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ABSTRACT

Training-free diffusion guidance uses an unconditional diffusion model and an
off-the-shelf property predictor to generate samples with desired characteristics
without further training. Typical predictors are any differentiable functions (e.g.,
classifiers) that can evaluate the quality of generated samples. Existing works typ-
ically design the weights of the guidance term using heuristic rules combined with
search-based tuning (e.g., the beam-search procedure used in TFG), resulting in
fixed guidance weights for different samples. In this paper, we propose Analyti-
cal and Adaptive Training-Free Guidance (A2-TFG), which improves upon prior
approaches in two aspects: (1) Analytical: we formulate an optimization objec-
tive that admits a closed-form solution for the guidance term weights under a
locally linearized surrogate; (2) Adaptive: this closed-form solution varies with
different inputs and timesteps rather than being fixed. Compared to heuristic rules
or search-based tuning, these improvements lead to generally better performance
in our experiments, while avoiding dataset-level hyperparameter search. We ex-
tensively validate the effectiveness of A2-TFG across six tasks combining three
models such as Cat-DDPM, Stable Diffusion, and Audio-Diffusion with various
task-specific targets, achieving superior performance over the vanilla TFG across

most metrics.

1 INTRODUCTION

Over the years, various training-free
guidance methods have been pro-
posed, including DPS |Chung & Ye
(2022), FreeDoM |Yu et al.| (2023),
and MPGD [He et al.| (2024). These
methods have shown significant ef-
fectiveness across applications, pro-
viding robust solutions without ex-
tensive training data. The recently
developed Training-Free Guidance
(TFG) framework Ye et al. (2024)
demonstrates that these methods,
while effective in their respective do-
mains, are special cases within a
unified parameter space. By sit-
uating these approaches within a
single framework, TFG enables a
more comprehensive understanding
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Figure 1: Quantitative comparison of A2-TFG and advanced
models over six downstream training-free guidance tasks.

of their mechanisms. This unification lays the foundation for analyzing and improving training-
free guidance methods in a principled way, and paves the way for novel techniques that leverage the
strengths of existing methods, potentially enhancing performance and broadening applicability.

However, the current training-free guidance framework still relies on a non-trivial hyperparameter
search to find per-task guidance, as shown in Figure 2(a). In TFG, this search is implemented via
beam search on a validation subset, which substantially reduces but does not eliminate the additional
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Figure 2: Key differences between TFG and our A%2-TFG: (a) TFG uses a validation-set search (im-
plemented as beam search in the original paper) to select task-wise guidance parameters, incurring
additional tuning cost; in contrast, our method analytically computes per-sample guidance weights
at inference time, removing the need for a separate dataset-level tuning phase. (b) Qualitative re-
sults on style transfer, super-resolution, inpainting, and audio restoration show our approach yields
outputs closer to ground truth than TFG in our experiments.

tuning cost. Such search procedures can yield slow convergence and high sensitivity to initialization
and hyperparameters, and may lead to inconsistent outputs, as evidenced by the artifacts and devi-
ations of TFG results in style transfer, super-resolution, inpainting and audio restoration, as shown
in Figure 2[b). Moreover, in the absence of an analytical formulation for the guidance weights, it
is difficult to reason about how the chosen values relate to the underlying objective or to provide
guarantees beyond empirical performance.

Recent advancements in diffusion models have shown remarkable effectiveness across domains, in-
cluding vision (2020a)); Dhariwal & Nichol| (20214), audio [Kong et al.| (2020); [Liu et al.
(2023), molecular generation Hoogeboom et al.| (2022); [Xu et al. (2023), and 3D synthesis [Luo &
(2021); |ILyu et al.| (2021])), establishing them as foundational generative models at scale. Conse-
quently, conditional generation—tailoring model outputs to meet user-defined criteria such as labels,
attributes, and energies—has become a crucial downstream task. While conventional approaches
like classifier guidance Ho & Salimans| (2022) require specialized training for each conditioning
signal, training-free guidance offers a more flexible alternative by leveraging off-the-shelf differen-
tiable predictors without extra training overhead.

In this work, we reveal that parameter search in current training-free guidance frameworks can be in-
terpreted as performing stochastic optimization over guidance parameters on a validation objective.
To address these limitations, we introduce Adaptive Analytical Training-Free Guidance (A%2-TFG),
which derives a closed-form, per-step update for guidance weights under a locally linearized surro-
gate objective within a unified training-free guidance framework. This analytical formulation by-
passes the need for dataset-level hyperparameter search and provides insight into how the guidance
weights relate to the underlying objective, while still being simple to implement. Through extensive
experiments, we demonstrate that the analytical solution derived from A2-TFG yields strong em-
pirical performance in terms of both computational efficiency and generation quality, as showcased
by the comprehensive comparisons and qualitative examples in Figure [I] even though it optimizes
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a local surrogate rather than the final evaluation metrics directly. The contribution of this paper can
be summarized as:

* Theoretical Foundation: We provide an analytical characterization of per-step guidance
weights within a unified training-free guidance framework, deriving a closed-form solution
under a locally linearized surrogate objective and clarifying the assumptions and limitations
of this analysis.

* Methodological Innovation: We develop a novel optimization algorithm leveraging our
analytical solution that eliminates the instability of stochastic optimization while signifi-
cantly improving both computational efficiency and result consistency.

* Empirical Validation: We conduct comprehensive experiments demonstrating the prac-
tical advantages of our analytical approach in terms of generation quality, optimization
stability, and computational efficiency across multiple benchmarks.

2 RELATED WORK

Standard Guidance for Diffusion Models Diffusion models [Ho et al.| (2020b)); Song et al.| (2021)
generate high-quality samples via iterative denoising from Gaussian noise [Sohl-Dickstein et al.
(2015)), capturing complex data structures. While early work focused on unconditional genera-
tion Ho et al.| (2020b), a key advance is *conditional generation*—steering outputs towards desired
criteria Dhariwal & Nichol| (2021b); Saharia et al.| (2022). Training-based guidance achieves this
by incorporating explicit conditioning information during denoising, typically by training auxil-
iary models alongside the diffusion model. A prominent example is classifier guidance [Dhariwal
& Nichol| (2021b); |[Nichol & Dhariwal| (2021); Ho & Salimans| (2022), which uses the gradient
Vi, logpi(c | x¢) from a time-dependent classifier to direct sampling towards condition ¢. While
effective, this approach requires training specialized auxiliary models for each new condition, incur-
ring high computational costs and limiting flexibility, thus motivating training-free alternatives.

Training-free Guidance for Diffusion Models To overcome the limitations of training-based ap-
proaches, various training-free guidance (TFG) methods have emerged, leveraging pre-trained mod-
els or differentiable objectives without task-specific retraining|Hertz et al.|(2022);/Choi et al.|(2021));
Liu et al| (2021); |Avrahami et al.[(2022). Many rely on gradients from external predictors or en-
ergy functions, such as Diffusion Posterior Sampling (DPS) Choi et al.| (2021)); Liu et al.| (2021),
CLIP guidance Kim & Kim| (2022), LGD |Song et al.| (2023), MPGD He et al.| (2024), Free-
DoM |Yu et al.| (2023), and UGD Bansal et al.| (2023). The TFG framework |Ye et al. (2024} uni-
fies these gradient-based techniques. Alternative TFG paradigms include sampling-based methods
(MC/SMC) Nisonoff et al.|(2024); Cardoso et al.| (2023)); |Venkatraman et al.|(2024)), which estimate
posteriors and may reduce hyperparameter tuning, derivative-free approaches |He et al.| (2023); |L1
et al.| (2024)), alignment techniques (e.g., DPO|Wallace et al.|(2024)) that learn from preferences|Kim
et al.[ (2025); Xie & Gong (2024), and domain-specific methods Nisonoff et al.| (2024)); Rector-
Brooks et al. (2024). Our proposed A2-TFG operates within the gradient-based TFG paradigm and
directly addresses the core challenge of optimizing guidance parameters.

Optimizing Guidance Parameters in Diffusion Models Optimizing guidance parameters is essen-
tial for effective diffusion guidance |[Nichol & Dhariwal| (2021)); |Song et al.| (2021)); Kingma et al.
(2021). In training-free, especially gradient-based, methods unified by frameworks like TFG |Ye
et al.| (2024), selecting guidance strength (e.g., scaling factors) typically relies on hyperparame-
ter search on a validation set (e.g., the beam-search procedure in TFG) [Ye et al.| (2024); Kingma
et al.| (2021); [Song & Ermon| (2020), which lacks adaptivity and theoretical grounding. Although
such search is often run on a subset of the data to control cost, it still introduces an additional
tuning phase whenever the task, dataset, or model changes. Although alternative paradigms (e.g.,
sampling-based Nisonoff et al.|(2024); |Cardoso et al.[(2023), alignment-based Wallace et al.[(2024))
and optimization techniques (e.g., adaptive sampling Nichol & Dhariwal (2021);|Song et al.|(2020))
exist, efficient and analytically derived parameter selection for gradient-based TFG remains under-
explored. Our work, A%2-TFG, fills this gap by introducing a closed-form solution to replace costly
search in gradient-based training-free guidance.
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3  PRELIMINARY: UNIFIED TRAINING-FREE GUIDANCE

Diffusion Guidance. Suppose we have an unconditional diffusion model €y (x¢, t), which essen-
tially approximates the score function Vy, logp;(x;) learned from the training data. We aim to
achieve conditional generation Vy, log p;(x; | y) through this model, where the condition could be
a class label for category-specific generation, or partial observations of data for tasks like image/au-
dio restoration. Using Bayes’ theorem, we obtain

Vi, logpi(x: | y) = Vi, logps(x:) + Vi, logpe(y | x¢) . (1)

Approximated by €g Guidance Term

The second term on the right-hand side is the diffusion guidance, which steers the ODE / SDE
trajectory toward the target conditional distribution. Intuitively, the guidance can be learned from
data—for instance, when the condition is a class label, a classifier can be trained to model p;(y | x¢).

Training-Free Guidance (TFG). At any timestep ¢ during denoising, we can obtain a prediction
of the clean data x, denoted as xg;. If we assume x|, follows a distribution close to xg, we can
leverage off-the-shelf property predictors to implement diffusion guidance. Such approaches are
referred to as training-free diffusion guidance. Here, a property predictor can be any differentiable
function f, (x0|t), including classifiers, loss functions, energy functions, efc.

Existing TFG approaches, such as DPS |Chung & Ye|(2022), FreeDoM |Yu et al.|(2023), MPGD |[He
et al.| (2024), and UGD [Bansal et al.| (2023), construct the guidance term through heuristic rules by
adding extra correction terms to the unified guidance formulation (see Eq. [I) together with more
complex iterative procedures, demonstrating strong performance on their respective specialised
tasks. However, their designs lack a unified theoretical basis and require careful hyperparameter
selection. To this end, the Unified TFG|Ye et al.| (2024) is proposed. They find all previous TFG can
be unified under a single formulation, with different methods only correspond to different hyper-
parameter selections. The hyperparameters space is defined as:

HTFG = { (Nrecurijiter;:yvp7 /”') : Nrecur S N7 ]Viter € N; :Y > O,
(2)
poe (R UO)" )

where Nicyr and Ny, indicate steps of outer/inner iterations, 4 a smoothing parameter. p =
(p1,-..,pr)and p = (u1,...,ur) are time-dependent scaling factors for two type of guidance
terms. We skip discussion of the first three parameters as they can be easily determined, and set
Niecur = 1, Nier = 1 and 4 = 0 for simplicity[ﬂ As such, the Unified TFG writes as

€g(X¢,t
OO0 9 0g fy o)
1V 108 fy (301 ®

where o is the noise schedule of the forward diffusion equation, satisfying x; = a;x¢ + 0,2, where
z ~ N(0,1). The most important part is to determine the two sets of coefficients, p and p. Unified
TFG achieves this by searching over candidate values (implemented as beam search on a validation
subset in the original paper) using the following objective:

Vi, logpi(x¢ | y) =

p*a l'l'* = arg IZHIP Eio ~val_data [‘clask (gQ (i0)7 y)] . (4)

Here, ga(X) is the sample generated by the diffusion model guided by the full parameter set {2
(which includes the specific p, u being evaluated). The predictor f, is used within the generation
process gq to provide the guidance signal. y denotes the target condition associated with Xg. Liask
is a suitable loss function (e.g., LPIPS for image restoration, FID for image quality) that measures
the discrepancy between the generated sample gq(Xo) and the target condition y.

'For sake of easy understanding of our method, this is a little over-simplified, and we strongly recommend
readers to read|Ye et al.|(2024])) for a more comprehensive understanding of Unified TFG.
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4 PROPOSED A2-TFG

Searching for scaling factors p and p in the TFG framework has major drawbacks. The large search
space (21" parameters) leads to high computational cost. This method also produces fixed scaling
factors (py, 11¢) used at every timestep for all samples, restricting adaptivity. Grid search often finds
sub-optimal solutions in complex, non-convex landscapes (see Figure 3. To overcome these issues,
we propose A2-TFG, an Analytical and Adaptive Training-Free Guidance method.

Our key idea is to replace this global, discrete search with a local, analytical derivation of these
scaling factors at each step t. Specifically, A2-TFG formulates a tractable optimization problem
at each guidance step. The goal is to find the step-specific scaling factors, p; and p, that directly
minimize the discrepancy between the current guided prediction and the target condition within a
relevant feature space. This enables adaptive adjustment of guidance strength, moving beyond fixed
parameters.

The  other TFG  parameters
(NVrecurs Niters 7)» which  control Search space and \\:& Optimization trajectory
broader loop structures and smooth- search trajectory by TFG 3\ for each sample by Ours
ing, are typically pre-set based on Searched optimal % Derived adaptively optimal
empirical ﬁndings or computational point for a task by TFG * points for each sample by Ours
2.09
budget. Our analytical derivation
focuses on p; and pug, offering a
more efficient and potentially more
effective guidance mechanism. The
complete procedure integrating these

analytical updates is shown in Alg.[] =
4.0

Derivation of Analytical Updates

To implement this adaptive strategy

for p; and py, we define a local opti-
mization objective for each guidance 2.0
step. The core idea is to determine the
scaling factor (either p; or ., gener-
ically denoted as the scaling symbol .
(: herein) that minimizes the discrep- 7510 20 20 =0 Loss
ancy between the guided prediction o

and the target condition y within a

relevant feature space. To formal- Figure 3: Optimization trajectories comparison between
ize the relationship, we employ a dif- TFG and A%-TFG in the (p, p) space. TFG (orange path)
ferentiable feature extractor JF that denotes the validation-set search procedure over (p, i) (e.g.,
encodes how the condition y is de- beam search in the original implementation), which seeks a
rived from the ground truth xo, i.e., task-wise optimum but operates over a discrete grid of can-
y = F(xo). Specifically, we fo- didates. Our A2-TFG (blue trajectories for Samples 1-3)
cus on the predicted clean image x|, analytically derives sample-specific optima (blue stars) un-
which can be obtained by the equa- der the local surrogate objective, enabling adaptive guidance
tion xg; = (x¢ — orep(x¢, 1)) /ay. To without a separate dataset-level search phase.

distinguish, this prediction, which is

obtained before the guidance update, is denoted as xgll‘;“’m. The goal is to find the scale factor (; that
minimizes the following objective:

1.0
0.5

min [FOGE = G- A) =yl ©)

where A is the corresponding guidance gradient, specifically A; := Vy, log f,, (xo|¢) when solving
for pt, or Ag 1= Vi, , log f, (X0)¢) when solving for ji;. This objective serves as a tractable proxy
for improving alignment with the target condition at each step.

current

Derivation of Adaptive Scaling Factors p; and p;: Assuming F is differentiable at X0t and
locally linear, a first-order Taylor expansion gives:

]_-(Xgll];rem G A) & I(XBT;ICHI) — G J]—‘(X(C)T;rem) -vec(A), (6)
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where Jz(xgi"*") denotes the Jacobian matrix of F evaluated at xgi". The term .J ]:(xg“‘fem) .

vec(A) is referred to as the Jacobian-Vector Product (JVP). The JVP is implemented via automatic
differentiation or traditional finite difference methods to reduce computational complexity. Substi-
tuting this into the objective transforms it into a linear least squares problem:

min | F(x5) —y — G - Jr(xgi™) - vee(A)]%. ()

Taking the derivative with respect to (; and setting it to zero gives the analytical solution for the
optimal scaling factor:

<]:(Xcurrent) — v, J]__(Xcurrem) . VCC(A»

. It 0|t
G =— — - 8)
! [ JF (xGire™) - vee(A)||?

This general solution is applied to derive both p; and p; as used in Algorithm|T]
Specifically, for pi: Within each outer recursion step r, x{y*" is xélt) = (x\") = o (x\") 1)) Jour,

and A is A( R v/ N log f (x ((JTt)) Substituting these into Eq. equatlonyields the optimal pj:

i (FO) =y, Tr(x0)) - vee(A™)) o
t = r r :
177 (x([)) - vee(A)]2

current
ou

tion), and A is A(()T =V (m log f (XO‘ ‘ ) Substituting these into Eq. equatlonylelds the optimal

For pf: Within each inner iteration 7/, x is Xo\ . (the prediction at the start of this inner itera-

1y
(F)) —v, Jf<xg,3> vee(AT))
[T (x5,)) - vee(AT)| |2

*

He =

(10)

These derived p; and pj provide adaptive, step-wise optimal scaling factors under the stated as-
sumptions. By computing these values analytically at each step, our method replaces the need for a
separate global hyperparameter search over p and u, offering a more dynamic and efficient approach
under the local surrogate objective.

Discussion: (i) Justification of the Linear Approximation. Our analytical step sizes in Egs. [9]
and [I0] use a first-order Taylor approximation of . This is justified because optimization proceeds
with small, iterative updates at each diffusion step, so F only needs to be locally linear in a small
neighborhood—an assumption that generally holds. Moreover, the denominator ||Jr - vec(A)]|?
regularizes the step size, further ensuring the validity of linear approximation even for complex
networks.

(i) Local Optimality and Convergence. As reviewers noted, our method guarantees optimality
only for the *local, linearized* objective at each step, not global or monotonic convergence. This
trade-off yields a tractable, adaptive closed-form update. Empirically, these locally optimal steps
effectively guide the process toward high-quality solutions, even if the objective does not always
decrease monotonically.

(iii) Independent vs. Joint Parameter Optimization. Our framework optimizes scaling factors p;
and p; independently for efficiency, as joint optimization would require expensive Hessian com-
putations in high dimensions. This reduces the problem to two analytically solvable least-squares
steps. Any suboptimality is mitigated by the iterative updates and the inner loop for 14, which refines
predictions within each timestep.

(iv) Stability and Robustness. Concerns about the stability of the Jacobian-vector product (JVP)
and the accuracy of x|, are mitigated by the inherent noise o; at each diffusion step, which regular-
izes the optimization and smooths gradients. Additionally, re-estimating x|, at every reverse step
enables self-correction, limiting the propagation of early errors.
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Algorithm 1: Analytical and Adaptive Training-Free Guidance

Input: Unconditional diffusion model eg, Target predictor fq, Feature extractor F, Steps T'
Sample x7 ~ N(0,1)
fort=T,---,1do
f(x) = Esn0,1) f (x + J0¢0) // Define measurement function, using Monte-Carlo method
forr=1,---, Nyecur do
Xo|¢ < (Xt — ot€o(x¢, 1))/ // Data prediction
Ay = Vy, log f(xo‘t) // Gradient for p}

L ow (F(xopr)—y,JFvec(Ay))
Ours: p; = TJ 7 vec(A)

p% /1 Grid search

/I Analytical solution

Xo|t  Xo|¢ — pt - A¢ // Apply pi update
forr' =1, s Niter do
Ao = Vx,, log f(x0y¢) // Gradient for p;

(F(x01¢)—y,JF-vec(Ag))
175 vec(Ao) 2
i // Grid search

Ours: p; =

/I Analytical solution

Xo|t = Xop¢ — Mt - Ao // Apply p; update
end for
X¢—1 < DDIM _Sample(xq|s, €9(Xt,t))
X ~ ./\/‘(Oéth‘h o+I) // Recurrent strategy
end for
end for
Output: Conditional sample Xg

5 EXPERIMENTS

5.1 SETTINGS AND IMPLEMENTATIONS

Task Settings We design a diverse set of conditional generation tasks across vision, audio, and
molecular domains. For vision, we evaluate image manipulation tasks such as Gaussian deblurring,
inpainting, and super-resolution using Cat-DDPM |Chen et al.| (2023), and perform style transfer
with Stable Diffusion Rombach et al.|(2022). In audio, we consider declipping and inpainting using
Audio-Diffusion [Liu et al.| (2023). Molecular generation experiments following the protocol of
TFG |Ye et al.| (2024) are reported in the appendix. For each task, we evaluate two main metrics:
guidance validity and generation fidelity. Guidance validity measures how well generated samples
match target conditions, using metrics like classification accuracy for label guidance, LPIPS [Zhang
et al.| (2018) for image reconstruction, Style score for style similarity, and DTW Miiller| (2007)) for
audio similarity. Generation fidelity assesses sample quality using FID |[Heusel et al.| (2017) for
images, CLIP score Radford et al.|(2021) for content, and FAD [Kilgour et al.| (2018)) for audio.

Implementation. We standardize diffusion timesteps (I" = 100) and use the default DDIM sam-
pling coefficients, and we set Nyecyr = 1, Nier = 4 for all methods, following TFG |Ye et al.[(2024).
In our framework, p and p use an ascending configuration, meaning that their schedules are mono-
tonically non-decreasing over timesteps so that later steps use equal or stronger guidance than earlier
ones, while scalars p and i are optimized via our search protocol. For baselines, we use original or
published hyperparameters; if missing, we optimize scaling factors on 1/8 of the data with up to 6
search iterations over [0, 1000]. In such cases, we follow the search procedures recommended in the
original papers (e.g., beam search in TFG) to ensure fair comparison. Parameter tuning and compar-
isons use accuracy metrics, and final results report both accuracy and FID Heusel et al.| (2017). Our
method supports any differentiable predictor, including ResNet and ViT as in TFG.

5.2 COMPARISON WITH THE STATE-OF-THE-ARTS

Main Results. We evaluate our method against six baselines—DPS (Chung & Ye|(2022), LGD|[Song
et al.| (2023), MPGD [He et al.| (2024), FreeDoM |Yu et al.| (2023)), UGD |Bansal et al.  (2023)), and
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Table 1: Comparison with state-of-the-art methods on vision restoration tasks. Metrics are averaged
across settings. Best performance is in bold, second best is underlined .

SR Deblur Inpainting
FID] LPIPS| FID] LPIPS| FID] LPIPS|

Methods

DPS Chung & Ye|(2022) 91.80 0.4111 81.27 0.3761 98.45 0.4327
LGD |Song et al.| (2023) 59.54 0.2027 57.63 0.2219 43.49 0.0563
MPGD |He et al.| (2024)) 63.51 0.2408 47.77 0.1436 37.72 0.0321
FreeDoM |Yu et al.|(2023)) 82.34 0.3731 57.24 0.2198 39.83 0.0504
UGD Bansal et al.| (2023)) 50.54 0.1439 49.72 0.1569 38.02 0.0243
TFG|Ye et al.|(2024) 51.50 0.1429 42.57 0.1117 36.48 0.0129
Ours 39.83 0.0858 42.11 0.1067 36.78 0.0035

TFG|Ye et al.|(2024)—on image and audio manipulation tasks. As shown in Table[I]and Table[2] our
method generally outperforms baselines across most metrics and tasks. On image restoration (Super-
Resolution, Deblur, Inpainting), we achieve leading FID and LPIPS scores, indicating improved
image quality and structure. For Style Transfer, our method is competitive, though LGD |Song et al.
(2023) excels in style adaptation. In audio tasks (Audio Inpainting, Audio Declipping), our approach
achieves notably better DTW and FAD scores.

Super-Resolution Deblur Inpainting
030 == A2-TFG (Ours) == A2-TFG (Ours) 0.03 == A2-TFG (Ours)
TFG 0.14 TFG ’ TFG
0.25
7
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=
— 0.15 0.12
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olope—— | ou
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=
S
50 44
*\‘\_*h_* 37
40 42
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Niier Niier Nirer

Figure 4: Comparison of LPIPS (top row) and FID (bottom row) scores between our method (A2-
TFG, solid blue line with stars) and TFG (dashed orange line with circles) over increasing itera-
tions (V;ter) for Super-Resolution, Deblur, and Inpainting. Our method consistently achieves lower
LPIPS and FID scores across all tasks and iteration counts.

Several key observations could be derived from the results. Different baselines work well on differ-
ent tasks - LGD [Song et al.| (2023) performs best on style transfer, while MPGD |He et al.| (2024)
works well on audio inpainting. This shows current methods often work well only on specific tasks.
Our method performs well across all tasks, showing it can handle many different types of problems
effectively. The improvement is most clear in complex tasks like audio manipulation, where our
method reduces errors by up to 70% compared to other methods. These results show our method
works well as a general solution that can handle many different tasks while maintaining good per-
formance across different cases.

In-depth Comparison with TFG. We further analyze the performance difference between our
method and TFG across different tasks and settings by examining how LPIPS and FID scores change
with increasing iterations (Njze,). As shown in Figure ] both methods show decreasing LPIPS val-
ues as iterations increase, indicating improved perceptual quality. However, our method achieves
consistently lower LPIPS scores across all tested settings and tasks. This advantage is particularly
noticeable in tasks like super-resolution (SR) and deblurring, where the performance gap remains
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Table 2: Comparison with state-of-the-art methods on style transfer and audio manipulation tasks.
Metrics are averaged across settings. Best performance is in bold, second best is underlined.

Style Tr. Audio Inpaint. Audio Declip.

Style,  Clipt DTW, FAD) DTWJ) FAD]
DPS|Chung & Ye (2022) 5636 3139  32.67 3.002 7468 3.689
LGD [Song et al (2023) 64.06 3154  39.96 1.615 41.36 1.819
MPGD [He et al, (2024) 3738 31.05 4503  0.1122 13.66  0.283
FreeDoMYu et al] (2023)  52.56 3145  34.99 1.571 1322 0.557
UGD[Bansal et al] (2023) 5411  31.04 9543 01612  11.10  0.220
TFG [Ye et al| (2024) 38.81 2960  4.818  0.0657 10.35 0.181
Ours 3382 2901 3910  0.0647 3.46 0.071

Methods

stable or even widens with more iterations. The trend suggests that our method’s improvements
stem from fundamental algorithmic advantages rather than computational costs. When examining
FID scores, a similar pattern emerges - our method maintains better performance across different
settings while TFG shows higher sensitivity to parameter choices. This robust performance across
varied conditions demonstrates the stability and generalizability of our approach compared to TFG’s
structure-dependent behavior.

5.3 FURTHER EMPIRICAL STUDY

Quantitative Evaluation of Training-free Guidance. As shown in Figure 4f we conduct com-
prehensive experiments comparing our method and TFG on three representative tasks: Super-
Resolution, Deblurring, and Inpainting. The results demonstrate that our method consistently out-
performs TFG in both perceptual quality, as measured by LPIPS, and generation quality, as measured
by FID. In particular, for the Super-Resolution task, our method maintains significantly lower LPIPS
scores (around 0.1) compared to TFG (above 0.15) across all tested iteration numbers, indicating a
clear and stable advantage. Similar superior performance is observed in both Deblurring and In-
painting tasks, where our method achieves consistently lower metrics regardless of the number of
iterations, further confirming its robustness and effectiveness in diverse scenarios.

Distribution Analysis of Generation Qual-
ity. To further validate effectiveness of our ap- Super Resolution(@512 samples)
proach, we analyze the probability density dis- ours
tribution of LPIPS scores, as illustrated in Fig- TFG
ure[5] The distribution analysis reveals that the &
samples generated by our method consistently

concentrate at lower LPIPS values across all 000 005 010 015 020 025 030
three tasks, which indicates better perceptual Inpainting(@512 samples)

quality and more reliable results. This trend 60 ?;(;5
is especially prominent in the Super-Resolution 40

task, where our method exhibits a clear peak at 5

lower LPIPS values, and in the Inpainting task, 0

where the distribution is more concentrated to- X0 aussian Deblur(@512 samples)
wards better scores. These compelling results 15 ours
substantiate that our method not only achieves 10 TFG

. . 3
better average performance but also maintains &
more stable generation quality, demonstrating
its .con51derab1e advantage. in both mean and Y T T Ty ey T
variance of evaluation metrics. LPIPS

Computational Efficiency Analysis. As Figure 5: Probability density function (PDF) com-
shown in Table [3] we analyze computational parison between our method against TFG on SR,
cost, focusing on the trade-off between of- Gaussian Deblur, and Inpainting tasks with re-
fline hyperparameter search and online infer- spect to LPIPS. It appears that most data points
ence. Methods like TFG require about 70 A100  of ours concentrate at lower LPIPS values, indi-
GPU hours for hyperparameter tuning, which, cating better performance.
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though a one-time offline process, often must

be repeated in practice due to changes in data distribution or task. Parameters found on small sub-
sets may not generalize well, resulting in costly re-tuning for each application or degradation type.
In contrast, A%-TFG eliminates this search phase entirely and only introduces minimal online JVP
computation overhead during inference, increasing per-sample runtime from 5.45s to 5.59s.

The efficiency gains become more pronounced

when considering the total cost of deploying Taple 3: Computational cost comparison between
TFG across multiple tasks or domains. While TFEG and our method. Ours eliminates hyperpa-

TFG’s 70-hour search cost might seem accept-  rameter search with minimal inference cost.
able for a single application, it scales linearly

with the number of tasks, making our approach  pethods Search Cost Inference Cost
increasingly attractive for diverse applications.

TFG|Ye et al.|(2024) ~70h 5.45s
Ours Oh 5.59s

6 CONCLUSION

We propose the first analytically-derived, unified training-free diffusion guidance, addressing insta-
bilities in prior stochastic methods. Our method provides closed-form optimal guidance, removing
costly hyperparameter searches. Experiments across domains show improved generation quality
and lower computational cost over state-of-the-art baselines, while retaining robust, adaptive perfor-
mance. The per-sample analytical adaptation generalizes to new tasks and modalities without extra
training, highlighting the versatility and scalability of our framework.

REFERENCES

Omri Avrahami, Dani Lischinski, and Ohad Fried. Blended diffusion for text-driven editing of nat-
ural images. Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recog-
nition, pp. 18208-18218, 2022.

Arpit Bansal, Hong-Min Chu, Avi Schwarzschild, Soumyadip Sengupta, Micah Goldblum, Jonas
Geiping, and Tom Goldstein. Universal guidance for diffusion models. 2023 IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition Workshops (CVPRW), pp. 843-852, 2023.
URLhttps://api.semanticscholar.org/CorpusID:256846836.

Gabriel Cardoso, Yazid Janati El Idrissi, Sylvain Le Corff, and Eric Moulines. Monte carlo guided
diffusion for bayesian linear inverse problems. arXiv preprint arXiv:2308.07983, 2023.

Ting Chen, Ruixiang Zhang, and Geoffrey Hinton. Cat-ddpm: Conditional categorial denoising
diffusion probabilistic models for image synthesis, 2023.

Jooyeol Choi, Sungwon Kim, Yonghyun Jeong, Youngwan Gwon, and Sungroh Yoon. Not all image
discriminators are created equal: Conditional guidance for zero-shot image generation. arXiv
preprint arXiv:2110.06399, 2021.

Hyungjin Chung and Jong Chul Ye. Score-based diffusion models for accelerated mri. Medical
image analysis, 80:102479, 2022.

Prafulla Dhariwal and Alexander Nichol. Diffusion models beat gans on image synthesis. Advances
in neural information processing systems, 34:8780-8794, 2021a.

Prafulla Dhariwal and Alexander Nichol. Diffusion models beat gans on image synthesis. Advances
in Neural Information Processing Systems, 34:8780-8794, 2021b.

Jingye He, Yifan Zhang, Jiannan Wang, and Jiaming Chen. Derivative-free guidance in continuous
and discrete diffusion models with soft value-based decoding, 2023.

Yutong He, Naoki Murata, Chieh-Hsin Lai, Yuhta Takida, Toshimitsu Uesaka, Dongjun Kim, Wei-
Hsiang Liao, Yuki Mitsufuji, J Zico Kolter, Ruslan Salakhutdinov, and Stefano Ermon. Manifold
preserving guided diffusion. In The Twelfth International Conference on Learning Representa-
tions, 2024. URL https://openreview.net/forum?id=03Bx0OLoxml.

10


https://api.semanticscholar.org/CorpusID:256846836
https://openreview.net/forum?id=o3BxOLoxm1

Under review as a conference paper at ICLR 2026

Amir Hertz, Ron Mokady, Jay Tenenbaum, Kfir Aberman, Yael Pritch, and Daniel Cohen-Or.
Prompt-to-prompt image editing with cross attention control. arXiv preprint arXiv:2208.01626,
2022.

Martin Heusel, Hubert Ramsauer, Thomas Unterthiner, Bernhard Nessler, and Sepp Hochreiter.
Gans trained by a two time-scale update rule converge to a local nash equilibrium. Advances in
neural information processing systems, 30, 2017.

Jonathan Ho and Tim Salimans. Classifier-free diffusion guidance. arXiv preprint
arXiv:2207.12598, 2022.

Jonathan Ho, Ajay Jain, and Pieter Abbeel. Denoising diffusion probabilistic models. Advances in
neural information processing systems, 33:6840-6851, 2020a.

Jonathan Ho, Ajay Jain, and Pieter Abbeel. Denoising diffusion probabilistic models. Advances in
Neural Information Processing Systems, 33:6840-6851, 2020b.

Emiel Hoogeboom, Victor Garcia Satorras, Clément Vignac, and Max Welling. Equivariant diffu-
sion for molecule generation in 3d. In International conference on machine learning, pp. 8867—
8887. PMLR, 2022.

Kevin Kilgour, Mauricio Zuluaga, Dominik Roblek, and Matthew Sharifi. Fr\’echet audio distance:
A metric for evaluating music enhancement algorithms. arXiv preprint arXiv:1812.08466, 2018.

Gwanghyun Kim and Taesung Kim. Diffusionclip: Text-guided diffusion models for robust im-
age manipulation. Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pp. 24262435, 2022.

Sunwoo Kim, Minkyu Kim, and Dongmin Park. Alignment without over-optimization: Training-
free solution for diffusion models, 2025.

Diederik Kingma, Tim Salimans, Ben Poole, and Jonathan Ho. Variational diffusion models. Ad-
vances in Neural Information Processing Systems, 34:21696-21707, 2021.

Zhifeng Kong, Wei Ping, Jiaji Huang, Kexin Zhao, and Bryan Catanzaro. Diffwave: A versatile
diffusion model for audio synthesis. arXiv preprint arXiv:2009.09761, 2020.

Xiner Li, Yulai Zhao, Chenyu Wang, Gabriele Scalia, Gokcen Eraslan, Surag Nair, Tommaso Bian-
calani, Shuiwang Ji, Aviv Regev, Sergey Levine, et al. Derivative-free guidance in continuous
and discrete diffusion models with soft value-based decoding. arXiv preprint arXiv:2408.08252,
2024.

Haohe Liu, Zehua Chen, Yi Yuan, Xinhao Mei, Xubo Liu, Danilo Mandic, Wenwu Wang, and
Mark D Plumbley. Audioldm: Text-to-audio generation with latent diffusion models. arXiv
preprint arXiv:2301.12503, 2023.

Xihui Liu, Yuxin Gong, Shashank Sharma, Arun Raj, Eric Aguirre, Lin Zhang, Dhruv Batra, Anima
Anandkumar, Yu Qiao, and Caroline Chan. More control for free! image synthesis with semantic
diffusion guidance. arXiv preprint arXiv:2112.05744, 2021.

Shitong Luo and Wei Hu. Diffusion probabilistic models for 3d point cloud generation. In Proceed-
ings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 2837-2845,
2021.

Zhaoyang Lyu, Zhifeng Kong, Xudong Xu, Liang Pan, and Dahua Lin. A conditional point
diffusion-refinement paradigm for 3d point cloud completion. arXiv preprint arXiv:2112.03530,
2021.

Meinard Miiller. Dynamic time warping. Information retrieval for music and motion, pp. 69-84,
2007.

Alexander Quinn Nichol and Prafulla Dhariwal. Improved denoising diffusion probabilistic models.
In International Conference on Machine Learning, pp. 8162-8171. PMLR, 2021.

11



Under review as a conference paper at ICLR 2026

Hunter Nisonoff, Junhao Xiong, Stephan Allenspach, and Jennifer Listgarten. Unlocking guidance
for discrete state-space diffusion and flow models. arXiv preprint arXiv:2406.01572, 2024.

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh, Sandhini Agarwal,
Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark, et al. Learning transferable visual
models from natural language supervision. In International conference on machine learning, pp.
8748-8763. PMLR, 2021.

Jarrid Rector-Brooks, Mohsin Hasan, Zhangzhi Peng, Zachary Quinn, Chenghao Liu, Sarthak Mit-
tal, Nouha Dziri, Michael Bronstein, Yoshua Bengio, Pranam Chatterjee, et al. Steering masked
discrete diffusion models via discrete denoising posterior prediction, 2024.

Robin Rombach, Andreas Blattmann, Dominik Lorenz, Patrick Esser, and Bjorn Ommer. High-
resolution image synthesis with latent diffusion models, 2022.

Chitwan Saharia, William Chan, Saurabh Saxena, Lala Li, Jay Whang, Emily Denton, Seyed Kam-
yar Seyed Ghasemipour, Burcu Karagol Ayan, S Sara Mahdavi, Rapha Gontijo Lopes, et al.
Photorealistic text-to-image diffusion models with deep language understanding. arXiv preprint
arXiv:2205.11487, 2022.

Jascha Sohl-Dickstein, Eric Weiss, Niru Maheswaranathan, and Surya Ganguli. Deep unsupervised
learning using nonequilibrium thermodynamics. In International Conference on Machine Learn-
ing, pp. 2256-2265. PMLR, 2015.

Jiaming Song, Qinsheng Zhang, Hongxu Yin, Morteza Mardani, Ming-Yu Liu, Jan Kautz, Yongxin
Chen, and Arash Vahdat. Loss-guided diffusion models for plug-and-play controllable generation.
In International Conference on Machine Learning, pp. 32483-32498. PMLR, 2023.

Yang Song and Stefano Ermon. Improved techniques for training score-based generative models.
Advances in Neural Information Processing Systems, 33:12438—-12448, 2020.

Yang Song, Jascha Sohl-Dickstein, Diederik P Kingma, Abhishek Kumar, Stefano Ermon, and Ben
Poole. Score-based generative modeling through stochastic differential equations. arXiv preprint
arXiv:2011.13456, 2020.

Yang Song, Jascha Sohl-Dickstein, Diederik P Kingma, Abhishek Kumar, Stefano Ermon, and Ben
Poole. Score-based generative modeling through stochastic differential equations. International
Conference on Learning Representations, 2021.

Siddarth Venkatraman, Moksh Jain, Luca Scimeca, Minsu Kim, Marcin Sendera, Mohsin Hasan,
Luke Rowe, Sarthak Mittal, Pablo Lemos, Emmanuel Bengio, et al. Amortizing intractable in-
ference in diffusion models for vision, language, and control. arXiv preprint arXiv:2405.20971,
2024.

Bram Wallace, Meihua Dang, Rafael Rafailov, Lingi Zhou, Aaron Lou, Senthil Purushwalkam,
Stefano Ermon, Caiming Xiong, Shafiq Joty, and Nikhil Naik. Diffusion model alignment using
direct preference optimization, 2024.

Xin Xie and Dong Gong. Dymo: Training-free diffusion model alignment with dynamic multi-
objective scheduling, 2024.

Minkai Xu, Alexander S Powers, Ron O Dror, Stefano Ermon, and Jure Leskovec. Geometric latent
diffusion models for 3d molecule generation. In International Conference on Machine Learning,
pp- 38592-38610. PMLR, 2023.

Haotian Ye, Haowei Lin, Jiagi Han, Minkai Xu, Sheng Liu, Yitao Liang, Jianzhu Ma, James Zou,
and Stefano Ermon. Tfg: Unified training-free guidance for diffusion models. arXiv preprint
arXiv:2409.15761, 2024.

Jiwen Yu, Yinhuai Wang, Chen Zhao, Bernard Ghanem, and Jian Zhang. Freedom: Training-free
energy-guided conditional diffusion model. Proceedings of the IEEE/CVF International Confer-
ence on Computer Vision (ICCV), 2023.

Richard Zhang, Phillip Isola, Alexei A Efros, Eli Shechtman, and Oliver Wang. The unreasonable
effectiveness of deep features as a perceptual metric. In Proceedings of the IEEE conference on
computer vision and pattern recognition, pp. 586-595, 2018.

12



Under review as a conference paper at ICLR 2026

A DECLARATION OF LLM USAGE

During the writing of the manuscript, we utilized a Large Language Model (ChatGPT) as a writing
assistant. The scope of its usage was limited to improving grammar, polishing sentences, and
enhancing the clarity and fluency of this manuscript. The method, claims, experimental results
and conclusions are developed by the authors.
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