MANUSCRIPT UNDER REVIEW
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Abstract—Training-free few-step samplers are often described
as nearly quality-lossless under conventional FID/CLIP-style
evaluation. It remains unclear whether that conclusion transfers
to more realistic and complex generation-quality benchmarks. We
first systematize the quality metrics used to evaluate training-free
sampling acceleration for diffusion and flow-matching models.

We find that representative training-free step-shortening meth-
ods often remain nearly lossless under FID/CLIP-class met-
rics, yet can suffer substantial quality degradation when eval-
uated with semantic-composition, dense-instruction, and long-
text-rendering benchmarks such as GenEval, DPG-Bench, and
LongTextBench. Parallel sampling is a notable exception: by
retaining the full-step discretization and removing only the
solver’s temporal dependency, it can preserve near-lossless quality
while accelerating sampling. Building on this observation, we
propose ParaLin++, a step-parity parallel sampler that preserves
the full-step discretization while accelerating the solver iterations.
Experiments across Stable Diffusion-v2, LSUN Church, FLUX.1-
dev, and Ming-Flash-Omni 2.0 show that ParaLin++ preserves
the full-step Euler quality profile at 2.6 x—4.8 x, 1.68 x on FLUX,
and 1.21x on Ming. Project page: https://paralinplus.github.io/.

Index Terms—Diffusion Probabilistic Models, Parallel Sam-
pling, Generative Models, Model Acceleration, Ordinary Differ-
ential Equations, System of Linear Equations.

I. INTRODUCTION

IFFUSION probabilistic models (DPMs) [22], [60] are
Dnow widely used in image and video generation, in-
cluding large flow-matching models such as FLUX [4] and
Ming-Flash-Omni 2.0 [1], with applications from high-fidelity
synthesis [53], [5] to molecular generation [68], [50] and a
broad range of generative tasks [69], [39], [43], [9], [44],
[70], [37]. In practical use, sampling cost is a dominant
inference bottleneck: each high-resolution sample requires a
long sequence of neural function evaluations (NFEs), and
the latency of this sequential trajectory constrains serving
throughput, inference cost, and on-device feasibility.
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The reference discretization of a DPM is a fixed N-step
ODE/SDE integrator, typically Euler with N=30 steps for
flow-matching models. Accelerating this pipeline has followed
two structurally different routes, alongside a broader landscape
of training-free speedups [16], [75], [17], [13], [39], [47]. The
first route shortens the discretization: high-order or few-step
training-free solvers such as DDIM [57], DPMSolver [41],
[42], and UniPC [73], together with distillation/consistency
approaches [54], [58], [35], [38], cut the step count at the cost
of changing the discretized trajectory. The second route re-
moves solver latency instead: parallel sampling refines many
time points concurrently, beginning with Picard iteration in
ParaDiGMS [56] and progressing through triangular [62] and
banded [45] nonlinear solvers, recently made NFE-efficient
by the partial-linear formulation of ParaLin [46]. These two
routes buy speed from different places: the first spends fewer
integration steps, the second spends parallel compute to erase
the solver’s temporal dependency.

The decisive axis of a training-free accelerator is the
metric that certifies it “quality-lossless,” not the speed
lever it uses. Much of the literature uses distributional
and coarse text-alignment proxies—FID measures closeness
of the generated distribution to a reference, while CLIP
measures coarse prompt-image embedding similarity. Post-
trained text-to-image models, however, are often judged on
a broader generation-quality profile: semantic composition
(GenEval [15]), dense instruction following (DPG-Bench [23]),
and long in-image text rendering (LongTextBench [14]). A
step-shortening strategy that looks lossless under FID can still
alter the prompt-conditioned trajectory and produce a failed
generation, because it changes the discrete trajectory on which
prompt and text fidelity depend even when the marginal image
distribution is preserved. We therefore focus on step-parity
parallelization: keep the complete fixed-step system, but solve
its coupled integration equations in parallel so that latency is
removed without changing the discretization on which prompt-
level and in-image text fidelity depend.

Our contributions. We make the following contributions.

1. A metric systemization and motivating finding. We sys-
tematize the quality metrics used to evaluate training-free
sampling acceleration for diffusion and flow-matching models.
Table I enumerates the evaluation protocols of a broad set
of samplers—DDPM, DDIM, DPM-Solver, DPMSolver++,
DPM-Solver-v3, UniPC, distillation and consistency methods,
ParaDiGMS, ParaSolver, Paral.in, and ours—and shows that
acceleration claims are usually certified by FID/CLIP-class
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TABLE I
QUALITY METRICS USED TO EVALUATE TRAINING-FREE
DIFFUSION/FLOW-MATCHING ACCELERATION IN THE LITERATURE AND IN
THIS WORK. “DIST.” = DISTRIBUTIONAL, REFERENCE-BASED METRICS OF
THE FID cLAsSS (FID, SFID, CLEAN-FID, IS, PRECISION—RECALL);
“T2I-ALIGN.” = TEXT-IMAGE ALIGNMENT METRICS (CLIP SCORE,
CLIP-FID); “COMPLEX” = GENERATION-QUALITY BENCHMARKS THAT
ASSESS SEMANTIC COMPOSITION, DENSE INSTRUCTION FOLLOWING, OR
IN-IMAGE TEXT RENDERING. THE ACCELERATION LITERATURE USUALLY
STOPS AT DISTRIBUTIONAL/TEXT-ALIGNMENT PROXIES, WHEREAS THIS
WORK ADDS A QUALITY-FOCUSED AUDIT. v//X: METRIC REPORTED / NOT
REPORTED BY THE METHOD’S OWN EVALUATION.

Method

DDPM [22]

DDIM [57]
DPM-Solver [41]
DPMSolver++ [42]
DPM-Solver-v3 [76]
UniPC [73]

Euler (flow reference)
Prog. distillation [54]
Consistency model [58]
InstaFlow [39]
ParaDiGMS [56]
ParaTAA [62]
ParaSolver [45]
ParaLin [46]
ParaLin++ (ours)

Dist. T2I-align. Complex

SSNANSNANRNSNANSNSNANANANAN
SN XX AUXNX N XN XXX
NX X X X X X X X X XX XXX

metrics. These metrics measure statistical alignment or coarse
prompt—image similarity; they do not directly measure seman-
tic composition, dense instruction following, or in-image text
rendering. Throughout, “complex generation quality” refers
specifically to these three measurable axes rather than to an
exhaustive definition of generation quality. Prior FID-oriented
evaluations of DDIM, DPMSolver, DPMSolver++, and UniPC
often report that few-step configurations remain close to the
reference distribution [57], [41], [42], [73]. Together with
Table VI, this literature motivates a stricter audit: a 16-step
DPMSolver++ configuration loses 21%-24% GenEval, 6.5—
8.2 DPG-Bench points, and 67%-70% LongTextBench. Thus,
the usual quality-lossless claim does not automatically transfer
from FID/CLIP-style evidence to complex generation-quality
benchmarks.

2. A stronger step-parity parallel solver, ParaLin++. We
build the strongest available realization of the step-parity route
to test how far this route reaches. Starting from Paralin’s
o-nonlinear partial-linear system, we add an adaptive nonlin-
earization iteration, a successive-over-relaxation (SOR) update
for both nonlinear and linear blocks, a sliding window, and an
adaptive stopping rule based on relative historical errors and
an exponential moving average. We prove that the SOR update
is stable for 0 < w < 2/(1+ L) (contraction factor L < 1) and
that the system admits the sequential trajectory as its unique
convergent root.

3. A quality—speed audit on realistic generation benchmarks.
We evaluate Stable Diffusion-v2, LSUN Church, FLUX.1-
dev, Ming-Flash-Omni 2.0, five CFG values, three complex-

generation benchmarks, visual comparisons, and ablations.
Our key lessons are:

1) FID/CLIP agreement does not imply generation-quality
preservation. On FLUX, a 1.8x few-step claim that is
valid under FID coincides with a 21%-24% GenEval
drop, a 6.5-8.2 DPG-Bench point drop, and a 67%-70%
LongTextBench drop—an operational failure the standard
evaluation hides.

2) Step-parity keeps the reference profile. Keeping all 30
steps and parallel-solving gives 1.68x on FLUX and
1.21x on Ming-Flash-Omni 2.0 with an Euler-level
generation-quality profile (0.64 vs. 0.66 GenEval, 84.24
vs. 83.97 DPG, 0.26 vs. 0.27 LTB), and 2.6x-4.8x on
Stable Diffusion-v2/LSUN Church.

3) Guidance sharpens the quality gap. Across CFG 0-14,
the completed DPG-Bench matrix shows ParaLin++ track-
ing Euler closely (82.18-84.24 vs. 82.25-83.97) while
20-step UniPC/DPMSolver++ drop to 68.85-79.67.

4) Report iterations and generation-quality metrics, not only
FID. A speedup claim should separate discrete steps
from solver iterations/NFE and be measured against
the same-CFG 30-step Euler reference on a generation-
quality benchmark; FID-only evidence is not sufficient to
establish quality preservation.

Implications of our study. Representative training-free step-
shortening methods can appear nearly lossless under FID/CLIP
yet show substantial degradation on more realistic and complex
quality benchmarks. This argues for reporting generation-
quality results alongside FID and for treating step-parity par-
allel sampling as an exception that can preserve near-lossless
quality while accelerating sampling.

The remainder of this paper is organized as follows. Sec-
tion II provides the necessary background and reviews existing
training-free accelerators. Section III systematizes the quality
metrics used to evaluate training-free acceleration and shows
that FID-matched step shortening can incur large quality degra-
dation on complex-generation benchmarks. Section IV first
reviews ParaLin’s partial-linear reformulation and then designs
the stronger parallel solver ParaLin++ (Section IV-B). Sec-
tion V reports the quality—speed audit on complex-generation
benchmarks and ablations. Section VI concludes this paper.
Complete derivations and proofs of the propositions in Sec-
tion IV are provided in Appendices A-D of the separate
supplementary material.

II. BACKGROUND

Sequential Integral Solvers. The forward diffusion process
degrades a clean image X7 into random noise X according
to the stochastic differential equation (SDE)

dX; = f(t)X; dt + g(t) dW, €))
where dW is the standard Wiener process. This induces a
marginal distribution X; ~ A (a;Xr, 0,I) with noise sched-
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ules a; and o;. Generation reverses the process through the
reverse-time SDE

dXy = [f(t)X: — g°(t)Vx, log p(Xy) | dt + g(t) W, (2)

~r - ~~
W(Xt )t) It

~

where a neural network Sy(-) approximates the score. Let
®(t,s,X;) denote the integral solution of Eq. (2) over [s,t]:
¢ t

D(t,s,X,) = X, + J or dW.

S

(X, 7)dr +J 3)

Parallel Integral Solvers. ParaSolver [45] provides a uni-
fied framework for sequential and parallel sampling. Given a
trajectory divided into N sub-intervals 0 = tp < t; < --- <
ty =T, it forms the banded nonlinear system

Xt — P(tni1,tn, Xe,) =0, ne{0,1,...,N—1}.
4
Starting from an initial estimate, the concatenated state is
updated by

n+1

& (k+1 & (k o (k
XgoiN) = Xgo:)tj\r - g(k)Rgo:)tj\ﬂ (5)
where Rgf) = 0 and R§f’+1 = ngll —D(tns1,tn, ng)) The

solver matrix G(¥) selects the algorithm: G k) =1 gives fixed-
point iteration [6], while gk = (7 (k))*1 gives Newton—
Raphson iteration [30]. ParaLin [46] reduces the NFE burden
of these fully nonlinear alternatives by exploiting the partial
linearity of the integral solver.

A. Existing Training-Free Accelerators

Step-parity temporal parallelization. Parallel sampling
removes the temporal dependency of a fixed-step diffu-
sion integrator by refining multiple time states concurrently.
ParaDiGMS [56] introduced this direction through Picard—
Lindelof fixed-point iteration; Self-Refining Diffusion Sam-
plers [55] use Parareal iterations; ParaTAA [62] formulates
a triangular nonlinear system; and ParaSolver [45] improves
efficiency through banded and hierarchical parallelization.
CHORDS [19] further treats multi-core sampling as a hierar-
chy of increasingly accurate solvers, whereas ParaAnya [71]
uses a plug-and-play output cache to avoid repeated evalua-
tions at overlapping timesteps. These methods reinforce the
same trade-off as ParaDiGMS: additional parallel compute
replaces sequential time, rather than coarsening the integration
grid. ParaLin [46] reduces the NFE overhead of fully nonlinear
iterations by exploiting partial linearity; Paralin++ strengthens
this solver with adaptive nonlinearization, over-relaxation, and
adaptive stopping.

A closely related but distinct solver is EPD [78], which
evaluates multiple gradient directions concurrently inside each
ODE step and learns a small set of solver parameters through
distillation. Unlike step-parity methods, it changes the local
integration rule and requires a lightweight training stage.
Recent theory also cautions against an unconstrained paral-
lelization story: parallel-round lower bounds [31] show that

some distributions necessarily retain polynomial sequential
dependence. Paralin++ is therefore formulated as a practical
fixed-step parallel integrator, not as a claim that all diffusion
sampling can be made depth-free.

Speculative and asynchronous parallelism. A second
parallel family drafts approximate future states and verifies or
refines them in parallel. Diffusion speculative sampling [11]
preserves the target distribution by accepting or correcting
draft proposals; FREE [67] extends this idea to feature-
level autoregression in DiTs; SpecDiff [51] combines self-
speculation with feature caching; and DRiffusion [3] uses a
draft-and-refine process. AsyncDiff [8] instead breaks com-
ponent dependencies through asynchronous denoising. These
methods exploit drafts, verifiers, or stale hidden states, and
thus change the execution graph; ParaLin++ solves the coupled
fixed-step integration system directly and does not introduce
an auxiliary drafter.

Step-shortening solvers and schedules. Classical high-
order ODE samplers shorten the timestep grid [57], [41], [42],
[73]. Recent training-free variants improve this route through
adaptive flow paths [27], multirate integration for the guidance
branch [32], stiffness-aware integration [61], and hierarchi-
cal timestep-schedule optimization [77]. These methods are
relevant baselines for the quality audit, but they still alter
the discretization on which prompt-conditioned trajectories
depend.

Per-step compute reduction and model parallelism. Or-
thogonal accelerators reduce the cost of each denoising evalu-
ation. They include feature and block caching [49], [48], [40],
DiT attention or token sparsification [74], [26], temporal fea-
ture forecasting [36], [ 18], path-planned cache scheduling [10],
and distributed or asynchronous execution [33], [66], [8].
Guidance acceleration [65], trajectory stitching [52], nested
diffusion [12], and minimum-step prediction [72] are likewise
complementary. These systems change the executed network
path or decide when a cheaper computation is acceptable;
ParaLin++ changes neither the timestep grid nor the full-step
denoiser evaluation.

Quality-focused evaluation. The claim that FID/CLIP evi-
dence is insufficient is consistent with the evaluation literature:
TIFA uses visual question answering to test fine-grained
prompt faithfulness [24]; VQAScore and GenAl-Bench target
compositional prompts [34]; and T2I-CompBench++ evaluates
attributes, relations, and numeracy [25]. GenEval 2 addition-
ally warns that static benchmarks can drift as generation mod-
els improve [28]. Our audit therefore interprets GenEval, DPG-
Bench, and LongTextBench as a fixed, reproducible quality
profile rather than as an absolute or exhaustive definition of
generation quality.

III. SYSTEMIZATION OF TRAINING-FREE DIFFUSION
ACCELERATION

We systematize training-free diffusion acceleration through
the quality metrics on which its “quality-lossless” claims rest,
rather than through the speed lever it uses, because FID/CLIP-
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style evidence does not by itself establish preservation on
complex prompts. We first enumerate the evaluation protocols
of the academic acceleration literature (Table I) and identify
what these methods actually measure; we then test represen-
tative few-step quality claims under a generation-quality audit
and find substantial degradation (Section V, summarized in
Table VI).

A. Quality Metrics in the Training-Free Acceleration Litera-
ture

Table I surveys the quality metrics used to evaluate a
broad set of training-free samplers and their close relatives,
from DDPM and DDIM through high-order solvers (DPM-
Solver, DPMSolver++, DPM-Solver-v3, UniPC) and distilla-
tion/consistency methods, to parallel samplers (ParaDiGMS,
ParaTAA, ParaSolver, Paralin) and our ParaLin++. Two pat-
terns are immediate. First, nearly every method is evaluated
with distributional and text-alignment metrics only: FID (and
its variants sFID, clean-FID) measures closeness of the gen-
erated distribution to a reference distribution, while CLIP
score/CLIP-FID measures coarse prompt—image embedding
similarity, and a handful additionally report Inception-based di-
versity (IS, Precision—Recall). These quantify statistical align-
ment—whether the marginal image distribution or the prompt—
image embedding stays close to a reference—not whether a
specific generated sample succeeds at semantic composition,
dense instruction following, or long-text rendering. Second,
few methods explicitly audit these generation-quality dimen-
sions. Recent large-scale models such as FLUX [4] and Ming-
Flash-Omni 2.0 [1], in contrast, report GenEval-, DPG-Bench-
, and LongTextBench-style numbers, whereas FID/CLIP are
scarce or absent in their evaluation reports. A sampler certified
only by FID/CLIP-style metrics can therefore appear lossless
while remaining fragile on complex prompts.

B. A Realistic Quality Audit of Training-Free Accelerators

The metrics gap is not cosmetic. We further test the same
training-free accelerators under the generation-quality profile—
GenEval, DPG-Bench, and LongTextBench—on the high-
capacity FLUX.1-dev [4], against the same-CFG 30-step Euler
reference; the result is summarized in Table VI and elaborated
in Section V. Methods advertised as nearly quality-lossless un-
der FID show substantial degradation on the generation-quality
metrics. Prior FID-oriented evaluations support the general
expectation that reduced-step configurations can remain close
to the reference distribution [57], [41], [42], [73]; in our audit,
however, 16-step UniPC and DPMSolver++ cause GenEval
to fall from 0.66 to 0.50-0.52, DPG-Bench from 83.97 to
75.75-77.46, and LongTextBench from 0.27 to 0.08-0.09. An
image distribution can stay FID-plausible while the model
omits requested objects, breaks spatial relations, or renders
unreadable text. Hence, representative training-free few-step
solvers can appear nearly lossless under FID/CLIP yet lose
substantially under realistic, complex quality metrics. Parallel
sampling is an important exception: by preserving the full-step

trajectory, it can retain near-lossless quality while removing
solver latency.

This failure is structural rather than incidental. Step-
shortening solvers (DDIM, DPMSolver++, UniPC) buy fewer
discrete steps by altering the prompt-conditioned trajectory,
and the altered trajectory is what breaks dense-prompt and
text fidelity; FID merely fails to reflect this break because it
overlooks sample-level semantics. Parallel sampling instead
keeps all N discrete steps and removes only the solver’s
temporal dependency, preserving the prompt-conditioned tra-
jectory and the quality that depends on it. We call this the
step-parity route, and ParaLin++ (Section IV-B) is designed
as its strongest realization. The rest of the paper extends the
generation-quality audit (Section V) and strengthens the step-
parity solver (Sections IV-IV-B).

IV. EXPLORING THE SPACE: FROM PARALIN TO
PARALIN++

A. The ParaLin Framework

Parallel solvers reformulate sequential diffusion integration
into the nonlinear system in Eq. (4) and Eq. (5), but denoising
many states in every iteration causes large NFE overhead. The
accepted ParalLin framework [46] addresses this by reducing
fully nonlinear score computation to partially linear operations.
This section briefly recalls that formulation, which serves as
the foundation of ParaLin++.

1) Reformulation of the Sequential Integral Solver: Existing
approaches typically develop parallel solvers based on the
sequential integral formulation in Eq. (3), which results in
a fully nonlinear system of equations in Eq. (4) when
employing the nonlinear score function Sy(-). We reveal that
the sequential integral solver in Eq. (3) can be expressed in
a more elementary form and reduced to a linear solver, as
formally stated in the following Proposition 1.

Proposition 1 (Linear Approximation (Proof in Supplemen-
tary Material, Appendix A)). The sequential integral solver
O(t,8,X;) from Eq. (3) can be decomposed into a linear
solver H and a negligible error term Z,:

O(t,s,Xs) = H(t, s, Xs, Xp(Xs)) + Zs, 6)

where the linear sequential integral solver H(-) is defined as:

At Xy — ayXr(X At
H(-):%Xratf e Xaz aXr(Xs) S)d/\Jrj g(A\)dW,
(o) (PN As

s

)
Here, h = s—t denotes the step size and Ay = log(at/oy) . Un-
der the assumption that the model prediction error is bounded
by C, the decomposition error satisfies || Zs| < Cou (3= — 24),
which is negligible for h < 1.

Remark 1. The small step size h is well-founded in practice.
Theoretically, convergence guarantees for diffusion solvers
strictly require bounded steps (h < 1 [7]), while practically
high-fidelity generation involves more fine discretization (e.g.,
N > 5 steps), ensuring h = 1/N < 0.2 remains small to
render the error negligible. As detailed in Tab. II, this error
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TABLE 11
PRACTICAL ERROR BOUNDS FOR DIFFUSION FRAMEWORKS IN THE EDM
DESIGN SPACE. PARAMETERS FOLLOW TABLE 1 OF [29], WITH
Bmin = 0.1, B4 = 19.9, AND ||Syx (X¢,t) — €¢| < ( FOR A SMALL STEP
SIZEh = s —t < 1. ROWS GIVE THE SCHEDULE SETTINGS, THE 0¢/ct
SUBSTITUTION, AND THE RESULTING BOUND; COLUMNS ARE THE
DIFFUSION FRAMEWORKS.

EDM [29] VE [60] VP [60]
ap =1 ap =1 g =1/\ ezPd
Schedule settings -
ot =t ot = Vi o0 = m\,”eéﬁdﬂ*l‘}mmf 1
Substitution o /oy = t Vi [ 3 Bat>+ 1
Final error bound 126l S Cs —t) = Ch |2 SC(WE—VE) | Zs] < Car(os/os — otfor)

term is small for practical discretization. Specifically, for the
EDM framework, the bound simplifies to | Zs|| < Ch; for the
VE and VP schedules, the corresponding bounds shrink to
first order as h = s — t becomes small. This ensures that
the approximation error remains negligible under high-fidelity
sampling.

Now, following ParaSolver [45], the linear sequential integral
solver in Eq. (7) can be decomposed into many integral
functions on different time subintervals, written as

Xt =H(tn+1,tn,th,XtN),7’L€{0,17"' ,N—l} (8)

n+1

Motivated by recent parallel algorithms [45], [59], this in-
herently sequential problem can be addressed in a parallel
framework. Specifically, such a sequence of cascaded linear
functions can be interpreted as a system of fully linear equa-
tions. Denote by {X;, ,n =0, ---, N} aset of points exactly
on the diffusion trajectory, and th,n =0, ---, N} the
unknown variables to be optimized towards the trajectory.
The cascade of integral formulations as Eq. (8) can then be
reformulated as the solutions to the following fully linear
equations.

Definition 1 (Fully Linear Equation System). We define the
system of fully linear equations for the sequential sampling
process in Eq. (8) as

{Xto — X, =0,

Xipiy — H(tns1,tn, Xen, Xey) =0, ne{0,1,---,N —1}.

©))

n+1

The complete linearity of the above system permits excep-
tionally efficient solving with negligible computational cost.
However, this very full linearity prevents them from achieving
the sample quality of the sequential integral solvers in Eq. (3),
as they lack information regarding the target data distribution.
To bridge this quality gap, we introduce the target distribution
information into the linear system by supplying the estimated
clean sample Xt ~ - Recall that in the forward process of DPMs,
we can compute a clean sample predicted X, ~ as

XtN (th’ 0) = th Ut"’so (th : tn) I

i,

(10)

where X; ~ N(oy,Xiy,0t,I) where a and o are the
noise schedule. Note that the diffusion model consumes most
computational resources on the score-matching process, i.e.,
estimating corresponding noise or clean samples by a neural

network. In this paper, to lessen such burden of score matching,
we explore the consistency of reverse diffusion process and
propose to divide the NEs to a partial-linear equation system,
namely p-nonlinear equation system. Specifically, due to the
diffusion models make progressive transition from pure noise
to clean data distribution, the score function is highly unstable
on the high noise region, which is also evidenced by recent
research [52], [49]. For compactness, let Pi(] )= X, N (ng ) 0)
denote the clean-sample prediction formed from state ¢ at iter-
ation j, and write H;(z,y) = H(ti+1,t:, x,y). Based on such
an insight, to further balance the score estimation accuracy and
computational consumption, we divide the original NEs shown
as Eq. 4 into p-Nonlinear Equation System in Definition 2,
where for the unstable and stable score region, we apply the
nonlinear and linear solvers, respectively.

Definition 2 (o-Nonlinear Equation System). We define a o-
nonlinear equation system for the sequential sampling process
in Eq. (8) as

Xty — Xty =0,

Xt —H tn+17tn’XtH7XtN (th79)) = O,ﬂ € [07 0 — 1]7

Xt -H t’ﬂ+1at’nathvXtN(th—159)> =0,n¢€ [QvN_ 1]
(11)

Remark 2. The scalar o serves as a critical transition point
between nonlinear (score) and linear (fixed score) regimes in
the system. The first o equations evolve into computationally
costly nonlinear equations, reducing into exiting nonlinear
parallel system in Eq. (4). Subsequent equations (for n = o)
retain computational efficiency as linear equations, as they
depend only on the fixed prediction from the (o — 1)t time
step.

n+1

n+1

Remark 3. The above framework establishes a unified
paradigm, subsuming all existing parallel methods such as
ParaDiGMS, ParaTAA, and ParaSolver as special cases. In
particular, existing methods are fully nonlinear equation sys-
tems, corresponding to the limiting case p = N — 1.

Proposition 2 (Accumulated Error Bound (Proof in Supple-
mentary Material, Appendix B)). For any o, let {X;, }N_, be
the solution to the o-nonlinear surrogate system in Eq. (11)
and {X; }N_, the exact sequential integral trajectory, with
deviation Ay, = Xt" — X4, and clean-sample estimation
error &, = By —Xor. Under the high-quality sampling regime
h < 1, the deviation obeys the per-step recurrence

HAtn+1H < |An|HAtn H + |Bn|H€nH + HZnH»

with A, = "2 (1= AN,) and B, = ay,,, AN, (1= 852).
Starting from &, = 0 and using |A,| < 1, |B,| = O(h), and
|Z.] = CO(h) (Proposition 1), unrolling over the N steps
vields the accumulated error bound

N—-1 N-1
[anl < 2 ( TT 1) (1Ballnl + 12a1)

n=0 j=n+1

(12)

N-1
< D (IBullénll + 12a]) < N OM®) (1€]masx + €)-
n=0
(13)
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The bound is structurally independent of o: o only changes
the source of the estimator E; (and hence ), not the
coefficients A, and B,,.

Remark 4. Prop. 2 guarantees that different o does not impact
the quality of the generated samples. We note that o is less
of a hyperparameter and more of a hardware configuration
parameter. For good efficiency, o can simply be set to available
processor counts.

B. Designing ParaLin++: A Stronger Step-Parity Solver

ParaLin++ accelerates the ParaLin solver from two com-
plementary perspectives. First, it retains Paralin’s adaptive
nonlinearization and immediate update strategy, which exploit
the latest refined states within an iteration. Second, it intro-
duces SOR and a relative adaptive stopping rule to reduce
the remaining iterations. The sliding-window and initialization
strategies are then integrated into the complete algorithm.

1) Adaptive Nonlinearization Iteration: We investigate the
update rule in Eq. (5) to solve the prescribed p-nonlinear
system. Specializing Eq. (5) to our system yields the following
iterative scheme:

& (k+1 o k
XD —x,  —gWR®), (14)
where the residual term Rgf)ﬂ with Rgf) X(k) Xt =0
is defined as:
®) X(ill —Hn (X(k> (k)) € [0,0— 1], 15)
X =1L (X, P, nefo N —1].

Observe that this update rule applies a Jacobi-type iteration,
where all components th tN) are updated exclusively from
the old components th:)t » resulting in delayed information
propagation across time steps. Inspired by the classical Gauss-
Seidel iteration, we propose a more efficient immediate update
strategy wherein newly updated components are incorporated
immediately into subsequent components’ updating within the
same iteration. Specifically, we first update the nonlinear-
region components X(k) for n € {1, -, o}. Upon obtaining
the refined nonlinear component X§k+1) we instantly propa-
gate this refinement forward to compute the remaining linear-
region components (i.e., XE’:J:U, ceey (kH)) This approach
ensures faster convergence by propagating the latest informa-
tion forward, leading to the following improved update rule:
X(k+1)

totN

& (k k
Xighy =GR (16)
where the residual term Rgf)

\, how incorporates the latest
refined components:

— A (X, ),
— Ha (X P,

n e [0,0— 1], (17)
ne o, N —1].

We observe that once the nonlinear components con-
verge, the predicted clean sample XtN (X,El:z ,»0) becomes
unchanged, implying that no further precise information can
be propagated for the linear equations in subsequential iter-
ations. To address this, we progressively convert the linear

equations into nonlinear ones, such that the number of non-
linear equations remains unchanged as the iteration proceeds.
Formall at iteration k, suppose the unconverged components
are th , ,ng) we maintain nonlinearity in the residuals
{Rtwl,z =n,n+1,--- ,n+p—1} of the first ¢ components
through the following formulation:

& (k+1 & (k k) (K

X =X, —GRY, (18)
where the residual term ngj , can adaptively convert the linear
equations into non-linear ones:

R0 _ X - (XD PY), i€nn+e—1,
tit1 X(Z)rl —H,; (X(k+1) 7)7(1’1)971)7 €n+o N-—1].
19)

where Rgi) = Xgi) - X4,
tinuous refinement of X, N (nglgf ,»0), yielding increasingly

accurate solutions for the linear equations.

= 0. This approach ensures con-

Proposition 3 (Convergence Analysis). The update rule
in Eq. (18) converges, within KK < T iterations, to the partially
linear surrogate system, i.e., the p-nonlinear system defined
in Eq. (11). The surrogate trajectory {th}nj\;o differs from
the exact sequential integral trajectory {X;, YN_, by an accu-
mulated error bounded in Proposition 2. In other words, the
iteration closes the layer-3 to layer-2 gap (iterative solve —
surrogate system), while the layer-2 to layer-1 gap (surrogate
— exact sequential sampler) is the bounded deviation studied
separately in Proposition 2.

Proof. See the supplementary material (Appendix C) for the
complete derivation. O

2) Convergence Acceleration via Successive Over-
Relaxation: While the immediate update strategy enhances
information flow within each iteration, the solver may still
require a considerable number of iterations (X) to converge,
particularly for high-dimensional problems. To further reduce
the iteration count, we incorporate the Successive Over-
Relaxation (SOR) method, a well-established technique for
accelerating the convergence of iterative solvers. The core
idea is to introduce a relaxation factor w to extrapolate the
update step, pushing the solution more aggressively towards
the root.

The standard Gauss-Seidel-like update can be viewed as

a two-step process. First, an intermediate state 7D g
computed based on the residual:
7+ — X (k) _ gk RK) (20)

The SOR update then modifies this step by taking a weighted
average of the current state X(*) and the intermediate state
7,(k+1).

XEHD) — (1 — W)X ®) 4z *+D) (21)

where w is the relaxation factor. Setting w = 1 recovers the
original update rule, while w > 1 (over-relaxation) typically
accelerates convergence for the systems encountered in our
problem. We now integrate this SOR mechanism into our
solver for both the nonlinear and linear components.
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Update for Nonlinear Components. For the first o com-
ponents within the current window, which are processed in
parallel, we first compute their intermediate states based on
the nonlinear residuals defined in Eq. (19):

5 (k+1)
tn+1:tntpe

_x()
- th+1:tn+g

_ g(k)R(k)

tnt1itn4o”

(22)

Subsequently, we apply the SOR update to obtain the refined
states for the nonlinear block:

X(k:+1) _ (1 _ w)X(k) + wz(k+1)

tnt1itngo tnt+1itnt, tnt1itnto” (23)
Update for Linear Components. For the remaining compo-
nents (i € [n + g, N — 1]), we combine the SOR method with
the immediate update strategy. These components are updated
sequentially, allowing the most recent information to propagate
immediately. For each linear component, we compute the
intermediate state:

G (k+1) _ (k) k)1 (k)

Z = th‘+1 o g( 'R

tit1 tit1?

(24)

where the residual Rgi)l is computed using the already up-

dated value XE?H), as specified in Eq. (19). The final updated
state is then obtained via the SOR formulation:

ngH) =(1- w)XEk) + wZFED.

it1 it+1 tit1

(25)

By integrating SOR, our proposed solver, ParaLin++, signifi-
cantly reduces the number of iterations K required to reach
the desired tolerance, thereby providing a substantial improve-
ment in overall sampling efficiency without compromising the
quality of the generated samples.

Proposition 4 (Relaxation Factor Analysis). The successive
over-relaxation update guarantees convergence if the relax-
ation factor w is chosen within the range 0 < w < 2/(1+ L),
where L < 1 is the contraction factor of the underlying Gauss-
Seidel-like iterative solver.

Proof. See the supplementary material (Appendix D) for the
complete derivation. O

Remark 5. Empirically, selecting w within the range of
(1.0, 1.08] effectively accelerates the process without compro-
mising the generation quality.

3) Sliding Window Strategy: To optimize computational
efficiency, ParaSolver utilizes a sliding window of fixed size p,
retaining only the most recent p denoised points {ng) n =
0,...,p — 1} for parallel processing. This approach enhances
parallel performance while adhering to GPU memory limita-
tions. Adapted to our framework, the update rule becomes:

o (k+1)
thitn+p

- tnitntp tnp?

where the residual term ngzl over a sliding window becomes:
o (k .

(k) _ {X;il i€[n,n+eo—1],

firr T Xg?—l — Hi(XEfH),Pfﬁg,l), i€[n+o,p—1].
27

— M (XD, P,

k3

4) Adaptive Stopping Criterion: Prior works [56], [62], [45]
typically employ a single tolerance, denoted as 4, to control
the state difference across all timesteps. However, we find that
this coarse-grained method cannot accurately identify states
that have already converged, leading to superfluous iteration
steps to update them. To address this inefficiency, we introduce
a more fine-grained, adaptive stopping criterion.

Our approach is based on the principle of relative reduction
to a historical average. Instead of comparing the current update
error to a fixed threshold, we evaluate it against a fraction
of the average historical error. This allows the criterion to
dynamically adjust to the convergence progress.

X Specifically, following [56], [62], [45], let the error of state
X, at iteration k € [0, K| be defined as:

0 _ 1 g+ g
& = Doz XUV - X "
where D is the dimensionality of the state X, and | - |

denotes the Frobenius norm. We maintain a running average
of all historical errors, &, up to the current iteration k:

1 0
c J
& = k+1j§:0€“ .

The stopping condition is then met when the current error,
St(ik), is significantly smaller than this historical error average,
scaled by a tolerance §:

Furthermore, the tolerance § is not a fixed hyperparameter
but is itself updated adaptively to refine the stopping condition.
We introduce an update mechanism with an EDM (Exponential
Decay Mean) decay rate, 3, which allows the tolerance to
respond to the recent convergence behavior. The tolerance for
the next step, 4, is updated as follows:

6= 85+ (1-8)-M({eF i n+p-11}),

where M (-) computes the median value which provides a
robust estimate of recent error.

This dual-adaptive strategy, comparing to the historical aver-
age and dynamically updating the tolerance threshold, enables
a more efficient convergence. We empirically find it terminates
iterations more precisely when a state has stabilized, thereby
reducing the number of steps required while preserving sample
quality.

5) Initialization: To establish the diffusion trajectory, we
adopt the ParaSolver methodology by performing M steps

of a sequential integral solver as preconditioning steps. The
initialization process is formally expressed as:

X =Xy, ifo<n<M,
X — X x, (xX© g if M < N
tn H tnytn—h tp_1° tN( tar—1°? ) , 1 sn< 3
(28)

where the initial state X, is sampled from a standard Gaus-
sian distribution, Xy, ~ N(0,I). When M = 0, following
[56], all samples are initialized with random noise.
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Existing full nonlinear parallel refinement I:Jl> linearizing nonlinear refinement path

SOR and adaptive stopping criterion
for faster convergence

—>

Xy o Xy Xy Xin Xy oo Xy, Xy
th Xto
; R X, $ «®h X
: IR) =001 X A X 7 1R = 0.01 X A\ X I[RI| = 0.005
[|IR]] =0.2 . ) [|R]| =0.2 [|R|| = 0.01
3 [|R|| = 0.4 " Tt [|R|| =04 [|R]| = 0.1
. Xil) R . 4/
AL IR = 0.6 IR = 0.6 IIRI| =06
< (k) -
. zitN in
S Nonlinear Nonlinear -
Full nonlinear components components Linear components components Linear components
Target sequential denoising trajectory = Nonlinear parallel refinement trajectory: j Optimal refinement trajecto
Model predicted clean sample direction P J Y
. N : . . [|R|| denotes residual value
Residual decreasing direction Linear parallel refinement trajectory:
Fig. 1. Illustration of ParaLin++. During iteration k, ParaLin++ performs simultaneous denoising updates across multiple steps. From left to right: existing
full nonlinear parallel methods, our partial linear method, and our method for faster convergence.
6) Complete Algorithm: Algorithm 1 and Figure 1 outlines  Algorithms. ParalLin++ is applied to DDIM [57] and

the full procedure of the proposed method. Initially, an array
of starting guesses {XEO) :n = 0,...,p} is prepared either
through random noises or inexpensive preconditioning steps
(Line 1). The parallel sampling loop then begins at Line 3. In
Lines 5-8, all nonlinear equations are solved simultaneously.
Subsequently, Lines 9-12 compute the solutions to the linear
equations, leveraging the predicted clean samples obtained
from the nonlinear solving phase. This step is computationally
efficient since it avoids model evaluations. The discrepancy
between the newly computed states and the current states is
assessed at Line 13, followed by determining the feasible
window sliding stride at Line 15. Line 16 initializes s new
points beyond the current window based on the computed
stride. Finally, Lines 17-18 dynamically adjust the tolerance
threshold § based on the real-time residuals.

V. QUALITY-SPEED AUDIT ON GENERATION-QUALITY
BENCHMARKS

A. Experiment Settings

Evaluation Metrics and Datasets. We report function eval-
uations (NFEs), iterations, wall-clock time, FID [21], and
CLIP score [20]. For Stable Diffusion-v2 and LSUN Church,
FID and CLIP are computed on 5000 random samples, using
ImageNet-1k with classifier guidance w = 7.5 and the LSUN
model, respectively. For FLUX, FID is computed on 5000
FluxPrompting [63] samples for the 12B model [4]. The
CIFAR-10 less-step study uses 50,000 samples, as reported
in Table V. For generation-quality-focused evaluation, we
additionally report GenEval [15], DPG-Bench [23], and Long-
TextBench [14], which assess semantic composition, dense
instruction following, and long in-image text rendering, respec-
tively.

Models. The evaluation covers latent-space Stable Diffusion-
v2, CIFAR-10, the 12B FLUX flow-matching model, the pixel-
space LSUN Church model, and VP/VE/EDM processes. The
generation-quality study centers on FLUX and uses the Ming-
Flash-Omni 2.0 generator [1] as a second large-scale reference
model.

DPMSolver [41]. It is compared with ParalLin [46],
ParaDiGMS [56], ParaSolver [45], and relevant few-step
solvers. All compared baseline samplers are invoked through
the official implementations integrated in the Diffusers li-
brary [64]; we do not use custom re-implementations of the
baseline solvers.

Hyperparameters. Following [45], [62], we use the best toler-
ances reported for ParaDiGMS and ParaSolver. For ParaLin++,
we set o = 8 unless otherwise specified, use eight NVIDIA
RTX 3090 GPUs for multi-GPU settings, and search d, 3, and
w independently for each sampler. Additional details are given
in the supplementary material.

FLUX generation-quality benchmark protocol. The
FLUX.1-dev study uses 1024 x 1024 generation with guidance
scale 3.5 on eight GPUs. The Euler sampler with 30 discrete
diffusion steps is the reference. UniPC and DPM-Solver++
are evaluated with their standard sequential few-step samplers
at 16,20,24,26, and 30 discrete diffusion steps. ParaLin++
keeps 30 discrete diffusion steps and uses the proposed parallel
solver with tolerance § = 0.01, nonlinear-transition parameter
o = 1, parallel window size p = 100, and a solver-step
cap of 1000. LongTextBench is the average of the English
and Chinese text scores. Speedup is measured from the
sampler/model forward-path time of the GenEval generation
pass and excludes model loading and scoring; these timing
measurements are used consistently across the detailed FLUX
table.

Ming-Flash-Omni 2.0 generation-quality benchmark pro-
tocol. The Ming-Flash-Omni 2.0 study uses the Ming-Flash-
Omni 2.0 generator at 1024x 1024 with guidance scale 5.0 on
eight GPUs. Euler, UniPC, and DPM-Solver++ are evaluated
with their standard sequential samplers at the listed step
settings. ParaLin++ keeps 30 discrete diffusion steps and uses
the proposed parallel solver with tolerance § = 0.01, nonlinear-
transition parameter o = 1, parallel window size p = 100, and
a solver-step cap of 1000. LongTextBench uses 320 prompts
with 4 images each, seed 42, hybrid OCR, a bounding-box
score threshold of 0.85, and reports the average of the English
and Chinese scores. DPG-Bench uses 1065 images with the
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Algorithm 1: ParalLin++: a partial nonlinear parallel
integral solver for diffusion models
Input

: Diffusion model Sy, noise schedule «; and oy,
subinterval number N, preconditioning steps M,
tolerance §, batch window size p, sample dimension D,
nonlinear degree o, EMA decay rate (3, relaxation factor
w.

Output : A sample.

Initialize {X£S>,n =0,
sampling %lcs)s.

Initialize {£ ") = 0,

n,k < 0,0, k € [0,

while n < N do

// Initialize with a few

-

,p} by Eq. (28)

// Initialize error list.

»

n=0,---,N}
K], andne[O N —1]

N

X oy 80X 1)

A < (F) —
5 XtN(Xti ,0) = r, ,Vie
{n,---,n+p—1}. /I Predict clean s: amples in parallel.
k k k
o | REL = (111 = H (i1, 0, X, Koy (X, 0)), Vi e
%n, on+o—1} /I Nonlinear residual.
k+1) & (k) (k)12 (k) .
7 th+1 e = Rty i1itng —GWR, ottt g //Obtain
1n]t€5|r|1n)ulmtn states. ) (k1)
8 X tnt1itnto (1- )X tny1itnto + wztn+1=tn+g 4
Update the nonlinear components.
9 forie{n+on+po+1,---,n+p—1}do
10 (k) _
<0 (h+1) (k)
k +1 k
tz+1_H( i+1, zyX X (Xn+g 179))
in Eq. (17) // Linear residual.
1 Z(?_;'l = Xg:)_l — g(kmﬁfll // Obtain intermediate
states.
12 ngrll) =(1 w)ngj_l + wZﬁfﬁ’ // Update the linear
| components.
k k+1 k .
sl = md XL -X R vie o)
/I (umputc error for each component.
14 Etivr = T4% Zk_ St(Jj_l,Vze{n ,n+p—1} 1/
Compute average error for each component.
= mi ; (k) 25 ;
15 5—11_13111({1-&- 1\<€'ti+1 >4 StiHVze[n,n-&-p)}u{n-i-p})

/I The sliding stride.

k+1 o(k+1) < k .
16 X(qu):H(ti+17ti,X§i+ ),Xt (XE )+Q " )),Vze
{n+p,---,n+p+s—1} // Initialize new components for

the next w(igslmx.
17 e:/‘\/l({c‘lti+1 ,n+p—l})
median value of the errors.

18 §d=p65+(1—-p)e

|t =mn,--- /I Compute the

/I Adaptive tolerance updating.

19 n<mn+s, k<—k+1, p<— min(p, N—n)// Update the
iteration indexs.
Return: X(K)

mPLUG visual-question-answering model. GenEval uses 553
prompts with 4 images each, bf16 generation, and 8 evaluation
workers. The table reports the complete 16-, 20-, 24-, 26-,
and 30-step quality matrix. All speedup values use the CFG-5
GenEval generation pass against the 30-step Euler reference,
excluding model loading and scoring.

B. Experimental Results

Latent-space Speedup Comparison. Table III shows the
experimental results on DDIM, DPMSolver, and their par-
allel variants when combined with ParaSolver, ParaDiGMS,
ParaLin, and our Paralin++, respectively. ParaLin++ demon-
strates significant acceleration for DDIM and DPMSolver
while maintaining comparable FID and CLIP scores. Notably,
it achieves a remarkable wall-clock time speedup of up to

TABLE III
COMPARISONS ON STABLE DIFFUSION-V2, WITH CLASSIFIER GUIDANCE
W = 7.5. THE VISUAL COMPARISONS ARE SHOWN IN THE
SUPPLEMENTARY FIGURES.

Method | Stable Diffusion-v2

Steps ‘

| | Tters | NFE | CLIPt FID| Time (s)| Speedup?
DDIM [57] 50 50 25.6 572 63 1WA 1.0x
DDIM + ParaDiGMS [56] 21 132 25.6 569 33 1 1.9x
50 DDIM + ParaSolver [45] 13 83 25.6 569 191 3.3x%x
DDIM + ParaLin [46] 13 73 25.6 571 1.71 3.7x
DDIM + ParaLin++ 10 69 255 570 131 4.8x
DDIM [57] 25 25 254 629 34 1 1.0x
DDIM + ParaDiGMS [56] 18 53 254 628 32 1m 1.2x
25 DDIM + ParaSolver [45] 11 49 254 619 161 2.1x
DDIM + ParaLin [46] 11 42 254 61.8 1551 22x
DDIM + ParaLin++ 9 40 254 619 131 2.6x
DPMSolver [41] 50 50 25.6 572 63 WA 1.0x
DPMSolver + ParaDiGMS [56] 25 132 25.6 572 33 1 1.8x
50 | DPMSolver + ParaSolver [45] 15 96 25.6 571 221 3.1x
DPMSolver + ParaLin [46] 14 93 25.6 571 191 33x
DPMSolver + ParaLin++ 10 77 25.6 57.1 1351 4.7x
DPMSolver [41] 25 25 254 623 32 1 1.0x
DPMSolver + ParaDiGMS [56] 15 81 254 623 221 1.5x
25 | DPMSolver + ParaSolver [45] 11 58 254 622 151 2.1x
DPMSolver + ParaLin [46] 10 55 254 62.1 141 2.3x%x
DPMSolver + ParaLin++ 8 46 254 621 111 2.9x%

TABLE IV

QUANTITATIVE COMPARISONS OF DIFFERENT METHODS ON LSUN
CHURCH OVER 5000 SAMPLES. DPMSOLVER IS NOT INTEGRATED WITH
THE LSUN MODEL IN THE DIFFUSERS LIBRARY; THUS WE EXCLUDE IT.

Steps | \ LSUN Church

Method
| | Iters | NFE | FID| Time (s)| Speedup?
DDIM [57] 50 50 155 181 1.0x
DDIM + ParaDiGMS [56]| 23~ 202 158 1.5 | 12x
50 | DDIM + ParaSolver [45] | 14 73 157 08| 2.2x
DDIM + ParaLin [46] | 14 67 157 06 | 3.0x
DDIM + ParaLin++ 9 64 157 0.4 | 4.5x
DDIM [57] 25 25 156 11| 1.0x
DDIM + ParaDiGMS [56] | 15 9 157 08 | 1.4x
25 | DDIM + ParaSolver [45] | 10 4 157 051 2.2x
DDIM + ParaLin [46] | 10 39 157 045 2.4
DDIM + ParaLin++ 8 33 15.7 0.36 3.1x
4.8x, setting a new benchmark for parallel diffusion meth-

ods. Although parallelization inherently trades computational
efficiency for speed, leading to increased NFEs relative to se-
quential approaches, our method capitalizes on partial linearity
to substantially reduce NFEs, thereby unleashing the parallel
efficiency.

Pixel-space Speedup Comparison. Similarly, Table IV shows
that ParaLin++ consistently surpasses existing methods, deliv-
ering wall-clock speedups of 3.1x—4.5x on the LSUN Church
model across the tested step configurations. For the 50-step and
25-step DDIM settings, it achieves 4.5x and 3.1x speedups
while preserving a nearly identical FID score (15.7 versus
15.5), respectively. Notably, ParalLin++’s parallelism reduces
iterations by 3.1x-5.6x relative to the sequential baselines
and, among the parallel variants, keeps NFE low; in the 50-
step DDIM case, it uses only 9 iterations and 64 NFEs versus
the baseline’s 50. This acceleration is important for real-time
applications, such as interactive design tools, where latency
directly impacts user experience.

Less-Step Sampling. Table V evaluates 10-step sampling on
CIFAR-10 with 50,000 samples. ParaLin++ combined with
DPM-Solver-v3 [76] reaches an FID of 2.64 and a 2.41x
speedup, matching the 25-step DPM-Solver-v3 quality while
improving over the compared 10-step baselines.

Generation-Quality Benchmark Evaluation. Prior FID-
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TABLE V
LESS-STEP SAMPLING ON THE CIFAR-10 MODEL WITH 50K SAMPLES.

Method Iters FID| Speedup?
DPM-Solver-v3 [76] 25 264 1.00x
DPM-Solver-v3 [76] 10 340 2.43x
UniPC [73] 10 340 2.41x
PD [54] 10 3.10 2.48x
CD [58] 10 290 246X
ParaLin++ + DPM-Solver-v3 10 2.64 2.41x

oriented evaluations of DDIM, DPMSolver, DPMSolver++,
and UniPC support the common expectation that few-step
solvers can preserve distributional statistics [57], [41], [42],
[73]. Table VI therefore asks whether this expectation transfers
to GenEval, DPG-Bench, and LongTextBench for the same
FLUX solvers. UniPC and DPMSolver++ with 16 discrete
steps lose 21%-24% relative GenEval score, 6.5-8.2 DPG-
Bench points, and 67%—70% of the LongTextBench score.
ParaLin++ instead keeps all 30 discrete diffusion steps and
parallelizes the iterative solve: it closely preserves the Euler-
level generation-quality profile (0.64 versus 0.66 GenEval,
84.24 versus 83.97 DPG-Bench, and 0.26 versus 0.27 Long-
TextBench) and achieves a 1.68x GenEval-forward speedup.
Hence, the acceleration is obtained by removing latency in
the solver iteration rather than by shortening the diffusion
discretization on which prompt-level and in-image text fidelity
depends.

This evaluation protocol also reflects the objectives of recent
large-scale generators. Ming-Flash-Omni 2.0 [1], the sparse
unified successor to Ming-Omni [2], reports 0.94 GenEval and
86.98 DPG-Bench, and its post-training explicitly optimizes
realism, instruction adherence, and aesthetic quality together
with task-specific rewards. These are generation-quality axes
that FID does not reliably capture. Accordingly, the FLUX
study and Ming-Flash-Omni 2.0 reference establish a more
realistic quality test bed for judging whether a fast diffusion
sampler merely matches a distributional statistic or actually
preserves generation quality. In addition to the motivating 16-
step comparison, Table VII records the complete 16-, 20-,
24-, 26-, and 30-step generation-quality benchmark matrices
for FLUX and Ming-Flash-Omni 2.0. The table separates
the number of discrete diffusion steps from the number of
solver iterations: sequential samplers use one iteration per step,
whereas ParalLin++ keeps 30 discrete steps and reports its
average number of parallel solver iterations separately. For
Ming-Flash-Omni 2.0, ParaLin++ reaches a 1.21x GenEval
generation-pass speedup over the 30-step Euler reference while
retaining the Euler-level profile: GenEval is 0.87 versus 0.88,
DPG-Bench is 86.99 versus 86.86, and LongTextBench is 0.95
versus 0.95.

Table VIII extends the FLUX audit to different guidance
strengths. Across the five CFG values, Paralin++ obtains
GenEval speedups of 1.55x—-1.86x over the same-CFG 30-
step Euler reference while preserving 97%-99% of the Euler
GenEval score. Its GenEval scores are 0.59-0.66 and its Long-
TextBench scores are 0.15-0.26, close to Euler’s respective

UniPC DPMSolver++ ParaLin++

Euler

GenEval

DPG-Bench

Witness the Beauty
of Autumn Artistry

LongTextBench

Fig. 2. Generation-quality benchmark visual comparison on FLUX.I-dev.
Each row is one representative benchmark prompt, and the columns show
30-step Euler, 16-step UniPC, 16-step DPMSolver++, and 30-step ParaLin++
(17 parallel solver iterations). Few-step examples retain plausible low-level
appearance but can violate semantic composition, dense instructions, or in-
image text requirements; ParaLin++ remains visually aligned with the 30-step
Euler reference.

ranges of 0.60-0.67 and 0.17-0.27. In contrast, the 20-step
UniPC and DPMSolver++ configurations yield only 0.43-0.55
GenEval and 0.06-0.13 LongTextBench across the same CFG
values. The DPG-Bench scores, now complete at all five CFG
values, follow the same pattern: Paralin++ tracks the Euler ref-
erence closely across CFG 0-14 (82.18-84.24 versus Euler’s
82.25-83.97), whereas the 20-step UniPC and DPMSolver++
configurations drop to 68.85—79.67. The reference scores also
show that guidance affects benchmarks differently: Euler’s
GenEval score peaks at CFG 10.5, whereas its LongTextBench
score peaks at CFG 3.5. ParaLin++ remains close to the
reference at every guidance setting. (Takeaway) Across CFG
0-14, the completed DPG-Bench matrix confirms that step-
parity survives rising guidance while 20-step few-step solvers
do not.

Figures 2 provide benchmark-specific visual inspections of
the same quality axes. The FLUX examples use the exact
30-step reference/few-step settings compared above: Euler
and Paralin++ retain 30 discrete steps, while UniPC and
DPMSolver++ use 16 steps. The examples show typical fail-
ures hidden by an FID-only criterion, such as missing or
malformed objects, weaker dense-instruction compliance, and
unreadable in-image text. The step-parity ParaLin++ outputs
remain visually close to the 30-step Euler reference.

Figures 3 and 4 show fixed-prompt comparisons over all
five CFG values. The same prompt and sample index are
used in every column and row, so differences come from
the method and CFG rather than from selecting a different
example for each method. LongTextBench is represented by
an English prompt because its reported metric averages the
English and Chinese subsets. Figure 5 gives corresponding
DPG-Bench samples across all five guidance settings for a
representative prompt; the complete CFG-0-14 DPG-Bench
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TABLE VI
MOTIVATING COMPARISON ON FLUX. FEW-STEP SEQUENTIAL SOLVERS ALTER THE 30-STEP DISCRETIZATION AND SHARPLY DEGRADE SEMANTIC
COMPOSITION, COMPLEX PROMPT FOLLOWING, AND LONG-TEXT RENDERING. PARALIN++ KEEPS THE SAME 30 DISCRETE DIFFUSION STEPS AND
PARALLELIZES THE SOLVER ITERATIONS. FOR SEQUENTIAL SOLVERS, “ITERS” EQUALS THE NUMBER OF DISCRETE STEPS; FOR PARALIN++, IT
REPORTS THE AVERAGE NUMBER OF PARALLEL SOLVER ITERATIONS.

Method Sampling regime Discrete steps  Iters|  GenEvalt  DPG-Benchf?  LongTextBench!  Speedup?

Euler [4] Sequential reference 30 30 0.66 83.97 0.27 1.00 %

UniPC [73] Few-step 16 16 0.52 77.46 0.09 1.81x

DPMSolver++ [42]  Few-step 16 16 0.50 75.75 0.08 1.85x%

ParaLin++ Step-parity parallel 30  16.37 0.64 84.24 0.26 1.68 x
TABLE VII

DETAILED GENERATION-QUALITY BENCHMARK RESULTS ON FLUX AND MING-FLASH-OMNI 2.0. WITHIN EACH MODEL BLOCK, SPEEDUP IS
MEASURED AGAINST THAT MODEL’S 30-STEP EULER BASELINE ON THE SAME GENEVAL GENERATION PASS, EXCLUDING MODEL LOADING AND
SCORING. FOR SEQUENTIAL SAMPLERS, “ITERS” EQUALS THE NUMBER OF DISCRETE STEPS; FOR PARALIN++, IT DENOTES THE NUMBER OF PARALLEL
SOLVER ITERATIONS.

FLUX.1-dev [4]

Method Sampling regime Steps  Iters  GenEvalt  DPG-Bench?  LongTextBenchf  Speedup?
Euler [4] Sequential reference 30 30 0.66 83.97 0.27 1.00x
16 16 0.52 77.46 0.09 1.81x
20 20 0.55 79.67 0.13 1.49x
UniPC [73] Few-step 24 24 0.57 80.98 0.15 1.26x
26 26 0.58 81.35 0.16 1.16 %
30 30 0.60 82.14 0.19 1.01x
16 16 0.50 75.75 0.08 1.85x%
20 20 0.54 78.41 0.11 1.50x%
DPMSolver++ [42]  Few-step 24 24 0.58 80.06 0.14 1.27x
26 26 0.58 80.56 0.15 1.17x
30 30 0.62 81.43 0.17 1.02x
ParaLin++ Step-parity parallel 30 16.37 0.64 84.24 0.26 1.68x
Ming-Flash-Omni 2.0 [1]
Method Sampling regime Steps  Iters  GenEvalf DPG-Bench! LongTextBench?  Speedup?
Euler [4] Sequential reference 30 30 0.88 86.86 0.95 1.00x
16 16 0.69 84.38 0.82 1.80x
20 20 0.75 85.29 0.91 1.47x
UniPC [73] Few-step 24 24 0.74 85.55 0.94 1.20%
26 26 0.81 85.07 0.94 1.13x
30 30 0.83 85.77 0.95 0.98 x
16 16 0.73 84.20 0.80 1.81x
20 20 0.70 85.63 0.87 1.48 %
DPMSolver++ [42]  Few-step 24 24 0.70 85.91 0.92 1.23x
26 26 0.86 85.93 0.93 1.13x%
30 30 0.85 86.62 0.95 0.99x
ParaLin++ Step-parity parallel 30 24.69 0.87 86.99 0.95 1.21x

matrix is reported in Table VIII.

Single GPU for Acceleration Parallel sampling methods are
often criticized for trading excessive computational cost for
speed, which is impractical for users with limited resources.
However, our experiments in Table IX demonstrate the real-
world viability of our approach on a single GPU. Unlike
competing parallel methods like ParaDiGMS, which often fail
to provide any speedup or even decelerate the process in this
setting, our Paralin++ achieves consistent and significant wall-
clock acceleration across all baseline samplers. For instance,
it speeds up the 100-step DDIM by 4.2x and the 100-step
DPMSolver by 3.7x. This is accomplished while maintaining

virtually identical generation quality (FID and CLIP scores).
This validates Paralin++ as a practical and potent acceler-
ator for everyday users, effectively overcoming the typical
computational barriers of parallel sampling even in resource-
constrained, single-GPU environments.

Ablation Study. Table X isolates the value of the ParaLin++
components on a 100-step DDIM task. Full nonlinearity re-
duces iterations but multiplies NFEs and becomes slower than
the sequential baseline. Partial nonlinearity removes 93.3% of
these NFEs relative to the fully nonlinear variant and already
restores wall-clock speedup. Adaptive stopping slightly re-
duces both iterations and NFEs, while SOR gives the strongest
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TABLE VIII
FLUX.1-DEV CFG-SWEEP RESULTS. ALL BENCHMARK CELLS
(GENEvAL, DPG-BENCH, AND LONGTEXTBENCH) ARE COMPLETE FOR
ALL FIVE CFG VALUES; LTB ABBREVIATES LONGTEXTBENCH AND
DPM++ ABBREVIATES DPMSOLVER++. “ITERS” EQUALS THE
DISCRETE-STEP COUNT FOR SEQUENTIAL BASELINES AND DENOTES THE
AVERAGE MEASURED PARALLEL SOLVER ITERATIONS FOR PARALIN++.
SPEEDUP IS MEASURED AGAINST THE 30-STEP EULER REFERENCE AT
THE SAME CFG ON THE GENEVAL GENERATION PASS, EXCLUDING
MODEL LOADING AND SCORING.

CFG  Method Iters GenEvalt DPG? LTB1 Speedup?
Euler [4] 30 0.60 82.25 0.17 1.00x
0 UniPC [73] 20 0.46 78.97 0.08 1.49x
DPM++ [42] 20 0.43 7771 0.06 1.49x
ParaLin++ 14.79  0.59 82.18 0.15 1.86x
Euler [4] 30 0.66 83.97 0.27 1.00x
35 UniPC [73] 20 0.55 79.67 0.13  1.49x
"~ DPM++ [42] 20 0.54 78.41 0.11 1.50x
ParaLin++ 16.92  0.64 8424 0.26 1.68x
Euler [4] 30 0.66 83.29 0.25 1.00x
7 UniPC [73] 20 0.49 72.60 0.07 1.49x
DPM++ [42] 20 0.48 68.85 0.06 1.49x
ParaLin++ 17.85 0.64 83.22 023 1.55x
Euler [4] 30 0.67 83.21 0.22 1.00x
105 UniPC [73] 20 0.52 77.89 0.07 1.48x
~ DPM++ [42] 20 0.52 76.54 0.06 1.49x
ParaLin++ 17.03 0.66 83.23 021 1.62x
Euler [4] 30 0.65 82.52 0.25 1.00x
14 UniPC [73] 20 0.54 75.88 0.08 1.49x
DPM++ [42] 20 0.54 74.17 0.07 1.49x
ParaLin++ 17.13  0.64 82.75 023 1.61x

Fig. 3. GenEval CFG-sweep visual comparison on FLUX.I-dev. Rows are
CFG 0, 3.5, 7, 10.5, and 14; columns are 30-step Euler, 20-step UniPC, 20-
step DPMSolver++, and 30-step ParaLin++. All cells use prompt 00000 and
sample 0000.

DPMSolver++
(20)

Fig. 4. LongTextBench CFG-sweep visual comparison on FLUX.1-dev, using
the English prompt 0000 with variant 1. Rows are CFG 0, 3.5, 7, 10.5, and
14; columns are 30-step Euler, 20-step UniPC, 20-step DPMSolver++, and
30-step ParaLin++. The reported LongTextBench metric averages the English
and Chinese scores.

TABLE IX
COMPARISONS ON STABLE DIFFUSION-V2 WHEN ONLY USING ONE GPU,
WITH CLASSIFIER GUIDANCE w = 7.5. “DPM” DENOTES DPM-SOLVER;
PARADIGMS, PARASOLVER, PARALIN, AND PARALIN++ INDICATE THE
CORRESPONDING PARALLEL WRAPPERS OF THE SEQUENTIAL SAMPLER.

Sampler Method | Iters| NFE| CLIPt FID| Time (s)] Speedup?
Sequential | 50 50 256 572 6.3 1.0x
ParaDiGMS | 34 67 256 569 7.8 0.8 x
DDIM-50 ParaSolver | 18 53 25.6 569 6.0 1.05x
ParaLin 14 51 256 57.1 5.7 1.Ix
ParaLin++ 8 32 256 57.1 3.2 2.0 %
Sequential | 100 100 25.6 56.3 10.1 1.0x
ParaDiGMS | 66 131 255 56.2 12.0 0.8 %
DDIM-100 ParaSolver | 35 102 255 563 8.5 1.2x
ParaLin 18 70 256 56.3 6.1 1.7x
ParaLin++ | 11 36 255 564 24 4.2 %
Sequential | 50 50 256 572 5.9 1.0x
ParaDiGMS | 27 78 256 572 6.1 0.9 %
DPM-50 ParaSolver | 33 65 256 572 6.0 0.9x
ParaLin 31 56 255 569 5.4 1.1x
ParaLin++ | 11 28 25,6 57.1 2.3 2.5x%
Sequential | 100 100 255 56.7 9.9 1.0x
ParaDiGMS | 66 131 256 56.6 11.9 0.8 %
DPM-100 ParaSolver | 64 127 255 56.6 10.7 0.9x%
ParaLin 64 121 25.6  56.7 10.0 1.0x
ParaLin++ | 14 40 25.6  56.5 2.7 3.7 %

reduction, reaching 15 iterations, 117 NFEs, and a 6.5x
speedup. The trend confirms that the largest gain comes from
ParaLin’s partial-linear formulation, while ParaLin++ further
improves convergence by lowering iterations with negligible
extra computation.
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Fig. 5. DPG-Bench CFG-sweep visual comparison on FLUX.1-dev. Rows
are CFG 0, 3.5, 7, 10.5, and 14; columns are 30-step Euler, 20-step UniPC,
20-step DPMSolver++, and 30-step ParaLin++. All cells use prompt 100. The
complete CFG-0-14 DPG-Bench matrix is reported in Table VIII.

Generalization on VP, VE, and EDM Process. We investi-
gated the impact of the VP, VE, and EDM diffusion processes
by converting the sequential sampler in Alg. 1 of work [29]
into our parallel version. Adopting the Tab. 1 configurations
specified in work [29], we then analyzed the effect of the
nonlinear degree o on FID performance across these three
processes using the provided ImageNet dataset. As shown in
Tab. XI, our parallel sampling method demonstrates its applica-
bility and effectiveness across all three diffusion processes. For
each process, our parallel approach consistently reduces the
number of sampling iterations while achieving comparable or
improved FID scores compared to the sequential baseline. This
highlights the robustness and efficiency of our method, making
it a viable accelerator for various diffusion model formulations.
We notice that our method yields a better FID score for every
schedule and a substantially larger gain in the VP process. This
improvement likely stems from the inherently stiff nature of
the VP-ODE, combined with the step-parallel updates of our
parallel solver. The step-parallel updates sever the temporal
dependence chain across steps, thus effectively curtail the
accumulation of truncation error across steps [29]. As a result,
our solver acts as an implicit numerical stabilizer for the stiff
VP-ODE, which typically exhibits significant truncation error
that degrades the performance of conventional VP samplers.

Nonlinear Degree o Analysis: Table XII conducted an abla-
tion study by accelerating a 50-step DPMSolver on the Stable
Diffusion v2 model using 8 GPUs. As shown in the table,
the FID and CLIP scores remain remarkably stable across a

wide range of p values. This stability confirms our theoretical
finding in Prop. 2 that p does not compromise the fidelity of
the generated samples. Furthermore, the results reveal a clear
trade-off between p and efficiency. While increasing p initially
yields significant speedups, the gains diminish and eventually
reverse. This is because a larger p requires more NFEs, as
seen in the table. The increased NFE count results in a greater
computational overhead for each GPU (proportional to NFEs
/ GPUs), which leads to a rapid increase in runtime after an
optimal point (around p = 15).

EMA Decay Rate 5 and Tolerance 5 Analysis. As shown
in Table XIII, the EMA decay rate (3) is critical for sample
quality. A low value (8 = 0.9) causes noticeable FID degra-
dation, whereas higher values (8 > 0.99) consistently achieve
FIDs comparable to or better than the baseline. Conversely,
for the practical high-decay choices (8 = 0.99), the tolerance
(0) has only a small impact on the final FID score. This
reveals a key practical trade-off: ¢ can be relaxed (set higher)
to significantly reduce the number of iterations and thus
accelerate computation, for example, from 21 to 11 iterations
when 8 = 1.0, without a meaningful sacrifice in generation
quality.

Relaxation Factor w Analysis. Table XIV demonstrates the
trade-off between acceleration and stability controlled by the
relaxation factor w. Increasing w from 1.0 to 1.08 effectively
reduces the number of iterations and, consequently, boosts
the speedup from 3.81x to a peak of 4.94x. However, this
gain is bounded by stability. Sample quality, as measured
by FID and CLIP, remains consistent with the baseline up
to w = 1.06. At w = 1.08, a slight degradation in quality
appears (FID 58.13), and by w = 1.12, the method becomes
completely unstable, leading to a catastrophic collapse in
generation quality (FID 289.54). This suggests an optimal
value around w = 1.06, which achieves a substantial 4.76x
speedup while fully preserving the original sample fidelity.
Figure 6 provides qualitative samples for the corresponding
0, 3, and w ablations.
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TABLE X
ABLATION STUDY ON STABLE DIFFUSION V2. THE TABLE ISOLATES NONLINEARITY, ADAPTIVE STOPPING, AND SOR IN THE 100-STEP DDIM TASK;
SPEEDUP IS MEASURED RELATIVE TO THE SEQUENTIAL DDIM BASELINE.

Configuration

Solver components

100-step DDIM results

Nonlinearity

Sequential DDIM

Full nonlinearity

Partial nonlinearity
Partial + adaptive stopping
ParaLin++ (partial + adaptive + SOR)

Full (¢ = 100)
Partial (o = 8)
Partial (o = 8)
Partial (p = 8)

THE IMPACT OF NONLINEAR DEGREE p ON FID ACROSS EDM, VE, AND

TABLE XI

VP PROCESSES OVER IMAGENET DATASET. WE SET § = 0.01,3 = 9¢ — 4

FOR THE EDM PROCESS, § = 0.01, 8 = 9e — 7 FOR VP PROCESSES, AND

6 = 0.1, 8 = 9e — 5 FOR THE VE PROCESS.

Stopping criterion SOR Iters] NFE| Time (s)] Speedup?
- - 100 100 10.6 1.0x
Fixed (8 = 1.0) No (w = 1.0) 72 2100 24.4 0.43 %
Fixed (8 = 1.0) No (w = 1.0) 18 140 2.1 5.0%
Adaptive (8 =0.999) No (w = 1.0) 17 139 2.0 5.3x%
Adaptive (8 = 0.999) Yes (w = 1.04) 15 117 1.6 6.5 %
TABLE XIV

EDM Process VE Process VP Process
Method

FID Iters FID Iters FID Iters
Baseline  11.1649 25 423.0628 25 104.14673 25
o=4 10.8811 22 422.9794 14 35.8963 12
0o=6 10.8718 21 422.9293 14 41.1196 10
0o=38 10.8621 20 422.8247 13 58.5588 8
o=10 10.8626 15 422.7672 10 58.5215 7
o=12 10.8618 12 422.7651 9 58.8340 7

TABLE XII

IMPACT OF VARYING @ ON GENERATION QUALITY (FID, CLIP) AND
PERFORMANCE (NFES, SPEEDUP).

Method FID CLIP 1Iters NFEs Speedup
Baseline  57.23  25.64 50 50 1x
0o=5 57.18 2555 18 82 2.9x
o=10 5725 2559 12 101 3.0x
o=15 57.14  25.61 11 123 3.1x
0=20 5722 25.60 12 160 2.6x
0o=25 57.14 2553 12 202 2.1x
o =30 57.06  25.58 12 223 2.1%
0o=235 57.18  25.62 12 245 1.8x
o =40 57.15 25.61 12 264 1.8x
o=45 57.16  25.59 12 275 1.6
o =50 57.14 2557 12 284 1.6x
TABLE XIII

THE EFFECT OF THE TOLERANCE § AND EMA DECAY RATE 3 ON FID
USING STABLE DIFFUSION-V2 OVER 5000 RANDOM SAMPLES. OUR
PARALIN++ (¢ = 8,p = 40) IS EMPLOYED FOR DDIM.

Method § =0.01 d =0.05 §=0.1
FID 1Iters FID Iters FID Iters
DDIM 57.2 50 57.2 50 57.2 50
B =0.9 59.7 9 58.6 9 57.8 9
B =0.99 57.8 13 57.1 13 56.9 11
B8 =0999 57.0 16 56.9 13 56.8 11
B =1.0 57.0 21 57.1 13 57.2 11

IMPACT OF VARYING w ON GENERATION QUALITY AND PERFORMANCE.
WE SET ¢ = 8,p = 40, 8 = 0.999.

Method FID CLIP 1Iters NFEs Speedup

DDIM 57.23 25.64 50 50 1x

w=1 5720  25.59 11 83 3.81x
w =102 5738 25.57 11 79 3.89x%
w=104 5738 25.57 10 70 4.34x
w =106 5724 2556 9 67 4.76 x
w =108 58.13 25.12 9 67 4.94 %
w=112 28954 1503 8 64 4.3x

=09 8

w=1 w=102 w=104 w=1.06 DDIM

Fig. 6. Ablation study on parameters. The first row shows the results for
different values of p. The second row shows the results for different values of
(. The third row shows the results for different values of w. The last image
in each row represents the baseline comparison.
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VI. CONCLUSION

We systematized training-free diffusion acceleration by the
metrics that certify its quality-preservation claims, exposing
heavy reliance on FID/CLIP-style evidence. Our generation-
quality audit shows that representative few-step solvers can
remain FID-close yet lose substantial semantic-composition,
instruction-following, and long-text-rendering quality. To ac-
celerate without shortening the trajectory, ParaLin++ strength-
ens ParalLin’s partial-linear solver with adaptive nonlineariza-
tion, successive over-relaxation, sliding windows, and adaptive
stopping, supported by stability and uniqueness guarantees. It
preserves the full-step quality profile while reaching 1.68x on
FLUX.I-dev, 1.21x on Ming-Flash-Omni 2.0, and 2.6 x—4.8 x
on Stable Diffusion-v2/LSUN Church. Acceleration claims
should therefore report generation-quality metrics alongside
FID/CLIP and separate discrete steps from solver iterations.
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