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Abstract

A fundamental dilemma in generative modeling persists: it-
erative diffusion models achieve outstanding fidelity, but at
a significant computational cost, while efficient few-step al-
ternatives are constrained by a hard quality ceiling. This
conflict between generation steps and output quality arises
from restrictive training objectives that focus exclusively on
either infinitesimal dynamics (PF-ODEs) or direct endpoint
prediction. We address this challenge by introducing an
exact, continuous-time dynamics equation that analytically
defines state transitions across any finite time interval ∆t.
This leads to a novel generative paradigm, Transition Mod-
els (TiM), which adapt to arbitrary-step transitions, seam-
lessly traversing the generative trajectory from single leaps
to fine-grained refinement with more steps. Despite having
only 865M parameters, TiM achieves state-of-the-art per-
formance, surpassing leading models such as SD3.5 (8B
parameters) and FLUX.1 (12B parameters) across all eval-
uated step counts. Importantly, unlike previous few-step
generators, TiM demonstrates monotonic quality improve-
ment as the sampling budget increases. Additionally, when
employing our native-resolution strategy, TiM delivers ex-
ceptional fidelity at resolutions up to 4096× 4096.

1. Introduction
Diffusion models have emerged as the dominant paradigm

in visual content generation, producing state-of-the-art re-
sults in various domains [9, 19, 37, 54, 56, 83]. They gen-
erate samples from noise by iterative denoising, a process
that can be formulated as numerical integration of either
the reverse-time Stochastic Differential Equation (SDE) or
the corresponding Probability-Flow Ordinary Differential
Equation (PF-ODE), with related discrete-time solvers [48,
68, 71]. Despite its effectiveness, iterative denoising entails
a large Number of Function Evaluations (NFEs), approx-
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Figure 1. TiM’s superior performance across different NFEs,
resolutions, and aspect ratios. On the GenEval [27] bench-
mark, TiM outperforms Flux.1 models [5, 6] at different NFEs
(top, 1024× 1024), at higher resolutions (middle, 1024× 1024 to
4096× 4096), and diverse aspect ratios (bottom, 2 : 5 to 5 : 2).

imately proportional to the number of integration steps–
leading to increased inference latency and compute cost.

In contrast, recent approaches reduce step counts by
avoiding explicit multi-step integration. Consistency mod-
els [47, 69, 72] impose PF-ODE self-consistency across
different noise levels, while distribution-distillation meth-
ods [44, 63, 64, 84, 91] train students to approximate
teacher distributions with fewer denoising steps. Short-
cut [20], FlowMap [7, 59], and MeanFlow [26, 55] learn
the average velocity (i.e., shortcut) along the flow-matching
trajectory via a self-consistency objective. The principle is
that a single large step should approximate the integral of
multiple smaller instantaneous steps. However, by averag-
ing the entire trajectory on the linear transport, they irre-
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vocably discard the fine-grained local dynamics necessary
for high-fidelity refinement. This leads to performance sat-
uration: while effective for few-step generation, it offers
no gains from additional sampling budget. Moreover, de-
spite strong few-step results, their compute–quality scaling
is weaker than that of high-NFE diffusion models: quality
gains plateau after only a few steps, and asymptotic perfor-
mance remains below traditional multi-step diffusion.

Thus, the entire field converges on a fundamental, yet
flawed, compromise [26, 32, 46, 72, 84]: models either
achieve high fidelity at the cost of computational efficiency
(e.g., diffusion models), or they gain efficiency by sacrific-
ing the very dynamics needed for high-fidelity refinement
(e.g., few-step models). The root of this dilemma is not
architectural, but a learning objective. It stems from a foun-
dational choice in the way these models are taught to gen-
erate. This trade-off is a direct and inevitable consequence
of the chosen granularity of supervision. On the one hand,
local supervision methods that model instantaneous dynam-
ics (such as those consistent with PF-ODE [32, 46, 71])
achieve high accuracy with small step sizes (∆t) and scale
well to many-step generation. However, their performance
significantly degrades in the few-step regimes. On the
other hand, finite-horizon supervision, which models direct
mapping over a fixed interval (such as consistency mod-
els [47, 69, 72]), excels at generating in a few-steps. Yet,
these models see diminishing returns from additional in-
termediate steps unless specifically trained with complex,
multi-interval objectives. This reveals a persistent dilemma:
objectives that model instantaneous dynamics and those
that learn finite-interval mappings, each entail inherent lim-
itations. This motivates the question: What is an appro-
priate learning objective for generative models?

We attempt to answer this question from the following
perspectives:

1) Diffusion training learns a local PF-ODE field whose
numerical integration is accurate only in the small-step limit
∆t→0. As illustrated in Fig. 2 (a), with large steps, the dis-
cretization error dominates; therefore, the objective should
be flexible in terms of step sizes.

2) Few-step objectives supervise an endpoint map but
do not learn a compositional flow: without an approximate
semigroup over time, extra steps induce accumulated errors
rather than refine the generated samples, as in Fig. 2 (b),
causing schedule sensitivity and early saturation. There-
fore, the objective requires consistency along the entire tra-
jectory, where intermediate steps act as refinements along a
single trajectory rather than as deviations onto new ones.

Consequently, we argue that a generative model should
learn a versatile denoising operator, parameterized by the
desired interval ∆t. By learning the transitions between
any state xt to a previous state xt−∆t for an arbitrary ∆t,
the generative models are learning the solution manifold of

the generative process 1 itself. This approach is fundamen-
tally distinct from approximating a differential equation or
a statistical mapping. Inherently, it unifies local and finite-
horizon supervisions, yielding a model that is both a pow-
erful few-step generator and an accurate and refinable inte-
grator. Since the training objective is to learn the transitions
between any state to a previous state, it is named Transition
Models (TiM), which parameterize state-to-state transitions
along the PF-ODE trajectory for arbitrary time intervals.

We validate TiM’s effectiveness through extensive exper-
iments on text-to-image and class-guided image generation.
As shown in Figure 1, TiM shows superior performance
across different NFEs, resolutions, and aspect ratios. On
the GenEval [27] benchmark, our compact 865M parameter
model, TiM, establishes a new state-of-the-art. It achieves
a score of 0.67 with a single function evaluation (1-NFE)
and scales to 0.83 at 128-NFE, outperforming billion-scale
industrial models including SD3.5-Large [19] (8B).

2. Related Work
Diffusion and Consistency Models. Continuous genera-
tive modeling has seen two dominant paradigms. Diffu-
sion models [32, 37, 46] iteratively solve a PF-ODE/SDE,
achieving high quality but requiring many function evalu-
ations (NFEs). In contrast, Consistency Models [72] learn
a direct mapping for few-step generation, but suffer from
performance saturation and complex training requirements
(e.g., pre-training and stabilization [25, 47, 69]). Although
recent methods such as FlowMap [7] and MeanFlow [26]
enable training CM-like models from scratch, they inherit
the same limitation of stagnant quality with more steps.

To break this impasse, we propose a new learning princi-
ple: mastering state transitions over arbitrary time intervals.
This enables the model to function as a robust navigator
on the data manifold, preserving a few-step efficiency while
supporting monotonic refinement by using more steps.
Text-to-Image Generation with Few-steps. Efficient text-
to-image (T2I) sampling is currently dominated by distil-
lation. These methods fall into two main camps: distribu-
tion distillation (e.g. SD-Turbo [63, 64], DMD [84, 85]),
which matches the teacher’s output distribution, and trajec-
tory distillation (e.g., LCM [50], PCM [78]), which mimics
the generation path. Hybrid methods [57] combine both.

All these methods suffer from inherent flaws: 1) reliance
on large, pre-trained teachers, resulting in costly pipelines;
and 2) brittle performance that stagnates or degrades as
sampling steps increase. We bypass these by introducing
TiM, the first T2I generator trained from scratch that mas-
ters arbitrary-step sampling, delivering strong few-step re-
sults that monotonically improve with more computation.

1solution manifold of a generative process is the high-dimensional ge-
ometric surface formed by the collection of all possible generative trajec-
tories that lead from noise to data.
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Figure 2. Illustration of Different Generative Paradigms. While conventional diffusion models learn the local PF-ODE field and few-
step models learn a fixed endpoint map (a single large step), our Transition Models (TiM) are trained to master arbitrary state-to-state
transitions. This approach allows TiM to learn the entire solution manifold of the generative process, unifying the one-step, few-step and
many-step regimes within a single, powerful model.

3. Transition Models
In this section, we first analyze the limitations of PF-

ODE supervision in diffusion models, which constrain the
state transition to a local, infinitesimal interval. To address
the limitations, we generalize diffusion’s local state transi-
tion to an arbitrary-interval state transition, as illustrated in
Fig. 2, from which we derive a novel mathematical identity
that links the state xt, the interval ∆t, and the network fθ.
From this identity, we formulate a training objective that
governs the state transition over any time interval: for ran-
domly sampled pairs of (t,∆t), we train fθ to predict the
target state xt−∆t (or an equivalent representation) of xt.
We further propose two theoretically motivated improve-
ments for stable and scalable training.

3.1. Limitation of PF-ODE Supervision
Given the noise from the Gaussian distribution ε ∼

N (0, I) and the clean data from the data distribution x ∼
pdata(x), the diffusion models learn to map the noise dis-
tribution to the data distribution. Given the time range
t ∈ [0, T ], the forward process utilizes the coefficients
αt and σt, such that xt = αtx + σtε. Song et al. [71]
has proven that the forward process can be described by a
Stochastic Differential Equation (SDE):

dxt = f(xt, t)dt+ g(t)dw, (1)

where w is the standard Wiener process, f(xt, t) = α̇t

αt
xt

is the drift coefficient, and g(t) = 2σtσ̇t − 2 α̇t

αt
σ2
t is the

diffusion coefficient [37, 47, 71, 74]. Anderson [3] and
Song et al. [71] have shown that the forward process can
be reversed by solving the reverse-time SDE from or equiv-

alently the probability flow ODE (PF-ODE)2:

dxt

dt
= f(xt, t)−

1

2
g(t)2∇xt

log pt(xt)

=
dαt

dt
x+

dσt

dt
ε,

(2)

where ∇xt
log pt(xt) = − ε

σt
denotes the score function.

Thus, a diffusion model can be parameterized as
fθ(xt, t) = Fθ(xt, cnoise(t)), where θ denotes the param-
eters of the neural network and cnoise(t) is the time scaling
function. The training objective can be given by:

Ex,ε,t[w(t)d (fθ(xt, t)− (α̂tx+ σ̂tε))], (3)

where α̂t and σ̂t are the diffusion target coefficients, w(t) is
a weighting function, d(·, ·) is a metric function such as L2
loss d(x,y) = ∥x− y∥22.

Despite different transports 3 have instantiate target co-
efficients α̂t and σ̂t, the training objectives are equivalent
to supervising the PF-ODE field 4. During sampling, dif-
fusion models solve this PF-ODE, integrated from t = T
to t = 0 using numerical solvers. To reduce discretization
errors and preserve the learned continuous-time dynamics,
practical solvers [49, 68] typically require a small step size
(i.e., ∆t → 0) or many sub-steps per interval (i.e., high-
order solvers), thus inducing huge NFEs.

2Song et al. [71] have shown that the PF-ODE trajectory has the
same marginal probability as the reverse-time SDE: dxt = [f(xt, t) −
1
2
g(t)2∇xt log pt(xt)]dt+ g(t)dw.

3For convenience, we elaborate the coefficients αt, σt, α̂t, and σ̂t of
different diffusion transports in Tab. 1

4For example, in VE-SDE [71],with coefficients αt = 1, σt = t, the
PF-ODE is: dxt

dt
= ε, and the training objective is −ε. In OT-FM [45],

with αt = 1 − t, σt = t, the PF-ODE is: dxt
dt

= ε − x, which directly
matches the training objective.
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Transport
Diffusion Parameterization Transition Parameterization

cnoise(t) = αt = σt = α̂t = σ̂t =
dα̂t

dt = dσ̂t

dt = Bt,r =
dBt,r

dt =

OT-FM [45] t 1− t t −1 1 0 0 r − t −1
TrigFlow [47] t cos(t) sin(t) − sin(t) cos(t) − cos(t) − sin(t) sin(r − t) − cos(r − t)

EDM [37] 1
4 ln(t)

1
t2+σ2

d

t√
t2+σ2

d

t

σd

√
t2+σ2

d

− σd√
t2+σ2

d

Eq. (33) Eq. (34) Eq. (35) Eq. (36)

VP-SDE [32] (T − 1)t 1
β2
t+1

βt√
β2
t+1

0 1 0 0 βr−βt√
β2
r+1

−1√
β2
r+1
· dβt

dt

VE-SDE [71] ln( 12 t) 1 t 0 −1 0 0 t− r 1

TiM (Ours) t cos(π2 t) sin(π2 t) −1 1 0 0
sin(π

2 (r−t))

sin(π
2 t)+cos(π

2 )t −
√
2 sin(π

2 r+π
4 )

2 sin(πt)+2

Table 1. Transition parameterization for different diffusion transports. For VP-SDE, T is set to 1000, and βt =

√
e

1
2
βdt

2+βmint − 1,
where βd = 19.9 and βmin = 0.1 by default. Song et al. [71] proves that VP-SDE equals DDPM [32] while VE-SDE equals score
matching [70]. The EDM transition parameterization is too complex, so we provide them in Eqs. (33) to (36) in the Appendix.

3.2. State Transition
The derivation begins with the general mathematical form
for a state transition between points (xt,xr) on a PF-ODE
trajectory, as given in Eq. (6). The central principle is to
treat this form not as a numerical approximation but as an
exact identity that must hold for any interval ∆t = t − r.
Therefore, it allows us to formulate a general state transi-
tion dynamic (Eq. (8)) that is valid across any interval. Con-
sequently, the model’s training objective is no longer con-
strained to approximating a local solution of the PF-ODE.
Instead, it is trained to learn the entire solution manifold of
the generative process. By internalizing this global struc-
ture, the model inherently acquires the ability to perform in-
ference over arbitrary step sizes, from large, single leaps to
fine-grained, iterative refinement. We illustrate our deriva-
tion process step-by-step as follows.
State Transition Approximation. Given xt = αtx+ σtε,
a diffusion model fθ(xt, t) is optimized towards the target
α̂tx+ σ̂tε, leading to the x-prediction and ε-prediction:

x̂ =
σ̂txt − σtfθ(xt, t)

σ̂tαt − α̂tσt
, ε̂ =

αtfθ(xt, t)− α̂txt

σ̂tαt − α̂tσt
. (4)

Using the prediction x̂ and ε̂, the arbitrary previous state
xr (r < t) can be approximated as:

xr = αrx̂+ σrε̂

=
(αrσ̂t − σrα̂t)xt + (σrαt − αrσt)fθ(xt, t)

σ̂tαt − α̂tσt
.

(5)

This represents the general form of a first-order state transi-
tion approximation on the PF-ODE Trajectory.
State Transition Identity. In contrast to diffusion mod-
els, which approximate Eq. (5) in the limit as ∆t →, our
transition models learn an exact state transition function
fθ(xt, t, r) = Fθ(xt, cnoise(t), cnoise(r)) between any two
states xt and xr. Introducing fθ(xt, t, r) to Eq. (5), we
obtain the following equation:

xr =
αrσ̂t − σrα̂t

σ̂tαt − α̂tσt
xt +

σrαt − αrσt

σ̂tαt − α̂tσt
fθ(xt, t, r). (6)

Here, we define At,r := αrσ̂t−σrα̂t

σ̂tαt−α̂tσt
, Bt,r := σrαt−αrσt

σ̂tαt−α̂tσt
,

and fθ,t,r := fθ(xt, t, r) for simplicity. Our target is to
make Eq. (6) hold for any ∆t, so the case is: given r, fθ,t,r

can transit any state xt to the same state xr. Considering
that r is independent of t, we differentiate both sides with
respect to t and rearranging the equation, which yields:

dxr

dt
=

d

dt
(At,rxt +Bt,rfθ,t,r) =⇒

xt
dAt,r

dt
+At,r

dxt

dt
= −fθ,t,r

dBt,r

dt
−Bt,r

dfθ,t,r

dt
,

(7)

which can be further simplified as follows5:

d(Bt,r · (α̂tx+ σ̂tε− fθ,t,r))

dt
= 0 =⇒

(α̂tx+ σ̂tε− fθ,t,r︸ ︷︷ ︸
PF-ODE supervision

)
dBt,r

dt
+Bt,r

d(α̂tx+ σ̂tε− fθ,t,r)

dt︸ ︷︷ ︸
time-slope matching

= 0.

(8)
We denote Equation (8) as the State Transition Identity, a

product-derivative invariant. The State Transition Identity,
d
dt (Bt,r · h(t)) = 0, where h(t) = α̂tx + σ̂tε − fθ,t,r

is the instantaneous residual, imposes a powerful three-fold
constraint on the generative model fθ.
• Implicit Trajectory Consistency: Identity dictates that

the weighted residual Bt,rh(t) must be constant for any
starting time t satisfying t > r, leading to the same tar-
get xr. This directly enforces trajectory consistency: the
direct map (t → r) must be equivalent to any composi-
tion of intermediate steps, such as (t → s) ◦ (s → r).
This property (Eq. (8) ), absent in standard consistency
models, is the core mechanism that makes TiM robust to
sampling schedules and enables monotonic refinement.

• Time-Slope Matching: Unpacking the product rule re-
veals that ( d

dtBt,r)h(t) +Bt,r(
d
dth(t)) = 0. Unlike con-

ventional diffusion training, which only minimizes the

5As r is independent of t, we have dxr
dt

= 0. The complete derivation
is detailed in the Appendix A.1.
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residual’s value (h(t) → 0), our objective incorporates
a time-slope term d

dth(t) and minimizes the joint term.
This higher-order supervision compels the model to learn
a smoother solution manifold, preserving coherence dur-
ing large-step sampling and ensuring stable refinement
with smaller steps.

• Boundary Condition: When r → t, the transition
weight vanishes: Bt,r → 0. the transition degenerates
to the PF-ODE supervision case, i.e., limt→r fθ,t,r →
α̂tx + σ̂tε. This boundary case ensures that TiM re-
mains fully compatible with conventional PF-ODE objec-
tives while naturally extending them to finite time inter-
vals. Consequently, the proposed formulation bridges in-
finitesimal supervision and large-step consistency under a
unified identity constraint.
Derived from State Transition Identity (Eq. (8)), we ob-

tain the learning target f̂ :

f̂ = α̂tx+ σ̂tε+
Bt,r

dBt,r

dt

(
dα̂t

dt
x+

dσ̂t

dt
ε−

dfθ−,t,r

dt

)
, (9)

where θ− is the fixed network parameter θ without gradient
and

dfθ−,t,r

dt is the time derivative of the network.
Transition Parameterization. This derivation culminates
in a universal parameterization framework. Its universal-
ity is directly derived from the State Transition Identity
(Eq. (8)). To ensure that this identity is theoretically valid
and leads to a well-defined learning target (Eq. (9)), we as-
sume that: 1) the transport coefficients (αt, σt, α̂t, σ̂t) are
continuously differentiable, i.e., αt, σt, α̂t, σ̂t ∈ C1(0, T );
2) the transition network fθ(xt, t, r) is differentiable with
respect to t for any (xt, r); 3) the scalar coefficient Bt,r

satisfies dBt,r

dt ̸= 0 for all (t, r) ∈ (0, T )2.
Under these assumptions, the identity holds, establish-

ing a theoretically complete formulation that is not an in-
finitesimal approximation but an exact identity valid for
any arbitrary time interval (t, r). This formulation decou-
ples the learning of the transition function fθ from the spe-
cific choice of transport coefficients. This decoupling lib-
erates the model from learning a single, fixed generative
dynamic. Instead, it provides the fundamental, transport-
agnostic foundation necessary to enable the design of novel,
more expressive transports for complex dynamics where
standard PF-ODEs may falter. To demonstrate this gen-
erality, Tab. 1 summarizes how our universal formulation
encapsulates and extends existing diffusion transports. We
perform a holistic analysis of the effects of transports on the
modeling of generative dynamics in the Appendix Tab. 11.

3.3. Scalability and Stability in TiM Training
Remark 1: Making TiM Training Scalable.

A critical challenge in implementing our training target
(Eq. (9)) is the computation of the network’s time deriva-
tive,

dfθ−,t,r

dt . Prior work, such as MeanFlow [26, 55, 59]

Method Operator Training FID
FLOPs Latency Throughput Memory NFE=1 NFE=8 NFE=50

(G) (ms) (/s) (GiB)

JVP 48.29 213.14 1.80 14.89 49.75 26.22 18.11
DDE 24.14 110.08 2.40 15.23 49.91 26.09 17.99

Table 2. Derivative Calculation Comparison. We utilize a TiM-
B/4 model for latency, throughput, and memory measurement,
with a batch size of 256 on a NVIDIA-A100-40G GPU using
BF16 precision.

and sCM [47], relies on the Jacobian-Vector Product (JVP)
for this task. However, JVP presents a fundamental road-
block to scalability. It is not only compute-intensive but,
more cripplingly, its reliance on backward-mode automatic
differentiation is incompatible with essential training op-
timizations, including FlashAttention [16] and distributed
frameworks of FSDP [88]. This incompatibility has effec-
tively rendered JVP-based methods impractical for training
billion-parameter foundation models.

We break this barrier with the Differential Derivation
Equation (DDE), a principled and highly efficient finite-
difference approximation:

dfθ−,t,r

dt
≈ fθ−(xt+ϵ, t+ ϵ, r)− fθ−(xt−ϵ, t− ϵ, r)

2ϵ
. (10)

As shown in Tab. 2, DDE is not only ∼2× faster than JVP
but, crucially, its forward-pass-only structure is natively
compatible with FSDP. This compatibility transforms a pre-
viously unscalable training process into one ready for large-
scale deployment, making TiM the first model of its kind
practical for from-scratch, billion-parameter pre-training.
Remark 2: Making TiM Training Stable.

In addition to scalability, a key challenge in training with
arbitrary intervals is managing gradient variance. For exam-
ple, transitions over very large intervals (∆t→ t) are easier
to make loss spikes. To mitigate this, we introduce a loss
weighting scheme that prioritizes short-interval transitions,
providing a more stable learning signal.

The weighting function, w(t, r), is a composition of a
time-warping function τ(·) and a kernel function k(·, ·):

w(t, r) = k(τ(t), τ(r)). (11)

Here, τ(·) is a monotonic function that re-parameterizes
the time axis. For our final model, we use a tangent space
transformation, which effectively stretches the time domain,
yielding the specific weighting:

w(t, r) = (σdata + tan(t)− tan(r))−
1
2 , (12)

where σdata is the standard deviation of the clean data.
Final Learning Objective. Our framework culminates in a
scalable and stable learning objective. We train the network
fθ to predict the dynamic target f̂ in Eq. (9). Weighted by
the interval function w(t, r), the final objective is:

Ex,ε,t,r

[
w(t, r) · d

(
fθ(xt, t, r)− f̂

)]
. (13)
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Model Param. NFE GenEval DPGBench
Overall↑ 1-Obj. 2-Obj. Count. Colors Pos. Attr. Overall↑ Global Entity Attribute Relation Other

Autoregressive Models
GPT-4o [1] - - 0.84 0.99 0.92 0.85 0.92 0.75 0.61 - - - - - -
Emu3-Gen [80] - - 0.54 0.98 0.71 0.34 0.81 0.17 0.21 80.60 85.21 86.68 86.84 90.22 83.15

Multi-step Diffusion Models
Seedream2.0 [28] - - 0.84 1.0 0.98 0.91 0.94 0.47 0.75 - - - - - -
SD2.1 [58] 865M 100 0.50 0.98 0.51 0.44 0.85 0.07 0.17 63.18 74.63 74.23 75.39 73.49 67.81
SD-XL [56] 2.6B 100 0.55 0.98 0.74 0.39 0.85 0.15 0.23 74.65 83.27 82.43 80.91 86.76 80.41
SD3.5-Medium [19] 2B 100 0.63 0.98 0.78 0.50 0.81 0.24 0.52 84.08 87.90 91.01 88.83 80.70 88.68
SD3.5-Large [19] 8B 128 0.69 0.99 0.89 0.67 0.81 0.24 0.56 83.99 85.62 89.36 87.57 93.00 81.30
SANA-1.5 [82] 4.6B 40 0.81 0.99 0.93 0.86 0.84 0.59 0.65 83.44 84.49 89.32 87.58 93.19 79.60
FLUX.1-Dev [5] 12B 128 0.65 0.98 0.79 0.69 0.76 0.21 0.48 83.57 82.26 90.40 87.33 92.49 78.94

Few-step Distilled Diffusion Models
SDXL-LCM [50] 2.6B 8 0.40 0.97 0.50 0.12 0.67 0.09 0.07 - - - - - -
SDXL-Turbo [64] 2.6B 8 0.50 0.99 0.75 0.07 0.89 0.11 0.20 - - - - - -
SANA-Sprint [15] 1.6B 8 0.72 1.0 0.88 0.56 0.87 0.56 0.47 81.55 86.39 88.03 86.21 93.00 74.68
SD3.5-Turbo [63] 8B 8 0.66 0.99 0.81 0.62 0.79 0.25 0.48 79.03 80.12 86.13 84.73 91.86 78.29
FLUX.1-Schnell [5] 12B 8 0.67 0.99 0.90 0.60 0.75 0.27 0.50 84.94 86.62 90.82 88.35 93.45 82.00

Transition Models
1 0.67 0.98 0.75 0.52 0.80 0.54 0.44 74.93 82.98 83.64 83.54 91.99 63.20

TiM 865M 8 0.76 0.99 0.87 0.61 0.88 0.63 0.61 81.30 82.01 88.31 87.81 93.37 70.80
128 0.83 1.0 0.91 0.73 0.91 0.73 0.71 81.62 82.37 88.78 88.54 93.31 76.40

Table 3. System-level quality comparison of TiM and SOTA methods on GenEval and DPGBench benchmarks. In the table, 1-NFE
denotes a single sampling step; 8-NFE corresponds to four sampling steps with CFG, and other multi-NFE follow the same convention.
Compared with multi-step diffusion models and few-step distilled models, TiM offers any-step generation, delivering strong few-step
performance and exhibiting consistent, stable improvements as NFE increases.

Method NFE Aspect Ratio Resolution
2 : 5 9 : 16 2 : 3 3 : 2 16 : 9 5 : 2 1280 1536 2048 2560 3072 4096

SD3.5-Turbo [63] 8 ✗ 0.53 0.60 0.58 0.30 ✗ 0.61 ✗ ✗ ✗ ✗ ✗
FLUX.1-Schnell [6] 8 0.57 0.61 0.63 0.62 0.59 0.57 0.64 0.58 0.46 0.14 ✗ ✗
TiM 8 0.55 0.58 0.63 0.64 0.58 0.56 0.70 0.61 0.49 0.48 0.45 0.39

SD3.5-Large [19] 32 0.25 0.48 0.60 0.57 0.16 ✗ 0.63 ✗ ✗ ✗ ✗ ✗
FLUX.1-Dev [5] 32 0.48 0.59 0.62 0.60 0.59 0.57 0.62 0.58 0.49 0.27 ✗ ✗
TiM 32 0.66 0.67 0.72 0.72 0.62 0.64 0.75 0.69 0.63 0.62 0.59 0.53

Table 4. Benchmarking resolution generation capabilities on GenEval Benchmark. For aspect ratio generalization, the exact resolu-
tions are: {1024 × 2560, 1024 × 1856, 1024 × 1536, 1536 × 1024, 1856 × 1024, 2560 × 1024}. ✗: when GenEval score falls below
0.10, we interpret it as evidence that the model fails to generalize to that resolution.

Model Param. NFE FID↓ CLIP↑
PixArt-α [12] 610M 100 6.14 27.55
SDXL [56] 2.6B 100 6.63 29.03
Playground v2.5 [41] 2.6B 100 6.09 29.13
Hunyuan-DiT [43] 1.5B 100 6.54 28.19
SD3.5-Medium [19] 2B 100 11.92 27.83
SD3.5-Turbo [63] 8B 8 11.97 27.35
SD3.5-Large [19] 8B 32 14.68 27.88
FLUX.1-Schnell [6] 12B 8 7.94 28.14
FLUX.1-dev [5] 12B 32 9.19 27.27

1 6.68 24.80
TiM 865M 8 5.28 26.10

32 5.65 26.31

Table 5. Quality comparison on MJHQ30K benchmark.

This learning objective generalizes the standard PF-ODE
supervision to arbitrary state-to-state transitions. The prac-
tical implementation, enabled by our efficient DDE calcu-
lation, is detailed in Algorithm 1 in the Appendix.

Method NFE=1 NFE=8 NFE=32 NFE=128

SD3.5-Turbo [63] 0.50 0.66 0.70 0.70
FLUX.1-Schnell [6] 0.68 0.67 0.63 0.58
SD3.5-Large [19] 0.00 0.50 0.69 0.70
FLUX.1-Dev [5] 0.00 0.40 0.64 0.65

TiM 0.67 0.76 0.80 0.83

Table 6. Benchmarking generation quality across NFEs on the
GenEval benchmark (score↑). We compare a single TiM model
against diffusion models (i.e., SD3.5-Large and FLUX.1-Dev) and
distilled models (i.e., SD3.5-Turbo and FLUX.1-Schnell).

4. Experiments
4.1. Setup
We use SD-VAE [58] for ImageNet-256 experiments and
DC-AE [13] for text-to-image (T2I) experiments. For T2I
generation, we use 33M images from public datasets [2,
11, 14, 17, 35, 65–67]. We train the model with 865M pa-
rameters for about 30 days using 16 NVIDIA-A100 GPUs.
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TiM (Ours)
865M

SD3.5-Turbo
8B

FLUX.1-Dev
12B

FLUX.1-Schnell
12B

SD3.5-Large
8B

SDXL
2.6B

SDXL-Turbo
2.6B

NFE=1

NFE=8

NFE=32

NFE=128

Fantasy, a majestic sky filled with stars and galaxies, over looking a serene lake.

Exotic Shorthair cat on a cloud in heaven, stream, coquettish, immortal, fluffy, shiny fur, petals, Fairy tale.

Photography, portrait headroom, a 14th Century Alchemist with a short beard and dark eyes wearing tattered gray cloak, devious, powerful, Autumn background.

Extreme closeup portrait of a wolf in the swedish mountains at sunset life style stock image popular no text prompt trend. pinterest contest winner.

Figure 3. Qualitative Analysis between TiM and existing methods under different NFEs. TiM delivers superior fidelity and text
alignment across all NFEs. In contrast, multi-step diffusion and few-step distilled models exhibit pronounced step–quality trade-offs:
SDXL, SD3.5-Large, and FLUX.1-Dev fail to generate images at low NFEs, while SDXL-Turbo, SD3.5-Turbo, and FLUX.1-Schnell
produce over-saturated outputs at high NFEs.

Method Epochs Params NFE FID↓
Generative Adversarial Networks
BigGAN [8] - 112M 1 6.95
GigaGAN [36] - 569M 2 3.45

Multi-step Diffusion Models
Flag-DiT-3B [21] 200 4.23B 500 1.96
Large-DiT-3B [21] 340 4.23B 500 2.10
DiT-XL [54] 1400 675M 500 2.27
SiT-XL [51] 1400 675M 500 2.06

Few-step Consistency Models
MeanFlow-XL [26] 240 675M 1 3.43

2 2.93
iCT-XL [69] - 675M 2 20.30
Shortcut-XL [20] 250 675M 2 10.60
IMM-XL [90] 3840 675M 2 7.77

Any-step Transition Models
TiM-XL 300 675M 1 3.15

2 2.47
100 1.68

Table 7. Comparison on ImageNet-256 generation.

Gemma3-1B-it [76] is utilized as a text encoder. We re-
port the Number of Function Evaluations (NFE) to quantify
the sampling steps. Classifier-free guidance (CFG) doubles
NFE because each step requires two model evaluations: one

Method NFE=1 NFE=8 NFE=50

Training Objective
(a) Baseline (SiT-B/4 [51]) 309.5 77.26 20.35
(b) TiM-B/4 (w/ JVP) 49.75 26.22 18.11
(c) TiM-B/4 (w/ DDE) 49.91 26.09 17.99
(d) + Improved Transport 46.38 23.54 15.06

Architecture
(e) Shared Time Encoder 79.38 26.23 17.66
(f) Decoupled Time Encoder 46.38 23.54 15.06

Training Strategy (on top of (f))
(g) + Time-weighting 46.31 22.55 14.21

Table 8. Ablation studies of Transition Models on the stan-
dard ImageNet-256 benchmark (FID↓). We analyze the effect
of training objectives, architecture, and training strategies.

conditioned and one unconditioned. We report FID [30]
in ImageNet experiments and report GenEval [27], DPG-
Bench [34] and MJHQ-30K [41] in T2I experiments.
Model Architecture. The model architecture is based on
SiT [51], employing a decoupled embedding strategy with
separate time encoders, ϕt for absolute time t and ϕ∆t for
transition interval ∆t. The final time-conditioning vector is
Et,∆t = ϕt(t)+ϕ∆t(∆t). For class-guided generation, the
class embedding Ec is added to the time embedding, jointly
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modulating the AdaLN layers. For text-to-image gener-
ation, the pathways are separate: time embedding Et,∆t

modulates the AdaLN layers, while textual features from
the prompt are injected via cross-attention mechanisms.
Native-Resolution Training. Previous methods [24, 28,
81] have shown the success of native-resolution training on
resolution generalization; therefore, we adopt this strategy
for text-to-image generation, which preserves the original
image resolution and aspect ratio information. See more
details on T2I training in the Appendix C.1.
Sampling. Since TiM learns the arbitrary state transition
on the diffusion trajectory, it supports arbitrary-step sam-
pling when producing images. Given a set of timesteps
T = {ti}0i=N where tN = T, t0 = 0, we obtain the next
state xtn−1

given the current state xtn based on Eq. (5), as
illustrated in Algorithm 2 in the Appendix.

4.2. Main Results
Text-to-Image Generation. TiM establishes a new state-
of-the-art in performance, efficiency, and flexibility on var-
ious benchmarks (Tabs. 3 to 6). It achieves a SOTA FID
of 5.25 on MJHQ-30K with 8 NFEs. In GenEval, TiM’s
1-NFE performance surpasses 8-NFE distilled models (e.g.
SDXL-Turbo), while its 128-NFE quality rivals closed-
source models. Also validated in Fig. 3, TiM alone shows
a monotonic quality improvement with NFE.6 This unique
scalability of NFE contrasts starkly with competitors like
SD3.5-Large, which collapse after a few steps and FLUX.1-
Schnell, which degrades at many steps. This efficiency is
further proven on DPGBench, where 8-NFE TiM outper-
forms 100-NFE baselines like SDXL. Finally, TiM demon-
strates superior generalization across diverse resolutions
and aspect ratios, validating its more robust design.
Class-Conditioned Image Generation. Our analysis on
the ImageNet-256 evaluates models for quality (FID) and
speed (NFE).7 Tab. 7 shows that multi-step models like
Flag-DiT offer high quality (1.96 FID) but are slow (500
NFE), while few-step methods like Shortcut model sacri-
fice quality (10.60 FID at 2 NFE). TiM excels in both areas,
achieving a leading 1.68 FID at 100 NFE and a 2.47 FID at
2 NFE, resolving the speed-quality trade-off.

4.3. Ablation Studies
We conduct a series of ablation studies to validate our de-
sign choices, building from a standard diffusion baseline
(SiT-B/4 [51] here) to our final TiM configuration. We train
a 131M parameter model on ImageNet-256 for 80 epochs.
In Tab. 8, we report FID at 1, 8, and 50 NFEs, correspond-
ing to single-step, few-step, and multi-step generation8.

6We provide more qualitative results in the Appendix E.
7We also provide the ImageNet-512 results in the Appendix Tab. 14.
81-NFE: single sampling step; 8-NFE: 4 sampling steps with CFG; 50-

NFE: 25 sampling steps with CFG.

Transition Objective. As shown in Table 8 (a vs. c),
switching from the standard SiT objective to our TiM ob-
jective delivers a dramatic improvement in few-step per-
formance, reducing the 1-NFE FID by over 6× (309.5 →
49.91) while maintaining strong many-step quality. Our
proposed DDE method9 (c) achieves this performance while
being far more scalable than JVP (b), making large-scale
training practical. Furthermore, with the improved trans-
port10 in Tab. 1, TiM (d) reduces the FID in all three NFEs,
showing a more effective dynamic modeling capability.
Architectural Design. We next analyze the impact of our
architectural design on the time encoder. Compared with
Shared Time Encoder11 (e), the Decoupled Time Embed-
ding (f) provides substantial gains across all sampling steps,
lowering the 1-NFE FID from 79.38 to 46.38. This demon-
strates that enabling the model to explicitly reason about
both absolute time and the transition interval is complemen-
tary and essential for optimal performance.
Training Strategy. Building on our best architecture (f),
we apply our proposed interval weighting scheme. This fi-
nal step provides a consistent boost across the board (f), fur-
ther refining the model and achieving our best FID scores of
46.31 / 22.55 / 14.21. We conduct an in-depth comparison
of alternative weighting schemes in the Appendix Tab. 12.

5. Conclusion and Limitations
Conclusion. This paper introduces Transition Models
(TiM), a novel generative model that learns to navigate the
entire generative trajectory with unprecedented flexibility.
The success of our compact 865M model in outperform-
ing multi-billion parameter giants is not just a new state-of-
the-art; it is a testament to a more efficient and powerful
paradigm. By achieving monotonic quality improvement
from one step to many, and scaling to ultra-high resolutions,
TiM demonstrates that a unified model is not only possible
but superior. We believe that this work paves the way for a
new generation of foundation models that are at once effi-
cient, scalable, and promising in their creative potential.
Limitations and Future Work. Although TiM delivers a
significant contribution to the fundamental generative mod-
els, ensuring content safety and controllability remains an
open challenge, and model fidelity can degrade in scenar-
ios requiring fine-grained detail, such as rendering text and
hands. We also observe occasional artifacts at high reso-
lutions (e.g., 3072 × 4096), likely attributable to biases in
the underlying autoencoder. In the future, we would scale
up the T2I model with more parameters and larger datasets
to explore scalability. Extending the TiM framework to the
video domain is also a promising direction.

9We provide a detailed analysis of DDE in the Appendix Tab. 10
10We provide a detailed analysis of transports in Appendix Tab. 11.
11Shared Time Encoder means: time t and interval ∆t share the same

time encoder for corresponding embeddings.
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