)qt(x)︸ ︷︷ ︸

outgoing flux

, (1)

we say uq
t can generate the probability path qt. Based on the above Kolmogorov forward equation,

for a sufficiently small time step h, we have

qt+h(x) = qt(x) + q̇t(x)h+ o(h) =
∑
z∈SD

{
δz(x) + uq

t (x, z)h+ o(h)
}
qt(z),

which implies that the transition probability from state z to state x, for any x, z ∈ S, is

qt+h|t(x|z) = δz(x) + uq
t (x, z)h+ o(h). (2)

Thus, the transition rate uq
t is also the generator of the CTMC {qt}t∈[0,1] (Holderrieth et al., 2025).

2.2 MODELING TRANSITION RATE VIA MARGINALIZATION TRICK

Given the transition rate uq
t (z, x) and current state x at time t, we can generate a sample from qt+h

using the equation 2, with a sufficiently small time step h. Therefore, we can learn a transition
rate uq

t that can transport from an initial noise distribution q0 to a target data distribution q1. To
obtain such a transition rate for sampling, a natural method is to learn the conditional expectation of
the conditional transition rate uq

t (z, x|x1) that generates the conditional probability path qt|1(·|x1)
interpolating from noise to the datapoint x1. Then uq

t (z, x) = Eq1|t(x1|x)[u
q
t (z, x|x1)] can generate

the target probability path qt (see Proposition 3.1 of Campbell et al., 2024), i.e., it satisfies the
Kolmogorov forward equation 1. For completeness, we include the proof in Appendix D.1. We
are free to define the conditional probability path qt|1(·|x1) and with the corresponding conditional
transition rate as needed.

It is worth noting that learning a |S|D-dimensional vector-valued function (ut(z, x))z∈SD of current
time t and state x is intractable whenD is relatively large. To handle such a high-dimensional setting,
a common approach is to construct a coordinate-wise conditional probability path and transition rate,

qt|1(x|x1) =

D∏
d=1

qdt|1(x
d|xd

1), and uq
t (z, x|x1) =

D∑
d=1

δx\d(z\d)u
q,d
t (zd, xd|xd

1), (3)

which means that the elements of the vector xt are independent conditional on x1. Here,
uq,d
t (zd, xd|xd

1) is the conditional transition rate that generates the conditional probability path qdt|1.
A popular choice of probability path and the associated conditional transition rate used in the previ-
ous works (Campbell et al., 2024; Gat et al., 2024) is

qdt|1(x
d|xd

1) = (1− κt)q
d
0(x

d) + κtδxd
1
(xd); uq,d

t (zd, xd|xd
1) =

κ̇t

1− κt
(δxd

1
(zd)− δxd(zd)), (4)

where κt : [0, 1]→ [0, 1] is a non-decreasing function satisfying κ0 = 0 and κ1 = 1.

3
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After defining the conditional path and rate, the marginal transition rate is given by

uq
t (z, x) =

∑
x1

uq
t (z, x|x1)q1|t(x1|x) =

D∑
d=1

δx\d(z\d)
∑
xd
1

uq,d
t (zd, xd|xd

1)q
d
1|t(x

d
1|x)

△
=

D∑
d=1

δx\d(z\d)u
q,d
t (zd, x),

where qd1|t(x
d
1|x) =

∑
x
\d
1

q1|t(x1|x) is the posterior. Therefore, we only need to learn a D × |S|-
matrix-valued function Uq

t (x) = (uq,d
t (s, x))d,s. Then we can update each token in parallel during

sampling.

Training Objective and Sampling Algorithm. Given the conditional transition rate, the uncondi-
tional transition rate can be parameterized by learning the posterior qd1|t(x

d
1|x). Let U([0, 1]) be the

uniform distribution on [0, 1]. A simple learning objective for discrete flow models is given by

Lq = Et∼U([0,1]),x1∼q1(x1),xt∼qt|1(xt|x1)

[
−

D∑
d=1

log qd,θ1|t (x
d
1|xt)

]
, (5)

which is the cross-entropy between the true posterior q1|t and the estimated posterior qθ1|t (Campbell
et al., 2024; Gat et al., 2024; Wang et al., 2025).

Additionally, there are some alternative approaches to training the transition rate, including directly
maximizing the ELBO in terms of the unconditional transition rate (Shaul et al., 2025) and mini-
mizing a Bregman divergence-type conditional generator matching loss (Holderrieth et al., 2025). It
turns out that parameterization through the posterior gives us a unified framework to formulate the
discrete guidance not only for discrete flow-based models, but also for other generative models. We
include more detailed discussions in Appendix E.1. Moreover, details of the sampling implementa-
tion for equation 2 in Algorithm 1 are provided in the Appendix A.

3 DISCRETE FLOW GUIDANCE

In this section, we introduce our general guidance framework for modeling discrete data. It can
be applied to both discrete flow models and discrete diffusion models (Campbell et al., 2022; Sun
et al., 2023; Austin et al., 2021; Lou et al., 2024; Shi et al., 2024; Sahoo et al., 2024). More detailed
discussions can be found in Appendix E.

3.1 PROBLEM FORMULATION

Consider a CTMC with a probability path pt associated with a transition rate up
t . Suppose that the

conditional transition rate and the conditional probability path are prespecified (see equation 4 for
an example), and we are given a pre-trained posterior p1|t such that the unconditional transition
rate up

t (z, x) = Ex1∼p1|t(x1|x)[u
p
t (z, x|x1)] can generate the probability path pt. We will call the

distribution with the pmf p1 the source distribution. Our goal is to generate samples from the target
distribution q1 by rectifying the posterior or the unconditional transition rate corresponding to the
probability path pt.

3.2 EXACT DISCRETE GUIDANCE

To begin with, we first impose the following assumption on the target distribution.

Assumption 1. The target distribution q1 is absolutely continuous with respect to the source distri-
bution p1, i.e., the support of the target probability mass function is a subset of that of the source
probability mass function: {x ∈ SD| q1(x) > 0} ⊆ {x ∈ SD| p1(x) > 0}.

This assumption admits a well-defined density ratio r(x) = q1(x)/p1(x) on the support of p1,
which is crucial for our formulation of discrete guidance. In the special case setting of conditional
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generation, the target distribution is the conditional distribution q1(x) = p1(x|y) where y denotes
the conditioning variable, and the Assumption 1 holds by construction.

Now, assume that the density ratio r(x) = q1(x)/p1(x) is known. The following theorem yields the
rectified posterior q1|t by reweighting the source posterior p1|t with a guidance term.
Theorem 1 (Posterior-based guidance). Suppose that the conditional probability path of the source
distribution pt|1 and that of the target distribution qt|1 are chosen to be the same for any t ∈ [0, 1].
Under Assumption 1, the posterior regarding the target distribution has the following form:

q1|t(z
d|x) =

E
x
\d
1 ∼p(x

\d
1 |xd

1=zd,xt=x)
[r(x1)]

Ex1∼p1|t(x1|x)[r(x1)]
p1|t(z

d|x). (6)

In particular, if q1(x) = p1(x|y), we have

q1|t(z
d|x) = p1|t(z

d|x, y) = p(y|xd
1 = zd,xt = x)

p(y|xt = x)
p1|t(z

d|x). (7)

Here, we only assume that the conditional probability paths are the same. Theorem 1 provides
a general guidance framework for both discrete diffusion and flow models, because both of them
can be modeled via parameterizing posterior densities. In discrete diffusion models, if we further
assume that the transition rates of both forward noising processes are equal, then we can generalize
and recover the predictor guidance in Nisonoff et al. (2025), which we state in the following.
Theorem 2 (Rate-based guidance). Suppose that the transition rates of the forward noising pro-
cesses Qp

t (x, z) and Qq
t (x, z) are equal for any t ∈ [0, 1]. Under Assumption 1, the backward

transition rate uq
t (z, x) of probability qt has the following form:

uq
t (z, x) =

Ex1∼p1|t(x1|z)[r(x1)]

Ex1∼p1|t(x1|x)[r(x1)]
up
t (z, x), (8)

where uq
t (z, x) and up

t (z, x) is the time reversal of Qp
t (x, z) and Qq

t (x, z), respectively.

Furthermore, if q1(x) = p1(x|y), then we have

up
t (z, x|y) =

p(y|xt = z)

p(y|xt = x)
up
t (z, x), (9)

which recovers Equation 2 in Nisonoff et al. (2025).

Theorem 2 requires the source and target corruption rate matrices to be the same, which is stronger
than Theorem 1. Although Theorem 2 gives a transition rate that can generate the target prob-
ability path, the transition rate we get is not necessarily the same as what we want (uq

t (z, x) =
Eq1|t(x1|x)[u

q
t (z, x|x1)]). However, Theorem 1 provides a guidance term for the posterior and leads

to the desired transition rate uq
t (z, x). See further discussion in Appendix E.3.

In general cases, the guidance is time-dependent according to Theorem 1 and Theorem 2. How-
ever, in the masked diffusion and flow models with x1-independent scheduler, the guidance is time-
independent. To see this, note that in those cases the posterior is time-independent (see Theorem
1 of Ou et al. (2025) and Proposition 6 of Gat et al. (2024) for details). Since the guidance is the
integral of the product of the density ratio and the posterior, the time-independent posterior can lead
to a time-independent guidance.

3.3 TRAINING OBJECTIVE

According to Theorem 1, given the density ratio r(x), we can obtain the exact guid-

ance term by learning the conditional expectation of the density ratio hd
t (z

d, x)
△
=

E
x
\d
1 ∼p(x

\d
1 |xd

1=zd,xt=x)
[r(x1)]. We parameterize the guidance ht using a neural network. A natural

training objective for learning conditional expectation is the Bregman divergence (Banerjee et al.,
2005), which is defined as

DF (x∥y) = F (x)− F (y)− ⟨∇F (y), x− y⟩, (10)

5
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where F (·) is a convex function. The most common choice of F is F (x) = ∥x∥22/2, and then the
Bregman divergence is the ℓ2-loss. Unfortunately, as mentioned in Lou et al. (2024), the ℓ2-loss does
not work well for learning the conditional expectation of a density ratio due to the positive nature of
the density ratio. In our work, we take F (x) = ⟨x, log x⟩, and the training objective is given by the
following.

Et∼U([0,1]),x1∼p1(x1),xt∼pt|1(xt|x1)

[
DF

(
r(x1)

∥∥∥hθ
t (x1,xt)

)]
= Et∼U([0,1]),x1∼p1(x1),xt∼pt|1(xt|x1)

[ D∑
d=1

hd,θ
t (xd

1,xt)− r(x1) log h
d,θ
t (xd

1,xt)
]
+ C

△
= Lh,p(θ) + C,

(11)

where r(x1) = r(x1)1D, hθ
t (x1,xt) = (h1,θ

t (x1
1,xt), . . . , h

D,θ
t (xD

1 ,xt))
⊤ and C is a constant

independent of θ.

The loss Lh,p only requires the source distribution data. Additionally, we can utilize samples from
the target distribution if they are available to achieve better performance. Similar to Ouyang et al.
(2024), we introduce a regularization term allowing us to learn the guidance ht with sampling x1 ∼
q1 during training. Notice that the minimizer of the objective in equation 5 is the underlying posterior
q1|t. Combining with Theorem 1, the exact guidance ht is the minimizer of the following objective.

Lh,q(θ) = Et∼U([0,1]),x1∼q1(x1),xt∼qt|1(xt|x1)

[
−

D∑
d=1

log
hd,θ
t (xd

1,xt)∑
s∈S hd,θ

t (s,xt)pd1|t(s|xt)

]
. (12)

Thus, our final training objective can be written as Lh(θ) = Lh,p(θ) + λLh,q(θ), where λ denotes
the hyperparameter controlling the strength of the regularization.

3.4 SAMPLING

After the training stage, we can obtain the learned posterior-based guidance, which is a matrix-
valued function Hθ

t : SD × [0, 1] → RD×|S|
+ with [Hθ

t (x)]d,s = hd,θ
t (s, x). At the sampling stage,

given the current state xt, we first sample xd
1 from

qd,θ1|t (·|xt) =
hd,θ
t (·,xt)

hd,θ
t (xt)

pd1|t(·|xt)

for each d ∈ [D], where hd,θ
t (x) =

∑
s∈S hd,θ

t (s, x)pd1|t(s, x). Then, we sample xd
t+h by always-

valid sampling procedure (see equation 14 in Appendix A for details). Specifically, at each step, we
input the current state xt into both the guidance network and pretrained posterior network, and then
multiply the output to get the final transition probability in the target distribution qd,θ1|t (·|xt) to update
the current state xt like Algorithm 1. The overall sampling algorithm can be found in Algorithm 2
in Appendix A and the detailed design for the general rate-based method proposed in Theorem 2
can be found in Appendix F.
Remark 1. The rate-based guidance involves multiple forward passes, which depend on the number
of nonzero elements in the transition rate up

t (z,xt), z ̸= xt, given the current state xt. If the
initial distribution is a masked point mass δm, the rate-based guidance entails D + 1 function
calls in each sampling step, which is still computationally inefficient; see Fig. 2 (d). For predictor
guidance, Nisonoff et al. (2025) proposed to use the first-order approximation to estimate the log-
ratio log p(y|xt=z)

p(y|xt=x) for efficient sampling. To be specific, we give the general form based on our
proposed rate-based guidance:

logEx1∼p1|t(x1|z)[r(x1)] ≈ logEx1∼p1|t(x1|x)[r(x1)] +
〈
z − x,∇x logEx1∼p1|t(x1|x)[r(x1)]

〉
.

Plugging this into equation 2, the approximated guidance is

uq
t (z, x) = exp

(〈
z − x,∇x logEx1∼p1|t(x1|x)[r(x1)]

〉)
up
t (z, x). (13)
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However, this approximation not only introduces an approximation error but is also unreasonable
for discrete data modeling, since the value of the right-hand side depends mainly on the location of
z and x in Euclidean space. Fortunately, our proposed posterior-based guidance enables sampling
at low computational cost without approximation, requiring only a single forward pass. Table 1
summarizes three types of discrete guidance.

3.5 GUIDANCE FOR PREFERENCE ALIGNMENT

Given the general form of guidance for discrete flow matching, our framework is able to deal with
energy-guided sampling (Zhang et al., 2025; Lu et al., 2023) and also preference alignment in re-
inforcement learning from human feedback (RLHF) (Rector-Brooks et al., 2025). In the following,
we provide the formulation for RLHF. Let c denote the prompt with distribution pc, πref (o1|c) de-
note the reference policy associated with pretrained model pd1|t(o

d
1|c,ot). In the RL stage of RLHF

(Ouyang et al., 2022), we consider to maximize

Ec∼pc,o1|c∼π

[
R(c,o1)− τ log(π(o1|c)/πref (o1|c))

]
,

where τ is the temperature that controls the deviation from the reference policy. As mentioned in
Rafailov et al. (2023), the above objective has the closed-form maximizer

π∗(o1|c) =
1

Z(c)
πref (o1|c) exp

(R(c,o1)

τ

)
,

where Z(c) =
∫
πref (o1|c) exp

(
R(c,o1)

τ

)
do1 and R(·, ·) is the reward function which can be

rule-based or obtained by training a neural network on the a comparison dataset. Given the reward
function, we aim to generate samples o1 ∼ π∗(o1|c) conditional on c. If we take p1(·) = πref (·|c)
and q1(·) = π∗(·|c) in Theorem 1, we can obtain a rectified posterior for sampling from π∗, i.e.,
we would like to use hθ

t (o1,ot, c) to approximate exp
(

R(c,o1)
τ

)
. We leave the detailed training

objective in equation 22 in Appendix G.

4 EXPERIMENTS

In this section, we present empirical evidence to verify the efficacy of the proposed framework. In
Section 4.1, we conduct proof-of-concept experiments using energy-guided sampling. In Section
4.2, we illustrate the effectiveness of our method on reinforcement learning from human feedback.
Built upon a multimodal discrete flow-based model, we demonstrate the effectiveness of our method
on text-to-image generation and multimodal understanding benchmark.

4.1 SIMULATION RESULTS

Experimental Setup and Baselines. We consider a 2-D setting similar to that in Zhang et al. (2025);
Lu et al. (2023). The sample space is SD = {0, 1, . . . , 32}2. We denote the source distribution as
p1(x) and set the target distribution as its energy-guided version p

(γ)
1 (x) ∝ p1(x)e

−γE(x), where
γ ≥ 0 is the guidance strength and E(x) = − log p(y = 1|x) is the energy function defined by a
given classifier p(y = 1|x). Our goal is to sample from the guided distribution p

(γ)
1 by using either

the source transition rate up
t or the source posterior p1|t. We compare our proposed exact discrete

guidance with the predictor guidance introduced in Nisonoff et al. (2025). Note that the density ratio

in this case is r(x1) =
p
(γ)
1 (x1)
p1(x1)

= pγ(y=1|x1)
Z(γ) , where Z(γ) is a constant that does not depend on x1.

Thus, we obtain the posterior-based and rate-based guidance based on Theorem 1 and Theorem 2,
respectively. For the predictor guidance proposed by Nisonoff et al. (2025), we use the predictor-

guided rate u
(γ)
t (z, x) =

[Ex1∼p1|t(x1|z)p(y=1|x1)

Ex1∼p1|t(x1|x)p(y=1|x1)

]γ
up
t (z, x), z ̸= x, which is different from our

proposed rate-based guidance; see Appendix E.5 for further discussion.

Experimental Results. We sample from the 2-D target distribution p
(γ)
1 using different guidance

schemes, as shown in Fig. 2 (a-c). For γ = 0, 3, both rate-based and posterior-based guidance

7
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produce distributions close to the ground truth. When γ = 10, 20, the distribution generated by
the predictor guidance (Nisonoff et al., 2025) differs from the ground-truth distribution. Overall, our
posterior-based guidance achieves better performance than its rate-based counterpart, and also yields
faster sampling, as illustrated in Fig. 2 (d). We include the experimental details in Appendix H.1
and more experimental results can be found in Appendix H.3.
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Figure 2: Comparison of selected sampling results (64 steps) in 2-D experiments and sampling efficiency. (a)
Ground truth distribution; (b) rate-based guidance with masked initial distribution (Nisonoff et al., 2025); (c)
posterior-based guidance with uniform initial distribution (ours); (d) comparison of sampling times showing
posterior-based guidance achieves 1.6x higher sampling speed than rate-based guidance.

4.2 RLHF ON MULTIMODAL BENCHMARK

Experimental Setup and Baselines. We develop the guidance based on a state-of-the-art discrete
flow matching model on multimodal tasks, FUDOKI (Wang et al., 2025). The detailed probability
path for FUDOKI can be found in equation 21 and the experimental details can be found in Ap-
pendix H.2. For text-to-image generation tasks, we adopt the same training prompts and reward
function as Liu et al. (2025b), which utilizes a weighted sum of Pickscore (Kirstain et al., 2023)
and GenEval reward (Ghosh et al., 2023) as the reward function. We evaluate the performance on
the widely used GenEval Benchmark (Ghosh et al., 2023). For multimodal understanding tasks,
we adopt the question and ground-truth answers from SEED (Li et al., 2023a) and the widely used
LLM-as-a-judge for assigning reward. We adopt VLMEvalKit (Duan et al., 2024) to evaluate on
several multimodal understanding datasets, including POPE (Li et al., 2023b), MME-P (Fu et al.,
2023), MMB (Liu et al., 2023c), GQA (Hudson & Manning, 2019), MMMU (Yue et al., 2023), and
MM-Vet (Yu et al., 2023).

Experimental Results. Results on the GenEval benchmark for text-to-image generation are pre-
sented in Table 2. Compared to the setting without guidance, our method achieves improvements on
four out of six sub-tasks, highlighting the benefit of guidance in utilizing reward signals. We also
provide the ablation studies of the regularization strength in Appendix H.5. The performance on
multimodal understanding benchmarks is demonstrated in Table 3. Our guidance framework consis-
tently improves performance. Qualitative results can be found in Fig. 3. Overall, the results confirm
the effectiveness of our method for preference alignment across multimodal tasks.

A beautiful modern wooden house, close to the lake, in the mountains at sunrise, anime style

FUDOKI Ours 

Prompt:

(a) Text-to-Image Generation Results

Is the phone number in the picture "0131 555 
6363"? Please answer yes or no.

FUDOKI 

No.Answer:

Question:

Ours 

Yes.

❌ ✅

(b) Multimodal Understanding Results

Figure 3: Qualitative comparison on text-to-image generation and multimodal understanding.
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Table 2: Visual Generation Performance on the GenEval Benchmark.

Type Method Single Obj. Two Obj. Counting Colors Position Color Attri. Overall ↑

Gen. Only

LlamaGen (Sun et al., 2024) 0.71 0.34 0.21 0.58 0.07 0.04 0.32
Emu3-Gen (Wang et al., 2024b) 0.98 0.71 0.34 0.81 0.17 0.21 0.54
LDM (Rombach et al., 2022) 0.92 0.29 0.23 0.70 0.02 0.05 0.37
SDv1.5 (Rombach et al., 2022) 0.97 0.38 0.35 0.76 0.04 0.06 0.43
PixArt-alpha (Chen et al., 2024) 0.98 0.50 0.44 0.80 0.08 0.07 0.48
SDv2.1 (Rombach et al., 2022) 0.98 0.51 0.44 0.85 0.07 0.17 0.50
DALL-E 2 (Ramesh et al., 2022) 0.94 0.66 0.49 0.77 0.10 0.19 0.52
SDXL (Podell et al., 2024) 0.98 0.74 0.39 0.85 0.15 0.23 0.55
DALL-E 3 (Betker et al.) 0.96 0.87 0.47 0.83 0.43 0.45 0.67
SD3-Medium (Esser et al., 2024) 0.99 0.94 0.72 0.89 0.33 0.60 0.74

Und. + Gen.

SEED-† (Ge et al., 2024) 0.97 0.58 0.26 0.80 0.19 0.14 0.49
LWM (Liu et al., 2025a) 0.93 0.41 0.46 0.79 0.09 0.15 0.47
ILLUME (Wang et al., 2024a) 0.99 0.86 0.45 0.71 0.39 0.28 0.61
TokenFlow-XL (Qu et al., 2024) 0.95 0.60 0.41 0.81 0.16 0.24 0.55
Chameleon (Team et al., 2024) – – – – – – 0.39
Janus (Wu et al., 2025) 0.97 0.68 0.30 0.84 0.46 0.42 0.61
Janus-Pro-1B (Chen et al., 2025) 0.98 0.82 0.51 0.89 0.65 0.56 0.73
Show-o (Xie et al., 2025) 0.95 0.52 0.49 0.82 0.11 0.28 0.53
Transfusion (Zhou et al., 2025) – – – – – – 0.63
UniDisc (Swerdlow et al., 2025) 0.92 0.47 0.15 0.67 0.13 0.19 0.42
D-DiT (Li et al., 2024b) 0.97 0.80 0.54 0.76 0.32 0.50 0.65
FUDOKI (Wang et al., 2025) 0.96 0.85 0.56 0.88 0.68 0.67 0.77
Ours 0.94 0.86 0.53 0.89 0.70 0.77 0.78

Note: “Und.” = Understanding, “Gen.” = Generation. † = models integrating an external pretrained diffusion model. Values exceeding the baseline
FUDOKI are highlighted in gray .

Table 3: Multimodal Understanding Performance on Various Benchmarks.

Type Model # Params POPE ↑ MME-P ↑ MMB ↑ GQA ↑ MMMU ↑ MM-Vet ↑

Und. Only

LLaVA-Phi-1.5 (Liu et al., 2023b) 1.3B 84.1 1128.0 - 56.5 30.7 -
MobileVLM (Chu et al., 2023) 1.4B 84.5 1196.2 53.2 56.1 - -
MobileVLM-V2 (Chu et al., 2024) 1.4B 84.3 1302.8 57.7 59.3 - -
MobileVLM (Chu et al., 2023) 2.7B 84.9 1288.9 59.6 59.0 - -
MobileVLM-V2 (Chu et al., 2024) 2.7B 84.7 1440.5 63.2 61.1 - -
LLaVA-Phi (Zhu et al., 2024) 2.7B 85.0 1335.1 59.8 - - 28.9
LLaVA (Liu et al., 2023b) 7B 76.3 809.6 38.7 - - 25.5
LLaVA-v1.5 (Liu et al., 2023a) 7B 85.9 1510.7 64.3 62.0 35.4 31.1
InstructBLIP (Dai et al., 2023) 7B - - 36.0 49.2 - 26.2
Qwen-VL-Chat (Bai et al., 2023) 7B - 1487.5 60.6 57.5 - -
IDEFICS (Laurençon et al., 2023) 8B - - 48.2 38.4 - -
Emu3-Chat (Wang et al., 2024b) 8B 85.2 1244.0 58.5 60.3 31.6 37.2
InstructBLIP (Dai et al., 2023) 13B 78.9 1212.8 - 49.5 - 25.6

Und. & Gen.

LaVIT† (Jin et al., 2023) 7B - - - 46.8 - -
MetaMorph† (Tong et al., 2024) 8B - - 75.2 - - -
Gemini-Nano-1 (et al., 2024) 1.8B - - - - 26.3 -
ILLUME (Wang et al., 2024a) 7B 88.5 1445.3 65.1 - 38.2 37.0
TokenFlow-XL (Qu et al., 2024) 13B 86.8 1545.9 68.9 62.7 38.7 40.7
LWM (Liu et al., 2025a) 7B 75.2 - - 44.8 - 9.6
VILA-U (Wu et al., 2024) 7B 85.8 1401.8 - 60.8 - 33.5
Chameleon (Team et al., 2024) 7B - - - - 22.4 8.3
Janus (Wu et al., 2025) 1.5B 87.0 1338.0 69.4 59.1 30.5 34.3
Janus-Pro-1B (Chen et al., 2025) 1.5B 86.2 1444.0 75.5 59.3 36.3 39.8
Show-o-256 (Xie et al., 2025) 1.3B 73.8 948.4 - 48.7 25.1 -
Show-o-512 (Xie et al., 2025) 1.3B 80.0 1097.2 - 58.0 26.7 -
D-Dit (Li et al., 2024b) 2.0B 84.0 1124.7 - 59.2 - -
FUDOKI (Wang et al., 2025) 1.5B 86.1 1485.4 73.9 57.6 34.3 38.0
Ours 1.5B 86.8 1492.7 74.2 58.2 35.4 38.6

Note: “Und.” = Understanding, “Gen.” = Generation. † = models integrating an external pretrained diffusion model. Values exceeding the baseline
FUDOKI are highlighted in gray .

5 RELATED WORKS

In this section, we review the main related works to ours. A comprehensive coverage of related
literature can be found in Appendix B.

Guidance. A line of work has studied guidance for diffusion and flow-matching models in con-
tinuous space (Dhariwal & Nichol, 2021; Lu et al., 2023; Ouyang et al., 2024; Feng et al., 2025).
Subsequent efforts extend guidance to discrete space (Vignac et al., 2023; Schiff et al., 2025; Li
et al., 2024a; Nisonoff et al., 2025), but these methods typically rely on a first-order Taylor approx-
imation to reduce the computational cost. However, this approximation is not appropriate in the
discrete setting, which our work seeks to overcome.
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Discrete Flow-based Models. Our work primarily builds on a line of discrete flow-based models
(Campbell et al., 2024; Gat et al., 2024; Shaul et al., 2025; Qin et al., 2025). These models construct
transition rates that generate the target probability path through marginalizing conditional transition
rate, yielding a more comprehensive design space of conditional probability path than discrete dif-
fusion models (Austin et al., 2021; Campbell et al., 2022; Sun et al., 2023; Vignac et al., 2023; Lou
et al., 2024) including masked diffusion models (Shi et al., 2024; Sahoo et al., 2024; Ou et al., 2025;
Nie et al., 2025c; Zhu et al., 2025; Zhao et al., 2025; Yang et al., 2025). This motivates us to propose
posterior-based guidance, which provides a flexible and unified perspective for generative modeling
through marginalization.

6 CONCLUSION

In this work, we introduce a novel guidance framework for discrete flow-based models. Our ap-
proach provides exact guidance with improved sampling efficiency, offering a unified perspective for
constructing guidance across generative models. We further propose training the guidance network
by minimizing the Bregman divergence with regularization. The effectiveness of our framework is
validated through experiments on energy-guided simulations, preference alignment for text-to-image
generation, and multimodal understanding tasks.

ETHICS STATEMENT

This work adheres to the ICLR Code of Ethics. Our research does not involve human subjects,
sensitive personal data, or experiments that may pose harm to individuals or communities. Publicly
available datasets and benchmarks were used in all experiments.

REPRODUCIBILITY STATEMENT

The code for our implementation can be found in the supplementary materials. For our theoretical
result in Theorem 1 and Theorem 2, the assumption is stated in Assumption 1, and the proof can be
found in Appendix D.2 and Appendix D.3.

REFERENCES

Michael S Albergo and Eric Vanden-Eijnden. Building normalizing flows with stochastic inter-
polants. In International Conference on Learning Representations, 2023.

Marianne Arriola, Aaron Gokaslan, Justin T Chiu, Zhihan Yang, Zhixuan Qi, Jiaqi Han, Sub-
ham Sekhar Sahoo, and Volodymyr Kuleshov. Block diffusion: Interpolating between autoregres-
sive and diffusion language models. In International Conference on Learning Representations,
2025.

Jacob Austin, Daniel D Johnson, Jonathan Ho, Daniel Tarlow, and Rianne Van Den Berg. Struc-
tured denoising diffusion models in discrete state-spaces. In Advances in Neural Information
Processing Systems, volume 34, pp. 17981–17993, 2021.

Jinze Bai, Shuai Bai, Shusheng Yang, Shijie Wang, Sinan Tan, Peng Wang, Junyang Lin, Chang
Zhou, and Jingren Zhou. Qwen-vl: A frontier large vision-language model with versatile
abilities. ArXiv, abs/2308.12966, 2023. URL https://api.semanticscholar.org/
CorpusID:263875678.

A. Banerjee, Xin Guo, and Hui Wang. On the optimality of conditional expectation as a Bregman
predictor. IEEE Transactions on Information Theory, 51(7):2664–2669, 2005.

Joe Benton, Yuyang Shi, Valentin De Bortoli, George Deligiannidis, and Arnaud Doucet. From
denoising diffusions to denoising Markov models. Journal of the Royal Statistical Society Series
B: Statistical Methodology, 86(2):286–301, 2024.

James Betker, Gabriel Goh, Li Jing, Tim Brooks, Jianfeng Wang, Linjie Li, Long Ouyang, Juntang
Zhuang, Joyce Lee, Yufei Guo, Wesam Manassra, Prafulla Dhariwal, Casey Chu, Yunxin Jiao,
and Aditya Ramesh. Improving image generation with better captions.

10

https://api.semanticscholar.org/CorpusID:263875678
https://api.semanticscholar.org/CorpusID:263875678


540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2026

Andrew Campbell, Joe Benton, Valentin De Bortoli, Thomas Rainforth, George Deligiannidis, and
Arnaud Doucet. A continuous time framework for discrete denoising models. In Advances in
Neural Information Processing Systems, volume 35, pp. 28266–28279, 2022.

Andrew Campbell, Jason Yim, Regina Barzilay, Tom Rainforth, and Tommi Jaakkola. Generative
flows on discrete state-spaces: Enabling multimodal flows with applications to protein co-design.
In International Conference on Machine Learning, 2024.

Huiwen Chang, Han Zhang, Lu Jiang, Ce Liu, and William T. Freeman. MaskGIT: Masked gener-
ative image transformer. In Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pp. 11315–11325, 2022.

Junsong Chen, Jincheng Yu, Chongjian Ge, Lewei Yao, Enze Xie, Zhongdao Wang, James Kwok,
Ping Luo, Huchuan Lu, and Zhenguo Li. Pixart-α: Fast training of diffusion transformer for
photorealistic text-to-image synthesis. In International Conference on Learning Representations,
2024.

Xiaokang Chen, Zhiyu Wu, Xingchao Liu, Zizheng Pan, Wen Liu, Zhenda Xie, Xingkai Yu, and
Chong Ruan. Janus-Pro: Unified multimodal understanding and generation with data and model
scaling. arXiv preprint arXiv:2501.17811, 2025.

Xiangxiang Chu, Limeng Qiao, Xinyang Lin, Shuang Xu, Yang Yang, Yiming Hu, Fei Wei, Xinyu
Zhang, Bo Zhang, Xiaolin Wei, and Chunhua Shen. MobileVLM: A fast, strong and open vision
language assistant for mobile devices. arXiv preprint arXiv:2312.16886, 2023.

Xiangxiang Chu, Limeng Qiao, Xinyu Zhang, Shuang Xu, Fei Wei, Yang Yang, Xiaofei Sun,
Yiming Hu, Xinyang Lin, Bo Zhang, and Chunhua Shen. Mobilevlm v2: Faster and stronger
baseline for vision language model. ArXiv, abs/2402.03766, 2024. URL https://api.
semanticscholar.org/CorpusID:267500104.

Wenliang Dai, Junnan Li, Dongxu Li, Anthony Meng Huat Tiong, Junqi Zhao, Weisheng Wang,
Boyang Albert Li, Pascale Fung, and Steven C. H. Hoi. Instructblip: Towards general-purpose
vision-language models with instruction tuning. ArXiv, abs/2305.06500, 2023. URL https:
//api.semanticscholar.org/CorpusID:258615266.

Prafulla Dhariwal and Alexander Nichol. Diffusion models beat GANs on image synthesis. In
Advances in Neural Information Processing Systems, volume 34, pp. 8780–8794, 2021.

Haodong Duan, Junming Yang, Yu Qiao, Xinyu Fang, Lin Chen, Yuan Liu, Xiao wen Dong, Yuhang
Zang, Pan Zhang, Jiaqi Wang, Dahua Lin, and Kai Chen. Vlmevalkit: An open-source toolkit for
evaluating large multi-modality models. Proceedings of the 32nd ACM International Confer-
ence on Multimedia, 2024. URL https://api.semanticscholar.org/CorpusID:
271218736.

Patrick Esser, Sumith Kulal, Andreas Blattmann, Rahim Entezari, Jonas Müller, Harry Saini, Yam
Levi, Dominik Lorenz, Axel Sauer, Frederic Boesel, et al. Scaling rectified flow transformers for
high-resolution image synthesis. In International Conference on Machine Learning, 2024.

Machel Reid et al. Gemini 1.5: Unlocking multimodal understanding across millions of tokens
of context. ArXiv, abs/2403.05530, 2024. URL https://api.semanticscholar.org/
CorpusID:268297180.

Ruiqi Feng, Chenglei Yu, Wenhao Deng, Peiyan Hu, and Tailin Wu. On the guidance of flow
matching. In International Conference on Machine Learning, 2025.

Chaoyou Fu, Peixian Chen, Yunhang Shen, Yulei Qin, Mengdan Zhang, Xu Lin, Zhenyu Qiu, Wei
Lin, Jinrui Yang, Xiawu Zheng, Ke Li, Xing Sun, and Rongrong Ji. MME: A comprehensive
evaluation benchmark for multimodal large language models. ArXiv, abs/2306.13394, 2023. URL
https://api.semanticscholar.org/CorpusID:259243928.

Itai Gat, Tal Remez, Neta Shaul, Felix Kreuk, Ricky TQ Chen, Gabriel Synnaeve, Yossi Adi, and
Yaron Lipman. Discrete flow matching. In Advances in Neural Information Processing Systems,
volume 37, pp. 133345–133385, 2024.

11

https://api.semanticscholar.org/CorpusID:267500104
https://api.semanticscholar.org/CorpusID:267500104
https://api.semanticscholar.org/CorpusID:258615266
https://api.semanticscholar.org/CorpusID:258615266
https://api.semanticscholar.org/CorpusID:271218736
https://api.semanticscholar.org/CorpusID:271218736
https://api.semanticscholar.org/CorpusID:268297180
https://api.semanticscholar.org/CorpusID:268297180
https://api.semanticscholar.org/CorpusID:259243928


594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

Yuying Ge, Sijie Zhao, Jinguo Zhu, Yixiao Ge, Kun Yi, Lin Song, Chen Li, Xiaohan Ding, and Ying
Shan. SEED-X: Multimodal models with unified multi-granularity comprehension and genera-
tion. arXiv preprint arXiv:2404.14396, 2024.

Dhruba Ghosh, Hanna Hajishirzi, and Ludwig Schmidt. Geneval: An object-focused framework
for evaluating text-to-image alignment. ArXiv, abs/2310.11513, 2023. URL https://api.
semanticscholar.org/CorpusID:264288728.

Marton Havasi, Brian Karrer, Itai Gat, and Ricky T. Q. Chen. Edit flows: Flow matching with edit
operations. arXiv preprint arXiv:2506.09018, 2025.

Jonathan Ho and Tim Salimans. Classifier-free diffusion guidance. In NeurIPS 2021 Workshop on
Deep Generative Models and Downstream Applications, 2021.

Jonathan Ho, Ajay Jain, and Pieter Abbeel. Denoising diffusion probabilistic models. In Advances
in Neural Information Processing Systems, volume 33, pp. 6840–6851, 2020.

Peter Holderrieth, Marton Havasi, Jason Yim, Neta Shaul, Itai Gat, Tommi Jaakkola, Brian Karrer,
Ricky TQ Chen, and Yaron Lipman. Generator matching: Generative modeling with arbitrary
markov processes. In International Conference on Learning Representations, 2025.

Emiel Hoogeboom, Didrik Nielsen, Priyank Jaini, Patrick Forré, and Max Welling. Argmax flows
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A SAMPLING ALGORITHMS

Note that the transition probability (Equation 2) is valid only if h ≤ 1
|uq

t (x,x)|
for each x ∈ SD,

when we just use its Euler discretization to generate samples. To remove this constraint, following
the always-valid sampling procedure introduced in Shaul et al. (2025), given the current state xt, for
each d ∈ [D], we first sample xd

1 from the learned posterior qd,θ1|t (·|xt), and then sample xd
t+h from

ehu
q,d
t (xd

t ,x
d
t |x

d
1)δxd

t
(·)− (1− ehu

q,d
t (xd

t ,x
d
t |x

d
1))

uq,d
t (·,xd

t |xd
1)

uq,d
t (xd

t ,x
d
t |xd

1)
(1− δxd

t
(·)), (14)

where we use the first-order approximation

ehu
q,d
t (xd

t ,x
d
t |x

d
1) = 1 + huq,d

t (xd
t ,x

d
t |xd

1) + o(h).

Algorithm 1 Sampling without Guidance

Require: pretrained posterior q1|t, conditional transition rate uq
t (z, x|x1), initial value x0, step size

h
1: t← 0
2: xt ← x0

3: while t+ h < 1 do
4: for d = 1, . . . ,D do ▷ in parallel
5: Calculate qd,θ1|t (x

d
1|xt)

6: Sample xd
1 ∼ qd,θ1|t ( · | xt)

7: λd ←
∑

s̸=xd
t
uq,d
t (s,xd

t |xd
1)

8: Sample Zd
jump ∼ U [0, 1]

9: if Zd
jump ≤ 1− e−hλd

then

10: Sample xd
t ∼

uq,d
t (·,xd

t |xd
1)

λd

(
1− δxd

t
(·)

)
11: end if
12: end for
13: t← t+ h
14: end while
15: t← t− h
16: for d = 1, . . . ,D do ▷ in parallel
17: Sample xd

1 ∼ qd,θ1|t ( · | xt)

18: end for
19: return x1

B ADDITIONAL RELATED WORKS

Discrete Flow-based Models. Flow-based models for modeling discrete data were introduced by
Campbell et al. (2024); Gat et al. (2024); Shaul et al. (2025); Holderrieth et al. (2025); Qin et al.
(2025). Compared to discrete diffusion models (Austin et al., 2021; Campbell et al., 2022; Sun et al.,
2023; Lou et al., 2024), the main advantage of discrete flow models is the flexibility of designing the
conditional probability path and the conditional transition rate without specifying corruption transi-
tion rate; while discrete diffusion models require choosing a forward transition rate with a simple
form such that the conditional probability path can be computed easily. Similar to the framework of
continuous flow models (Albergo & Vanden-Eijnden, 2023; Liu et al., 2022; Lipman et al., 2023),
discrete flow models focus on the conditional path with probability interpolation, which is a convex
combination of conditional probabilities. Shaul et al. (2025) proposed the mixture probability path
with x1-dependent schedulers and the metric-induced path; the training objective they used is the
negative ELBO instead of the cross entropy used in Campbell et al. (2024) and Gat et al. (2024).
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Algorithm 2 Sampling with Posterior-Based Guidance

Require: pretrained posterior p1|t, conditional transition rate up,d
t (z, x|x1), initial value x0,

posterior-based guidance Hθ
t , step size h

1: t← 0
2: xt ← x0

3: while t+ h < 1 do
4: for d = 1, . . . ,D do ▷ in parallel
5: Calculate the guided posterior qd,θ1|t (x

d
1|xt) ∝ Hθ

t (xt)d,xd
1
pd1|t(x

d
1|xt)

6: Sample xd
1 ∼ qd,θ1|t ( · | xt)

7: λd ←
∑

s̸=xd
t
up,d
t (s,xd

t |xd
1)

8: Sample Zd
jump ∼ U [0, 1]

9: if Zd
jump ≤ 1− e−hλd

then

10: Sample xd
t ∼

up,d
t (·,xd

t |xd
1)

λd

(
1− δxd

t
(·)

)
11: end if
12: end for
13: t← t+ h
14: end while
15: t← t− h
16: for d = 1, . . . ,D do ▷ in parallel
17: Calculate the guided posterior qd,θ1|t (x

d
1|xt) ∝ Hθ

t (xt)d,xd
1
pd1|t(x

d
1|xt)

18: Sample xd
1 ∼ qd,θ1|t ( · | xt)

19: end for
20: return x1

Recently, Havasi et al. (2025) introduced a novel discrete flow matching framework with auxiliary
process, which supports variable-length sequence generation.

Discrete Diffusion Models. Motivated by studies of discrete-time diffusion models in continuous
state spaces (Sohl-Dickstein et al., 2015; Ho et al., 2020; Song et al., 2021a; Karras et al., 2022),
Austin et al. (2021) and Hoogeboom et al. (2021) proposed a discrete-time framework for training
diffusion models in discrete state spaces. Similarly, several authors have developed continuous-time
discrete diffusion models through continuous-time Markov chains (Campbell et al., 2022; Benton
et al., 2024). Sun et al. (2023) proposed discrete score matching based on the idea of continuous
score matching for modeling continuous-time diffusion models (Song et al., 2021b). Meng et al.
(2022); Lou et al. (2024) introduced concrete score matching, which aims to identify the time-
reversal of the noising process like Sun et al. (2023). Empirically, the masked diffusion models (Shi
et al., 2024; Sahoo et al., 2024; Ou et al., 2025) outperform the diffusion models with other noise
distributions, such as uniform distribution. Moreover, for masked diffusion models, Ou et al. (2025)
showed that the training objective is equivalent to that of any-order autoregressive models (Hooge-
boom et al., 2022; Shih et al., 2022), which is also equivalent to the ELBO for discrete flow (see Ap-
pendix D.1 in Shaul et al., 2025). The main advantage of discrete diffusion models over (any-order)
autoregressive models is parallel sampling. However, supporting variable-length sequence genera-
tion is considerably more challenging than in autoregressive models. To overcome this limitation,
semi-autoregressive models (Nie et al., 2025c; Arriola et al., 2025) perform block-wise sampling
and enable parallel sampling within each block, thus supporting flexible-length sampling.

Guidance. Classifier guidance (Dhariwal & Nichol, 2021) and classifier-free guidance (Ho & Sali-
mans, 2021; Zheng et al., 2023) are proposed for conditional generation. Schiff et al. (2025) explored
the classifier guidance tailored to discrete diffusion models by decomposing the reversed transition
probability for practical purposes. Nie et al. (2025a) applied classifier-free guidance to masked dif-
fusion models for unsupervised pretraining. In this paper, the posterior-based guidance provides a
unified perspective for the existing guidance in previous work, including classifier guidance Dhari-
wal & Nichol (2021), energy-weighted guidance Lu et al. (2023), guidance for transfer learning
(Ouyang et al., 2024), and flow matching guidance (Feng et al., 2025) in continuous state space. See
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discussion in Appendix E.1. Moreover, thanks to the token-wise transition rate, our discrete guid-
ance only requires training one network, unlike the training-based continuous guidance proposed by
(Feng et al., 2025), which requires estimating a normalizing constant by learning a surrogate model.

Diffusion-based and Flow-based Large Language Models. Recently, a number of studies have
focused on developing large language diffusion models. Several post-training approaches have been
proposed to fine-tune discrete diffusion models aligned with human preference in a way similar
to autoregressive models via RLHF (Ouyang et al., 2022) or DPO (Rafailov et al., 2023) tech-
niques. LLaDa (Nie et al., 2025c) leverages masked diffusion models and employs negative ELBO
for supervised fine-tuning. It supports variable-length sentence generation by semi-autoregressive,
and utilizes a deterministic low-confidence remasking technique to enhance performance similar
to MaskGIT (Chang et al., 2022). LLaDa 1.5 (Zhu et al., 2025) applied DPO to LLaDa, using
an empirical estimator with variance reduction techniques to approximate the log-probability. To
extend GRPO to masked diffusion models, d1-LLaDa (Zhao et al., 2025) proposes to estimate log-
probability via mean-field approximation and to do one-step unmasking to estimate token-wise log-
probability with partially masked prompts. To learn from multi-step denoising information, MMaDa
Yang et al. (2025) perturbs sentence outcomes instead of prompts, and conducts policy optimization
with a GRPO-type objective, which supports multi-modality. For the large language model based on
discrete flow matching, Wang et al. (2025) developed a multi-modal model with a metric-induced
probability path and a kinetic-optimal conditional rate (Shaul et al., 2025), achieving highly com-
petitive performance compared to advanced AR-based multi-modal models.

C BACKGROUND OF CONTINUOUS-TIME MARKOV CHAINS

Continuous-time Markov chains (CTMCs) are a class of continuous-time Markov processes on dis-
crete state spaces. Given a discrete state space SD, a stochastic process xt is CTMC if (a) it has
Markov property, that is, given the information of current time, the future and history are indepen-
dent; (b) given the current time t and state x ∈ SD, the transition probability is

P(xt+h = z|xt = x) = δx(z) + ut(z, x)h+ o(h),

where h is the step size, and (ut(z, x))(z,x)∈SD×SD is a (time-dynamic) transition rate matrix satis-
fying

ut(z, x) ≥ 0, for any z ̸= x, and
∑
z∈SD

ut(z, x) = 0 for any x ∈ SD.

Intuitively, the transition rate ut(z, x) measures the intensity of transition from the current state x to
the target state z at time t. This CTMC framework underlies recent advances in generative modeling.
Building on the framework of CTMCs, the discrete diffusion models (Austin et al., 2021; Campbell
et al., 2022; Sun et al., 2023; Lou et al., 2024) and the discrete flow models (Campbell et al., 2024;
Gat et al., 2024; Shaul et al., 2025; Qin et al., 2025) can transport a simple distribution like uniform
distribution or just a point mass to a complex data distribution through a sequence of jumps.

D DERIVATION OF THE GUIDANCE

D.1 PROOF OF PROPOSITION 3.1 OF (CAMPBELL ET AL., 2024)

We include the proof of Proposition 3.1 of (Campbell et al., 2024) here for completion. We begin
by taking the expectation over p1 on both sides of the Kolmogorov equation for pt|1(x|x1) and
ut(xt, z|x1).
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∂tpt(x) = Ex∼p1(x1)

[
∂tpt|1(x|x1)

]
(definition of pt as marginal over x1)

= Ex1∼p1(x1)

[∑
z

ut(x, z|x1) pt|1(z|x1)
]

(Kolmogorov forward equation)

=
∑
z

∑
x1

p1(x1) pt|1(z|x1)ut(x, z|x1)

=
∑
z

∑
x1

pt(z) p1|t(x1|z)ut(x, z|x1) (Bayes’ rule)

=
∑
z

Ex∼p1|t(x1|z)
[
ut(x, z|x1)

]
pt(z).

We observe that the final expression corresponds to the Kolmogorov equation for a continuous-time
Markov chain (CTMC) with marginals pt(x) and transition rate Ex1∼p1|t(x1|x)[ut(z, x|x1)]. This
demonstrates that Ex1∼p1|t(x1|x)[ut(z, x|x1)] generates pt(x).

D.2 PROOF OF THEOREM 1

Proof. By Bayes’ formula and the condition qt|1 = pt|1, we have

q1|t(z|x) =
qt|1(x|z)q1(z)

qt(x)
=

pt|1(x|z)q1(z)
qt(x)

=
pt|1(x|z)p1(z)q1(z)pt(x)

pt(x)qt(x)p1(z)
=

q1(z)pt(x)

qt(x)p1(z)
p1|t(z|x)

=

q1(z)
p1(z)∑

x1

qt(x)
pt(x)

q1|t(x1|x)
p1|t(z|x) =

q1(z)
p1(z)∑

x1

q1(x1)
p1(x1)

p1|t(x1|x)
p1|t(z|x)

=
r(z)

Ex1∼p1|t(x1|x)[r(x1)]
p1|t(z|x),

(15)
which implies that

q1|t(z|x) =
r(z)

Ex1∼p1|t(x1|x)[r(x1)]
p(x

\d
1 = z\d|xt = x,xd

1 = zd)pd1|t(z
d|x).

The result equation 6 follows by taking summation over z\d ∈ SD−1 for each d ∈ [D].
For classifier guidance equation 7, setting q1(·) = p1(·|y) in the previous equation, we can obtain
that

p1|t(z|x, y) =
p1(z|y)pt(x)
pt(x|y)p1(z)

p1|t(z|x) =
p(y|x1 = z)

p(y|xt = x)
p1|t(z|x)

=
p(y|x1 = z)

p(y|xt = x)
p(x

\d
1 = z\d|xt = x,xd

1 = zd)pd1|t(z
d|x).

Thus, it suffices to show that p(y|x1 = z) = p(y|x1 = z,xt = x). To see this, note that

p(y|x1 = z) =
p(x1 = z,y = y)

p1(z)
=

p(xt = x|x1 = z)p(x1 = z,y = y)

p(x1 = z,xt = x)

=
p(xt = x|x1 = z,y = y)p(x1 = z,y = y)

p(x1 = z,xt = x)
= p(y|x1 = z,xt = x),

which completes the proof.
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D.3 PROOF OF THEOREM 2

Proof. By Bayes’ formula and the condition qt|t+h = pt|t+h, we have

qt+h|t(z|x) =
qt|t+h(x|z)qt+h(z)

qt(x)
=

pt|t+h(x|z)qt+h(z)

qt(x)
=

pt|t+h(x|z)pt+h(z)qt+h(z)pt(x)

pt(x)qt(x)pt+h(z)

=
qt+h(z)pt(x)

qt(x)pt+h(z)
pt+h|t(z|x).

(16)
By equation 2, we can obtain that

qt+h|t(z|x) =
∑

xt
{δz(xt) + uq

t (z, xt)h+ o(h)}qt(xt)pt(x)∑
xt
{δz(xt) + up

t (z, xt)h+ o(h)}pt(xt)qt(x)

(
δx(z) + up

t (z, x)h+ o(h)
)

=
qt(z)pt(x)

pt(z)qt(x)

(
δx(z) + up

t (z, x)h+ o(h)
)

= δx(z) +
qt(z)pt(x)

pt(z)qt(x)
up
t (z, x)h+ o(h)

= δx(z) +
Ex1∼p1|t(x1|z)[r(x1)]

Ex1∼p1|t(x1|x)[r(x1)]
up
t (z, x)h+ o(h),

where the last equation we use the same trick as the proof of Theorem 1. Then, the transition rate of
the probability path qt is

uq(z, x) = lim
h→0+

qt+h|t(z|x)− δx(z)

h
=

Ex1∼p1|t(x1|z)[r(x1)]

Ex1∼p1|t(x1|x)[r(x1)]
up
t (z, x).

For classifier guidance, considering q1(x1) = p1(x|y), we have

uq(z, x) = up(z, x|y) = pt(z|y)pt(x)
pt(z)pt(x|y)

up
t (z, x) =

p(y|xt = z)

p(y|xt = x)
up
t (z, x),

which completes the proof.

E IN-DEPTH DISCUSSIONS OF THE PROPOSED GUIDANCE FRAMEWORK

E.1 UNIFYING GUIDANCE THROUGH MARGINALIZATION TRICK

In this subsection, we provide the guidance formulation for continuous score matching, continuous
flow matching, concrete score matching, and discrete flow matching. We assume that the conditional
probability path of the source data distribution is the same as that of the target data distribution.

E.1.1 CONTINUOUS SCORE MATCHING

We will use the convention of using t = 0 for data distribution and t = T for noise in continuous
diffusion models. With a little abuse of notation, denote r(z) = q0(z)

p0(z)
. From equation 15, the score
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function for sampling from q0 is
∇x log qt(x) = Ex0∼q0|t(x0|x)[∇x log qt|0(x|x0)]

=

∫
x0

q0|t(x0|x)∇x log qt|0(x|x0)dx0

=

∫
x0

r(x0)

Ex0∼p0|t(x0|x)[r(x0)]
p0|t(x0|x)∇x log pt|0(x|x0)dx0

= ∇x log pt(x) +

∫
x0

r(x0)− Ex0∼p0|t(x0|x)[r(x0)]

Ex0∼p0|t(x0|x)[r(x0)]
p0|t(x0|x)∇x log pt|0(x|x0)dx0

= ∇x log pt(x) +

∫
x0

q0(x0)
p0(x0)

− qt(x)
pt(x)

Ex0∼p0|t(x0|x)[r(x0)]
·
p0(x0)∇xpt|0(x|x0)

pt(x)
dx0

= ∇x log pt(x) +

∇xpq(x)
pt(x)

− qt(x)∇xpt(x)
pt(x)2

Ex0∼p0|t(x0|x)[r(x0)]

= ∇x log pt(x) +∇x logEx0∼p0|t(x0|x)[r(x0)],

where we use the facts qt|0 = pt|0 and Ex0∼p0|t(x0|x)[r(x0)] = qt(x)
pt(x)

. This result recovers the
guidance given by Ouyang et al. (2024). By setting qt(x) = pt(x|y), we also recover the classifier
guidance∇x log qt(x) = ∇x log pt(x) +∇x log p(y|xt = x).

E.1.2 CONTINUOUS FLOW MATCHING

Denote vt(x) and vt(x | x1) as the marginal and conditional velocity fields, respectively. Assuming
the conditional kernels satisfy qt|1(x | x1) = pt|1(x | x1), and defining r(x1) := q1(x1)/p1(x1),
we have

vqt (x) = Ex1∼q1|t(x1|x)[vt(x | x1)]

= Ex1∼p1|t(x1|x)[vt(x | x1)
q1|t(x1 | x)
p1|t(x1 | x)

]

= Ex1∼p1|t(x1|x)[vt(x | x1)
r(x1)

Ex1∼p1|t(x1|x)[r(x1)]
]

= vpt (x) +

∫
x1

( r(x1)

Ex1∼p1|t(x1|x)[r(x1)]
− 1

)
vt(x | x1) p1|t(x1 | x) dx1.

which coincides the exact guidance (Feng et al., 2025) for continuous flow matching.

E.1.3 DISCRETE DIFFUSION MODELS

Denote the concrete score (Meng et al., 2022; Lou et al., 2024) st(x) =
(

pt(z)
pt(x)

)
zd ̸=xd,z\d=x\d

,

which is a D(|S| − 1)-dimensional vector. Then, for any z, x ∈ SD satisfying zd ̸= xd, z\d = x\d,
we have

sqt (x)z = Ex1∼q1|t(x1|x)

[ qt|1(z|x1)

qt|1(x|x1)

]
= Ex1∼p1|t(x1|x)

[ pt|1(z|x1)q1|t(x1|x)
pt|1(x|x1)p1|t(x1|x)

]
= spt (x)z +

∑
x1

( r(x1)

Ex1∼p1|t(x1|x)[r(x1)]
− 1

) D∏
d=1

pdt|1(z
d|xd

1)

pdt|1(x
d|xd

1)
p1|t(x1|x)

= spt (x)z +
∑
xd
1

(E
x
\d
1 ∼p(x

\d
1 |xd

1=xd
1 ,xt=x)

[r(x1)]

Ex1∼p1|t(x1|x)[r(x1)]
− 1

) pdt|1(zd|xd
1)

pdt|1(x
d|xd

1)
pd1|t(x

d
1|x),

where we use t = 1 for the data distribution. Following the discussion in Appendix E.3, the formu-
lation above can be viewed as a special case of discrete flow matching.
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E.1.4 DISCRETE FLOW MATCHING

Similar to the previous formulation, we can obtain that

uq,d
t (zd, x) = up,d

t (zd, x) +
∑
xd
1

(E
x
\d
1 ∼p(x

\d
1 |xd

1=xd
1 ,xt=x)

[r(x1)]

Ex1∼p1|t(x1|x)[r(x1)]
− 1

)
up,d
t (zd, xd|xd

1)p
d
1|t(x

d
1|x).

To give a specific example, we consider the x1-independent mixture path and its kinetic-optimal
transition rate (see Appendix C of Shaul et al., 2025):

pdt|1(x
d|xd

1) = qdt|1(x
d|xd

1) = κtδxd
1
(xd) + (1− κt)p0(x

d);

uq,d
t (zd, xd|xd

1) = up,d
t (zd, xd|xd

1) =
κ̇t

1− κt
(δxd

1
(zd)− δxd(zd)).

Then, we have

uq,d
t (zd, x) = up,d

t (zd, x) +
κ̇t

1− κt

(E
x
\d
1 ∼p(x

\d
1 |xd

1=zd,xt=x)
[r(x1)]

Ex1∼p1|t(x1|x)[r(x1)]
− 1

)
pd1|t(z

d|x)

=
E
x
\d
1 ∼p(x

\d
1 |xd

1=zd,xt=x)
[r(x1)]

Ex1∼p1|t(x1|x)[r(x1)]
up,d
t (zd, x)

+
κ̇t

1− κt

(E
x
\d
1 ∼p(x

\d
1 |xd

1=zd,xt=x)
[r(x1)]

Ex1∼p1|t(x1|x)[r(x1)]
− 1

)
δxd(zd),

which implies that uq,d
t (zd, x) is an affine combination of up,d

t (zd, x) and − κ̇t

1−κt
δxd(zd) in this

case.

E.2 DISCRETE GUIDANCE FOR DISCRETE-TIME FRAMEWORK

In this subsection, we discuss the discrete guidance in the settings of the discrete-time Markov chain
(e.g., D3PM, Austin et al., 2021), which is developed by Vignac et al. (2023); Schiff et al. (2025);
Li et al. (2024a). For convenience, we also use t = 1 for data distribution and t = 0 for initial
distribution. Assume that ps|t = qs|t for each s < t. By Equation 16, the transition probability of q
in the sampling process is

qt+h|t(z|x) =
qt+h(z)/pt+h(z)

qt(x)/pt(x)
pt+h|t(z|x) =

Ex1∼p1|t+h(x1|z)[r(x1)]

Ex1∼p1|t(x1|x)[r(x1)]
pt+h|t(z|x),

which is similar to the soft optimal policy introduced in Li et al. (2024a). By taking qt+h|t(z|x) =
pt+h|t(z|x, y), we recover the classifier guidance in Vignac et al. (2023) and Schiff et al. (2025) with
unit guidance strength.

Following the proof of Theorem 2, the rate-based guidance can be viewed as a limiting form of
the discrete guidance in discrete time settings. In addition, the discrete-time guidance has a similar
challenge to the rate-based guidance; that is, it requires multiple function calls in each sampling
step. For solving this problem, Vignac et al. (2023); Schiff et al. (2025) employ the first-order
approximation in practice. As pointed out in Remark 1, such approximation-based approaches are
inappropriate for discrete data intuitively.

E.3 COMPARISON BETWEEN POSTERIOR-BASED GUIDANCE AND RATE-BASED GUIDANCE

Theorem 1 and Theorem 2 present the discrete guidance based on the posterior and the transition
rate, respectively. The later one generalizes the discrete guidance of Nisonoff et al. (2025), which
requires a stronger condition than the posterior-based guidance in Theorem 1. To better understand
the conditions in both theorems, we will analyze the relationship between discrete diffusion and
discrete flow models. In the following, we consider two different states x ̸= z.

Both Guidance Yield the Same Transition Rates in Discrete Diffusion Models. Consider a dis-
crete diffusion model with the corruption transition rate Qq

t (x, z). Here, we assume that q1 is the
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density of the data distribution. Following Campbell et al. (2022), the time reversal of Qq
t (x, z) is

uq
t (z, x) =

∑
x1

Qq
t (x, z)

qt|1(z|x1)

qt|1(x|x1)
q1|t(x1|x) = Ex1∼q1|t(x1|xt=x)

[
Qq

t (x, z)
qt|1(z|x1)

qt|1(x|x1)

]
. (17)

Since uq
t (z, x|x1)

△
= Qq

t (x, z)
qt|1(z|x1)

qt|1(x|x1)
is a conditional transition rate that can generate the condi-

tional path qt|1 (see Appendix H.1 of Campbell et al., 2024), the discrete diffusion models can be
viewed as a special case of discrete flow models. Therefore, the condition Qq

t (x, z) = Qp
t (x, z) as in

Theorem 2 actually implies that we take the same specific conditional transition rate up
t (z, x|x1) =

uq
t (z, x|x1) = Qq

t (x, z)
qt|1(z|x1)

qt|1(x|x1)
in discrete flow models.

They Might Offer Different Marginal Transition Rates for Sampling from Target Distribution.
Suppose that we are given conditional probability path qt|1 = pt|1 and conditional transition rate
uq
t (z, x|x1) = up

t (z, x|x1). What we want to know is whether there exists a common corruption
transition rate Qt(x, z) such that uq

t (z, x) and up
t (z, x) are the reverse transition rates of Qt(x, z)

under the data distributions q1 and p1, respectively. If exists, by the time reversal formula (see, e.g.
Sun et al., 2023; Lou et al., 2024), we have

Qt(x, z) =
pt(x)

pt(z)
up
t (z, x) =

∑
x1

pt(x)

pt(z)
up
t (z, x|x1)p1|t(x1|x)

=
∑
x1

pt(x)

pt(z)
Qp

t (x, z|x1)
pt|1(z|x1)

pt|1(x|x1)
p1|t(x1|x)

=
qt(x)

qt(z)
uq
t (z, x) =

∑
x1

qt(x)

qt(z)
uq
t (z, x|x1)q1|t(x1|x)

=
∑
x1

qt(x)

qt(z)
Qq

t (x, z|x1)
qt|1(z|x1)

qt|1(x|x1)
q1|t(x1|x),

which implies that ∑
x1

Qp
t (x, z|x1)p1|t(x1|z) =

∑
x1

Qq
t (x, z|x1)q1|t(x1|z),

where Qp
t (x, z|x1) = Qq

t (x, z|x1) = uq
t (z, x|x1)

qt|1(x|x1)

qt|1(z|x1)
is the time reversal of uq

t (z, x|x1) =

up
t (z, x|x1). However, since the posteriors p1|t and q1|t are different, the above equation generally

does not hold, unless Qp
t (x, z|x1) = Qq

t (x, z|x1) is independent of x1. If we use the rate-based
guidance of Theorem 2 with the marginal transition rate up

t (z, x) = Ex1∼p1|t(x1|x)[u
p
t (z, x|x1)]

that is used to sample from source data distribution, then we implicitly set the corruption rate
Qq

t (x, z) = Qp
t (x, z) = Ex1∼p1|t(x1|x)[u

p
t (z, x|x1)]

pt(x)
pt(z)

in discrete diffusion models. In this sce-
nario, the reversed transition rate for generating probability path qt is

Ex1∼p1|t(x1|x)[u
p
t (z, x|x1)]

pt(x)qt(z)

pt(z)qt(x)
,

which is not equal to the desired transition rate Ex1∼q1|t(x1|x)[u
q
t (z, x|x1)] which we obtained

based on Theorem 1 in general. The main reason is that Ex1∼q1|t(x1|x)[u
q
t (z, x|x1)] and

Ex1∼p1|t(x1|x)[u
p
t (z, x|x1)] do not share the same time reversal as mentioned above. Moreover,

if we choose a conditional path uq
t (z, x|x1) such that uq

t (z, x|x1)
qt|1(x|x1)

qt|1(z|x1)
is independent of x1,

then these two methods are equivalent. Formally, we have the following proposition.

Proposition 1. Assume that uq
t (z, x|x1)

qt|1(x|x1)

qt|1(z|x1)
is unrelated to x1 for two states x ̸= z. Let

Qt(x, z) = uq
t (z, x|x1)

qt|1(x|x1)

qt|1(z|x1)
be the transition rate of noising process. Under the same con-

ditions of Theorem 1, we have Qt(x, z)
pt(z)
pt(x)

= Ex1∼pt|1(x1|x)[u
p
t (z, x|x1)] and Qt(x, z)

qt(z)
qt(x)

=

Ex1∼qt|1(x1|x)[u
q
t (z, x|x1)], which means that two methods are equivalent.
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Proof. We only consider the case of pt. Note that

Ex1∼pt|1(x1|x)[u
p
t (z, x|x1)] =

∑
x1

up
t (z, x|x1)p1|t(x1|x)

=
∑
x1

Qp
t (x, z)

pt|1(z|x1)

pt|1(x|x1)
p1|t(x1|x)

= Qp
t (x, z)

pt(z)

pt(x)
,

which completes the proof.

In summary, the condition Qq
t (x, z) = Qp

t (x, z) in Theorem 2 is more restrictive than Theorem 1 if
our goal is to use the desired transition rate uq

t (z, x) = Ex1∼q1|t(x1|x)[u
q
t (z, x|x1)] in the sampling

stage.

From Posterior-based Guidance to Rate-based Guidance. For completeness, we also give a
simple proof of Theorem 2 based on the result of Theorem 1. Notice that, if Qq

t (x, z) = Qp
t (x, z)

(which implies that pt|1 = qt|1), by equation 17, we have

uq
t (z, x)

up
t (z, x)

=
Ex1∼q1|t(x1|x)

[
qt|1(z|x1)

qt|1(x|x1)

]
Ex1∼p1|t(x1|x)

[
pt|1(z|x1)

pt|1(x|x1)

] =
Ex1∼p1|t(x1|x)

[
q1|t(x1|x)qt|1(z|x1)

p1|t(x1|x)qt|1(x|x1)

]
Ex1∼p1|t(x1|x)

[
pt|1(z|x1)

pt|1(x|x1)

]
=

Ex1∼p1|t(x1|x)

[
qt(z)q1|t(x1|z)
qt(x)p1|t(x1|x)

]
Ex1∼p1|t(x1|x)

[
pt|1(z|x1)

pt|1(x|x1)

] =
qt(z)/qt(x)

pt(z)/pt(x)
=

qt(z)/pt(x)

qt(z)/pt(x)

=
Ex1∼p(x1|z)[r(x1)]

Ex1∼p(x1|x)[r(x1)]
,

where the third equation we use q1|t(x1|x)
p1|t(x1|x) = q1(x1)pt(x)

p1(x1)qt(x)
in equation 15 and the fourth equation we

use the marginalization trick in the concrete score matching (Meng et al., 2022; Lou et al., 2024).
This completes the proof.

E.4 CLASSIFICATION OF DISCRETE GUIDANCE

As discussed in Appendix E.2, the rate-based guidance can be interpreted as the limiting case
of the discrete guidance in the discrete-time framework, since all of them require the condition:
ps|t(xs|xt) = qs|t(xs|xt) for any 0 ≤ s < t ≤ 1 (here, we use t = 1 for data distribution). In
contrast, the posterior-based guidance (Theorem 1) only imposes the condition of conditional prob-
ability paths, offering greater flexibility and interpretability for discrete flow models. Accordingly,
discrete guidance can be divided into two categories, as summarized in Table 4.

Table 4: Classification of discrete guidance. (Data distribution: t = 1)

Assumption Time Framework Discrete Guidance Target Transition Rate for Discrete Flow Models

pt|1(xt|x1) = qt|1(xt|x1) for any 0 ≤ t ≤ 1 Continuous Posterior-Based Guidance (Theorem 1) Ex1∼q1|t(x1|x)[ut(z, x|x1)]

ps|t(xs|xt) = qs|t(xs|xt) for any 0 ≤ s < t ≤ 1
Continuous Rate-Based Guidance (Theorem 2 & Nisonoff et al. (2025)) Ex1∼p1|t(x1|x)[ut(z, x|x1)]

pt(x)qt(z)
pt(z)qt(x)

Discrete Vignac et al. (2023)& Schiff et al. (2025)& Li et al. (2024a) —

E.5 DISCUSSION ON THE GUIDANCE STRENGTH

In this subsection, we focus on the settings considered in Zheng et al. (2023); Zhang et al. (2025).
Our goal is to generate data from the guided distribution p

(γ)
1 (x|y) ∝ p1(x)p

γ(y|x), where γ ≥ 0
is the guidance strength. Lemma 4.10 in Zhang et al. (2025) provides the comparison between
contrastive energy prediction Lu et al. (2023) and classifier guidance Dhariwal & Nichol (2021); Ho
& Salimans (2021). Here, we compare the rate-based guidance with the predictor guidance Nisonoff
et al. (2025) under different guidance strengths.
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The guided transition rate with predictor guidance strength γ is

u
(γ)
t (z, x|y) =

[ pt(y|z)
pt(y|x)

]γ
ut(z, x) (18)

for z ̸= x. Here, ut is a transition rate that can generate pt(x). In general, if γ ̸= 1, the above
guided rate u

(γ)
t cannot generate p

(γ)
t (x|y) = pt(x)p

γ
t (y|x)

Zt(y;γ)
, where Zt(y; γ) =

∑
x pt(x)p

γ
t (y|x). To

see this, we try to verify the Kolmogorov forward equation:

∑
x̸=z

u
(γ)
t (z, x|y)pt(x)p

γ
t (y|x)

Zt(y; γ)
−

∑
x̸=z

u
(γ)
t (x, z|y)pt(z)p

γ
t (y|z)

Zt(y; γ)

=
∑
x ̸=z

[ pt(y|z)
pt(y|x)

]γ
ut(z, x)

pt(x)p
γ
t (y|x)

Zt(y; γ)
−

∑
x ̸=z

[pt(y|x)
pt(y|z)

]γ
ut(x, z)

pt(z)p
γ
t (y|z)

Zt(y; γ)

=
∑
x ̸=z

ut(z, x)
pt(x)p

γ
t (y|z)

Zt(y; γ)
−

∑
x ̸=z

ut(x, z)
pt(z)p

γ
t (y|x)

Zt(y; γ)

=
pγt (y|z)
Zt(y; γ)

∂tpt(z) + pt(z)
∑
x ̸=z

ut(x, z)
[pγt (y|z)− pγt (y|x)]

Zt(y; γ)

̸= pγt (y|z)
Zt(y; γ)

∂tpt(z) + pt(z)∂t

[ pγt (y|z)
Zt(y; γ)

]
= ∂tp

(γ)
t (z|y).

Therefore, in this case, we cannot sample from p
(γ)
1 with the transition rate u

(γ)
t ; for empirical

results, see the simulations in Section 4.1. When γ = 1, the Kolmogorov forward equation holds,
since

pt(z)∂t

[ pγt (y|z)
Zt(y; γ)

]
= pt(z)∂t

[pt(z|y)
pt(z)

]
= ∂tpt(z|y)− pt(z|y)

∂tpt(z)

pt(z)

= −
∑
x

Qt(z, x)pt(x|y) +
pt(z|y)
pt(z)

∑
x

Qt(z, x)pt(x)

= −
∑
x ̸=z

[
Qt(z, x)pt(x|y)−

pt(z|y)
pt(z)

Qt(z, x)pt(x)
]

= pt(z)
∑
x ̸=z

ut(x, z)
[pt(y|z)− pt(y|x)]

p(y)
,

where Qt is the transition rate that can generate pt(x|y) and pt(x) from t = 1 to t = 0.

In contrast, as demonstrated in Theorem 2, the rate-based guidance

u
(γ)
t (z, x|y) =

[Ep1|t(x1|z)p
γ
1(y|x1)

Ep1|t(x1|x)p
γ
1(y|x1)

]
ut(z, x) (19)

allows us to sample from the guided distribution p
(γ)
1 with the probability path p

(⋆,γ)
t (x|y) ∝∑

x1
p1(x1)p

γ
1(y|x1)pt|1(x|x1). The difference between the proposed rate-based guidance (equa-

tion 19) and the predictor guidance (equation 18) in discrete state space is similar to that between
the exact guidance and the classifier guidance in continuous state space; see Lemma 4.10 of Zhang
et al. (2025).
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Guidance of Discrete Flow Matching

Density Ratio
5 0# = 2(0#)/3(0#)

To generate target distribution q(!) given a pre-trained discrete flow matching model "!|#$ (!!$|!) on distribution p(!)

Pre-trained model
3#|!% (0#%|0)

Conditional velocity field
,!(., 0|0#)

Target velocity field
,!&(., 0)

!0 ! + ℎ 1

!&'(|& " # = %* " + '&+ ", # ℎ

Guidance
ℎ!(.)/ℎ!(0)

Source velocity field
,!"(., 0)

Figure 4: Framework of the improved rate-based guidance on discrete flow matching.

F TRAINING AND SAMPLING FOR RATE-BASED GUIDANCE

F.1 TRAINING OBJECTIVE

The rate-based guidance is the following scaler-valued function

ht(x)
△
= Ex1∼p1|t(x1|x)[r(x1)] =

∑
s∈S

hd
t (s, x)p

d
1|t(s, x), for any d ∈ [D],

which is also the minimizer of the following objective:

Lrate
h,p(θ) = Et∼U([0,1]),x1∼p1(x1),xt∼pt|1(xt|x1)

[
hθ
t (xt)− r(x1) log h

θ
t (xt)

]
. (20)

In practice, we can directly use this training objective to avoid additional summation operations.

F.2 SAMPLING

We can construct a new conditional quantity ǔq,d
t (zd,xd

t |xd
1) =

hθ
t (z)

hθ
t (xt)

up
t (z

d,xd
t |xd

1) for zd ̸= xd
t ,

z\d = x\d and ǔq,d
t (xd

t ,x
d
t |xd

1) = −
∑

zd ̸=xd
t
ǔq,d
t (zd,xd

t |xd
1), and then use it instead of uq,d

t in
equation 14. The sampling algorithm can be found in Algorithm 3, and the overall framework is
illustrated in Fig. 4.

G APPLICATION TO THE RL STAGE IN RLHF

G.1 BACKGROUND AND MOTIVATION

In the diffusion language models (e.g. LLaDa, Nie et al., 2025c) and flow-based language models
(e.g. Fudoki, Wang et al., 2025), we can obtain the pretrained model. Recently, existing works
have developed post-training methods to improve preference through DPO (Rafailov et al., 2023)
or RLHF (Ouyang et al., 2022). The main challenge is that the joint posterior predictor cannot
be easily decoupled like AR models. To overcome this issue, some approximation strategies have
been proposed for estimating log probability, such as empirical ELBO approximation (Zhu et al.,
2025) and mean-field approximation (Zhao et al., 2025; Yang et al., 2025). However, these methods
might introduce large approximation errors when the length of the sentence is large. Fortunately, our
discrete guidance can provide a novel framework for alignment of diffusion and flow-based language
models without approximation.

G.2 ROADMAP OF ALIGNMENT FOR FLOW-BASED LANGUAGE MODELS

Designing conditional path and rate. Similar to Wang et al. (2025), in practice, we take metric-
induced probability path with kinetic-optimal conditional transition rate Shaul et al. (2025):

pt|1(o
d
t |od

1) = qt|1(o
d
t |od

1) = softmax(−βtd(od
t ,o

d
1));

up,d
t (zd, xd|od

1) = uq,d
t (zd, xd|od

1) = pt|1(x|od
1)β̇t[d(xd,od

1)− d(zd,od
1)]+ for zd ̸= xd,

(21)
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Algorithm 3 Sampling with Rate-Based Guidance

Require: pretrained posterior p1|t, conditional transition rate up
t (z, x|x1), initial value x0, rate-

based guidance hθ
t , step size h

1: t← 0
2: xt ← x0

3: while t+ h < 1 do
4: for d = 1, . . . ,D do ▷ in parallel
5: Sample xd

1 ∼ pd1|t( · | xt)

6: Calculate ûd,θ
t (s,xd

t |xd
1) =

hθ
t (x

1
t , . . . ,x

d−1
t , s,xd+1

t , . . . ,xD
t )

hθ
t (xt)

up,d
t (s,xd

t |xd
1), s ̸= xd

t

7: λd ←
∑

s̸=xd
t
ûd,θ
t (s,xd

t |xd
1)

8: Sample Zd
jump ∼ U [0, 1]

9: if Zd
jump ≤ 1− e−hλd

then

10: Sample xd
t ∼

ûd,θ
t (·,xd

t |xd
1)

λd

(
1− δxd

t
(·)

)
11: end if
12: end for
13: t← t+ h
14: end while
15: t← t− h
16: for d = 1, . . . ,D do ▷ in parallel
17: Sample xd

1 ∼ pd,θ1|t ( · | xt)

18: end for
19: return x1

where βt is an increasing function of t with β0 = 0, β1 =∞, and d(·, ·) is a metric.

Training guidance model. We can simply extend the unconditional training objective in the previ-
ous section to the following conditional version:

Lh,πref
(θ) + λLh,π∗(θ)

= Et∼U([0,1]),c∼pc,o1|c∼πref ,ot|o1∼pt|1

[ D∑
d=1

hd,θ
t (od

1,ot, c)− exp
(R(c,o1)

τ

)
log hd,θ

t (od
1,ot, c)

]
+ λEt∼U([0,1]),c∼pc,o1|c∼π∗,ot|o1∼qt|1

[ D∑
d=1

log
(∑

s∈S
hd,θ
t (s,ot, c)p

d
1|t(s|c,ot)

)
− log hd,θ

t (od
1,ot, c)

]
.

(22)

Sampling. Given the prompt c, at the current time t, for each d ∈ [D], we first sample od
1 from

qd,θ1|t (o
d
1|c,ot) ∝ hd,θ

t (od
1,ot, c)p

d
1|t(o

d
1|c,ot),

and then sample od
t+h similar to equation 14.

H ADDITIONAL RESULTS

H.1 IMPLEMENTATION DETAILS OF ENERGY-GUIDED SAMPLING

For a fair comparison, we train the guidance models (conditional expectation) using the Bregman
divergence (Equation 11 and Equation 20) without regularization. For the rate-based guidance and
predictor guidance, we take the initial distribution p0 = p

(γ)
0 = δm for efficient sampling, where

m is the mask state. For sampling with the posterior-based guidance, we consider both masked and
uniform initial distributions. We used the mixture probability path and the associated transition rate
(Equation 4) with the cosine time schedule κt = cos2 [π2 (1− t)] in our 2-D experiments, which is
kinetic optimal as mentioned in Shaul et al. (2025).
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Our pretrained model and guidance models are SiLU networks with 3 hidden layers with dimension
256. For training, we use 100,000 datapoints from source data distribution. The optimizer is Adam
with learning rate 1e-4.

H.2 IMPLEMENTATION DETAILS OF MULTIMODAL TASKS

To match the conditional probability path used in Wang et al. (2025), we use metric-induced path
with metric d(f(x), f(z)) = ∥x̃− z̃∥4, where x̃, z̃ are normalized token embeddings which are
taken from the original text embedding layer of Janus-Pro-7B and the image embeddings of Llama-
Gen; for time schedule βt, we set βt = 3( t

1−t )
0.9 as suggested in Shaul et al. (2025).

Our guidance model is a network composed of 6 LLaDA blocks (Nie et al., 2025b) with hidden
dimension 768, a time embedding mapping R to a hidden dimension of 768, a token embedding
mapping each token into a 768-dimensional space.

H.3 EFFECTIVENESS OF REGULARIZATION IN A 2-D EXPERIMENT

In this subsection, we examine the effectiveness of the regularization term in the training objective.
Samples of the source and target distributions are shown in Fig. 5, and the two distributions differ
substantially. We first pretrain a posterior model on the source data, subsequently pretrain a density
ratio model by minimizing the following training objective:

Lr(θ) = −Ex1∼p1(x1) log
( 1

rθ(x1) + 1

)
− Ex1∼q1(x1) log

( rθ(x1)

rθ(x1) + 1

)
.

We then train posterior-based guidance with the proposed training objective Lh,p(θ) + λLh,q(θ),
sweeping λ from 0 to 1 in steps of 0.2. Here, we take the uniform initial distribution. Finally, we
generate samples using Algorithm 2. As presented in Fig. 6, the posterior-based guidance trained
with a large hyperparameter offers a distribution closer to the target distribution.

0 32 64 96 128
d = 1

0

32

64

96

128

d
=

2

Source
Target

Figure 5: Some samples of source and target distributions.

H.4 ADDITIONAL 2-D RESULTS

Additional results on 2-D simulations are provided in Fig. 7, Fig. 8, Fig. 9, Fig. 10, Fig. 11, and
Fig. 12.

H.5 ABLATION STUDY OF THE REGULARIZATION STRENGTH

In Appendix H.5, we present an ablation study on the effect of the regularization strength introduced
in Section 3.3.
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Figure 6: First row: samples generated by posterior-based guidance (64 sampling steps) with different hyper-
parameters in the training objective. The initial distribution is uniform. Second row: density estimation of the
target distribution using posterior-based guidance with different hyperparameters.
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(a) Ground Truth (rings)
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(b) Rate-Based (Masked, Nisonoff et al. (2025))
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(c) Rate-Based (Masked, Ours)
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(d) Posterior-Based (Masked, Ours)
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(e) Posterior-Based (Uniform, Ours)

Figure 7: Comparison of sampling results with different guidance schemes (64 sampling steps) in 2-D experi-
ments. (a) The samples of the guided distribution p

(γ)
1 with different guidance strength γ; (b) the data sampled

by the predictor guidance (Nisonoff et al., 2025) with masked initial distribution; (c) the data sampled by the
proposed rate-based guidance with masked initial distribution; (d) the data sampled by the proposed posterior-
based guidance with masked initial distribution; (e) the data sampled by the proposed posterior-based guidance
with uniform initial distribution.

Table 5: Ablation study of the regularization strength.

Method Single Obj. Two Obj. Counting Colors Position Color Attri. Overall ↑
FUDOKI 96.25 83.84 47.50 91.49 71.00 74.00 77.35
η = 0.1 96.25 90.91 45.00 91.49 68.00 71.00 77.11
η = 0.5 93.75 85.86 52.50 89.36 70.00 77.00 78.08
η = 1.0 92.50 87.88 52.50 92.55 67.00 74.00 77.74

Note: Results are percentages.
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Figure 8: Comparison of sampling results with different guidance schemes in moons.
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Figure 9: Comparison of sampling results with different guidance schemes in 8gaussians.
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Figure 10: Comparison of sampling results with different guidance schemes in 2spirals.
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Figure 11: Comparison of sampling results with different guidance schemes in Checkerboard.

0 8 16 24 320

8

16

24

32 = 0

0 8 16 24 320

8

16

24

32 = 3

0 8 16 24 320

8

16

24

32 = 10

0 8 16 24 320

8

16

24

32 = 20

Ground Truth (swissroll)

0 8 16 24 320

8

16

24

32 = 0

0 8 16 24 320

8

16

24

32 = 3

0 8 16 24 320

8

16

24

32 = 10

0 8 16 24 320

8

16

24

32 = 20

Rate-Based (Masked, Nisonoff et al. (2025))

0 8 16 24 320

8

16

24

32 = 0

0 8 16 24 320

8

16

24

32 = 3

0 8 16 24 320

8

16

24

32 = 10

0 8 16 24 320

8

16

24

32 = 20

Rate-Based (Masked, Ours)

0 8 16 24 320

8

16

24

32 = 0

0 8 16 24 320

8

16

24

32 = 3

0 8 16 24 320

8

16

24

32 = 10

0 8 16 24 320

8

16

24

32 = 20

Posterior-Based (Masked, Ours)

0 8 16 24 320

8

16

24

32 = 0

0 8 16 24 320

8

16

24

32 = 3

0 8 16 24 320

8

16

24

32 = 10

0 8 16 24 320

8

16

24

32 = 20

Posterior-Based (Uniform, Ours)

Figure 12: Comparison of sampling results with different guidance schemes in Swissroll.
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LLM USAGE

In our multimodal understanding experiments, we follow the standard practice of using LLM-as-
a-judge to assess rewards and evaluations based on the question, ground-truth answer, and model
response. LLMs are further used solely for polishing the writing. Importantly, no novel ideas,
analyses, or discoveries are contributed by LLMs.
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