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Abstract. Training-free guidance (TFG) steers a pretrained diffusion
model toward a desired attribute at inference. To be effective, this guid-
ance must be applied from the earliest, high-noise steps of sampling.
Because its objective (a classifier or energy) is defined on clean images,
ϵ- and v-prediction models must first estimate the clean image x̂ from
the noisy state at each step, and the accuracy of that estimate deter-
mines how easily guidance drifts off the data manifold. x-prediction,
a recent alternative, outputs the clean image directly, removing this
source of error even at high noise. This is our motivation. We provide
a theoretical analysis of how each prediction target shapes this accu-
racy, and introduce guided-class FID (Child FID), a metric that exposes
the manifold damage standard evaluation misses. Experiments on a
new fine-grained bird benchmark and on style transfer confirm that x-
prediction keeps guided samples on the manifold most reliably, making it
the strongest foundation for training-free guidance. Code is available at
https://github.com/ManLuML/on-manifold-tfg.

Keywords: Diffusion Models · Training-Free Guidance · Prediction
Target · Flow Matching · Inference-Time Guidance

1 Introduction

Training-free guidance (TFG) [5, 34, 38] steers diffusion models [13, 31] toward
desired properties without retraining, but strong guidance can push samples
off the data manifold. The resulting catastrophic failures (collapsed, distorted
images) are qualitatively different from a graceful failure, in which guidance
misses the target class but the image remains a realistic sample from the learned
distribution. A model whose worst case is graceful failure is fundamentally more
dependable: even when guidance errs, the basic contract of generative modeling,
producing plausible images, is preserved.
⋆ Equal contribution.
† Corresponding author.

https://github.com/ManLuML/on-manifold-tfg
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Fig. 1: Prediction target determines whether training-free guidance stays
on-manifold. (a) Without guidance, all targets denoise zt onto source class Ms ⊂ M.
With TFG, x-prediction slides along M to target class Mt; v/ϵ-prediction departs
M. (b) Crossed-lines (D=512, top) and ImageNet (bottom): x-prediction preserves
structure; ϵ-prediction collapses off-manifold with catastrophic artifacts.

Yet this distinction has gone unnoticed. Standard Validity (top-1 accuracy)
rewards any sample the classifier accepts, whether on- or off-manifold, a blind
spot shared by 15 of 17 recent TFG papers [33] (Appendix D). When prior work
maximises Validity under strong guidance [38], it unknowingly selects off-manifold
images fooling classifiers (akin to adversarial perturbations [24,36]) rather than
diverse samples of the target class. The evaluation does not merely fail to detect
manifold departure; it actively encourages it.

We trace the difference between catastrophic and graceful failure to a design
decision predating any guidance algorithm: the prediction target. Three targets
have been proposed: ϵ-prediction (noise) [25], v-prediction (velocity) [3, 21], and
x-prediction (clean data) [18]. Guidance operates on the clean-image estimate x̂:
ϵ- and v-prediction must recover it from the noisy state, whereas x-prediction
outputs it directly. Under identical architecture and training, the three targets
produce comparable generation quality, yet differ fundamentally in manifold
preservation [18]: x-prediction succeeds where ϵ-prediction fails catastrophically.
Because TFG computes its guidance gradient through this estimate (∇ztE(x̂)),
the fidelity of x̂ directly controls guidance quality. We ask: does the prediction
target’s influence on manifold quality, demonstrated at training time [18], extend
to inference-time guidance?

We prove that prediction targets create a strict hierarchy of error amplification
(Proposition 1). The mechanism is the recovery formula: ϵ-prediction divides
by t, amplifying errors by (1−t)/t, a factor that diverges at high noise (t → 0).
In contrast, v-prediction attenuates errors by a bounded (1−t) factor, and x-
prediction introduces no amplification at all. These per-step errors compound
across sampling, causing ϵ-prediction’s cumulative perturbation to diverge while
x-prediction’s remains bounded (Proposition 2). The gap further widens with
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Fig. 2: Crossed-lines guided
generation (s=10, 100 steps). ϵ-
prediction collapses by D=32. Full
grid in Appendix G.
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Fig. 3: On-manifold rate vs. ambient dimen-
sion (s=10). x-prediction holds >93% at D=512;
v-prediction degrades to 21.5%; ϵ-prediction drops
to 0.5%. Data from Tab. 10.

ambient dimension [15,16] (Appendix A). Controlled ablations confirm this hier-
archy: in crossed-lines experiments (identical architecture and training, varying
only the prediction target across D ∈ {2, 8, 32, 128, 512}), x-prediction maintains
high on-manifold rate while ϵ-prediction collapses (Fig. 1, Figs. 2 and 3).

Validating this hierarchy at real scale demands three evaluation advances
absent from prior TFG work: (i) a fine-grained benchmark separating guidance
and evaluation classifiers, (ii) a manifold-aware metric, and (iii) guidance-strength
sweep plots replacing single-point comparisons. We construct a 143-species bird
classification benchmark on ImageNet 256×256 and introduce Child FID (C-
FID), FID between guided samples and the target species domain, sweeping
guidance strength ρ across Pareto frontiers (Fig. 4). We evaluate four pretrained
Diffusion Transformers at comparable quality (FID≈2) across all three prediction
targets [3,18,21,25]. At matched classifier accuracy (≈26.6%), C-FID reveals a 5.2-
point gap between x- and ϵ-prediction (32.9 vs. 38.1), manifold damage invisible
to standard evaluation. Qualitative analysis shows ϵ-prediction achieving Validity
via classifier-friendly patterns rather than diverse samples (Fig. 7). PixelFlow
(v-prediction, pixel space) isolates prediction target as the decisive variable: its
C-FID reverses under strong guidance while JiT’s continues decreasing (Sec. 5).

Across controlled ablations and ImageNet-scale experiments alike, x-prediction
yields the most stable behavior among the three targets for inference-time guid-
ance. Among JiT variants (B/L/H), larger models achieve strictly better guidance
Pareto frontiers, a guidance scaling effect in which capacity improves both gener-
ation quality and guidance responsiveness. These findings establish prediction
target selection as a first-order design decision for inference-time control.



4 Y. Lee and H. Lee

Contributions. This paper makes three contributions:

1. Theoretical framework. We prove a strict error amplification hierarchy
across prediction targets and show these errors compound into divergent
trajectory perturbation for ϵ-prediction while x-prediction’s cumulative error
remains bounded (Propositions 1 and 2).

2. Manifold-aware evaluation protocol. We introduce (i) a fine-grained
bird classification benchmark (143 species, separate guidance and evaluation
classifiers), (ii) Child FID (C-FID) to measure within-class realism, and
(iii) guidance-strength Pareto sweeps replacing single-point comparisons.

3. Empirical validation. In crossed-lines ablations, x-prediction maintains
>93% on-manifold rate while ϵ-prediction collapses to <1%. On ImageNet at
matched Validity, C-FID reveals a 5.2-point gap between x- and ϵ-prediction;
PixelFlow’s C-FID reversal confirms prediction target, not operating space, as
the decisive factor (Sec. 5).

2 Related Work

Prediction Targets in Diffusion Models. DDPM [13] established ϵ-prediction
as the default; score-based models [35] gave an equivalent view via Tweedie’s
formula [8,30]. Salimans and Ho [32] introduced v-prediction for improved stability.
State-of-the-art Diffusion Transformers achieve comparable quality across all
three targets: DiT-XL [25] (ϵ), SiT-XL [21] (v), and JiT-G [18] (x). Prior work
observed ϵ-prediction’s training-time error amplification [11,16]; Jin and Wang [15]
independently confirm this from a dimensionality perspective. We extend these
training-time observations to inference-time guidance (Proposition 1).

Training-Free Guidance and Off-Manifold Departure. DPS [5] and LGD [34] apply
gradient-based guidance for inverse and general problems. TFG [38] unifies prior
methods [2, 39] via seven hyperparameters controlling mean/variance guidance
and recurrence. All methods depend on clean data estimates x̂: guidance computes
∇ztE(x̂), so the fidelity of x̂ determines both guidance quality and sample realism.
Strong guidance produces degraded, off-manifold samples akin to adversarial
perturbations [24, 36]. Theoretically, nonzero score error enables strong guidance
to push samples off the data support [4], a failure mode confirmed for CFG [6]
and extending to training-free methods. Our analysis (Sec. 3.2) shows that the
prediction target determines the accuracy of the manifold-restoring force.

Guidance for Flow Matching and Evaluation. Feng et al . [9] derive Flow Matching
guidance via velocity-field modifications; we adopt TFG’s post-step correction
for its unified DDPM–Flow Matching interface. Standard FID and classifier
accuracy cannot distinguish on-manifold success from adversarial artifacts [29,33]:
a concern borne out across 17 surveyed papers, most lacking manifold-aware
metrics (Appendix D). We address this with guided-class FID (Child FID) and
guidance-strength Pareto sweeps (Appendix C).
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3 Method

3.1 Preliminaries

Flow Matching Formulation. Following JiT [18], we adopt the Flow Matching
formulation [1, 19, 20]: zt = t · x+ (1−t) · ϵ with ϵ ∼ N (0, I) and t ∈ [0, 1], where
t=1 corresponds to clean data and t=0 to pure noise.

Prediction Targets. Three prediction targets have been proposed:

– ϵ-prediction: The network predicts noise ϵθ(zt, t) ≈ ϵ

– v-prediction: The network predicts velocity vθ(zt, t) ≈ v = x− ϵ

– x-prediction: The network predicts clean data xθ(zt, t) ≈ x

Given each prediction, clean data can be recovered as x̂(ϵ) = (zt − (1−t)ϵθ)/t,
x̂(v) = zt + (1−t)vθ, and x̂(x) = xθ directly. Each formula estimates the posterior
mean E[x | zt], the flow matching analogue of Tweedie’s formula [8], but through
parameterizations with fundamentally different numerical stability (Appendix A).

3.2 Error Propagation in Clean Data Estimation

We analyze how prediction errors propagate to clean data estimates, the quantity
that determines whether guided trajectories remain on the data manifold.

Proposition 1 (Error Amplification). Let δϵ = ∥ϵ− ϵθ∥2, δv = ∥v − vθ∥2,
and δx = ∥x− xθ∥2 be prediction errors for each target. The error in recovered
clean data is: ∥∥∥x̂(ϵ) − x

∥∥∥
2
=

1− t

t
δϵ (1)∥∥∥x̂(v) − x

∥∥∥
2
= (1− t)δv (2)∥∥∥x̂(x) − x

∥∥∥
2
= δx (3)

Proof (Proof sketch). By direct substitution of recovery formulas into the forward
process. For ϵ-prediction: x̂(ϵ) = x+ 1−t

t (ϵ−ϵθ). For v- and x-prediction: analogous.
Full proof in Appendix B.

As t → 0, ϵ-prediction’s amplification diverges while v- and x-prediction
remain bounded: a strict hierarchy in how prediction errors propagate to clean-
data estimates.

Cumulative Trajectory Divergence. Proposition 1 bounds the error at a single
timestep, but guided sampling involves many steps; whether trajectories stay on
the data manifold depends on how these errors accumulate. Guided sampling is
iterative: errors at step k corrupt the state for step k+1.
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Proposition 2 (Cumulative Guidance Error). Under guided Euler sampling
with Lg-Lipschitz guidance, the cumulative perturbation for ϵ-prediction contains
a − ln t0 term that diverges as t0 → 0, while the bound for x-prediction remains
O(1−t0). Full statement and proof in Appendix B.

Early high-noise steps contribute disproportionately large errors under ϵ-
prediction, corrupting the trajectory for all subsequent steps and driving system-
atic departure from the data manifold.

Remark 1 (Manifold Force Interaction). The score ∇zt log pt(zt) decomposes
into a denoising component and a manifold force [26] that pulls samples toward
the data manifold M. This restoring force is weakest near t = 0 (pure noise) and
becomes dominant only as t → 1 (clean data) (Appendix A). At the start of the
reverse process, where this restoring force is weakest, ϵ-prediction’s O(1/t) error
amplification (Proposition 1) is simultaneously at its strongest, corrupting the
clean data estimate and allowing guidance to overpower the weakened manifold
force, driving samples off M. For x-prediction, no such singularity exists, and
guidance and manifold forces compose stably.

The amplification factors above are dimension-independent, but prior work [11,
15,16] has shown that prediction errors themselves scale with dimension: δϵ ∼

√
D

while δx ∼
√
d with d ≪ D. This base-error gap compounds with the amplification

hierarchy; see Appendix A for a detailed analysis.

3.3 Implications for Training-Free Guidance

Guidance methods compute gradients ∇ztE(x̂) where E is an energy function.

Theorem 1 (Gradient Stability). For a Lipschitz energy function E with
constant L, the guidance gradient bound scales as O(1/t) for ϵ-prediction, O(1) for
v-prediction, and O(∥Jxθ

∥) for x-prediction. Full bounds and proof in Appendix B.

The gradient bounds mirror the error hierarchy (assuming comparable network
Jacobian norms across targets), indicating x-prediction yields the most stable
guidance gradients among the three targets, particularly at early timesteps where
global structure is determined.

From Error Amplification to Child FID. The error amplification hierarchy predicts
a specific empirical signature. Cumulative trajectory perturbation (Proposition 2)
means that samples departing the data manifold during early guided steps cannot
re-enter the target class’s natural distribution. We measure this through guided-
class FID (Child FID): FID computed between guided samples of class y and
real images of class y. A model achieving high Validity (classifier accuracy) but
high C-FID produces adversarial-like successes: samples that fool the classifier
without resembling real class members. The hierarchy predicts that ϵ-prediction
enters this adversarial regime at lower guidance strengths than v- or x-prediction,
a prediction we test directly in Sec. 5.
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Table 1: ImageNet 256×256 pretrained models. All use the Diffusion Transformer
architecture. ∗JiT-G/16 (2B) achieves FID 1.82; we use JiT-H for parameter comparabil-
ity. †Includes VAE decoder (49M); under TFG the decoder is invoked at every denoising
step for guidance in pixel space, making it an integral part of the generation pipeline.
‡Cascade total across all stages; not directly comparable to single-pass GFLOPs.

Space Model Target FID↓ IS↑ Params GFLOPs

Pixel PixelFlow [3] v 1.98 282.1 677M 2909‡

JiT-H/16∗ [18] x 1.86 303.4 953M 182

Latent DiT-XL/2 [25] ϵ 2.27 278.2 724M† 119
SiT-XL/2 [21] v 2.06 277.5 724M† 119

Applying TFG to x-prediction. Under TFG [38], x-prediction simplifies guidance:
x̂ = xθ(zt, t) directly, bypassing the unstable recovery formula. The full algorithm
and latent-space details are in Appendix F.

4 Experiments

We evaluate whether x-prediction provides a better foundation for training-
free guidance compared to ϵ- and v-prediction. Full experimental protocols and
additional studies are in Appendix G.

4.1 Models

We use official pretrained checkpoints spanning three prediction targets and two
operating spaces (Tab. 1); model sources, seeds, and the compute budget are
in Appendix I. DiT-XL/2 (ϵ) and SiT-XL/2 (v) share identical architecture,
parameters (675M diffusion model + 49M VAE decoder), training data, and
latent space, isolating prediction target as the sole variable. JiT-H/16 (x, 953M) is
our primary x-prediction model, chosen over the larger JiT-G (2B) for parameter-
scale comparability. PixelFlow (v, pixel) provides a critical control: against SiT
it isolates operating-space effects; against JiT it isolates prediction target within
pixel space. ADM-G [7] (U-Net, ϵ-prediction, FID 4.59) is the only available
pixel-space ϵ-prediction baseline (Appendix E). JiT model variants (B/L/H/G)
are detailed in Appendix E.

Why models differ beyond prediction target. Li and He [18] showed that, under
identical pixel-space transformer training, ϵ-prediction achieves FID 372.38 versus
8.62 for x-prediction, a 43× gap indicating that ϵ-prediction depends on latent-
space compression to function competitively. Each model in our comparison
therefore represents its prediction target’s best achievable configuration; the
architecture and space differences are consequences, not confounds, of prediction
target choice (Appendix E).
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4.2 Controlled Ablation: Crossed-Lines

To isolate prediction target effects from all other confounds, we train identical
MLP-based flow matching models on a 2D crossed-lines dataset (two 1D line
manifolds, b=a and b=−a, with perpendicular Gaussian noise) embedded in
ambient dimensions D ∈ {2, 8, 32, 128, 512} via column-orthogonal projection
(Appendix G).

Architecture and training. For each D, we train three residual MLPs (256 hidden,
5 blocks) differing only in prediction target, with flow matching for 500 epochs
and identical hyperparameters; a separate MLP classifier per D provides the
DPS signal (details in Appendix G).

Guidance and evaluation. We apply DPS with guidance strength s=10, using
Euler sampling with 100 steps. Each condition generates 10,000 samples. We
report on-manifold rate: the fraction of generated samples within perpendicular
distance δ of the true 1D manifold, where δ is the 95th percentile of ground truth
perpendicular distances (measurement details in Appendix G). By embedding the
same 1D manifold (d=1) in progressively higher ambient dimensions, this ablation
directly tests the dimension-dependent error scaling analyzed in Appendix A.
Full experimental details and additional metrics are in Appendix G.

4.3 Fine-Grained Bird Classification Benchmark

We construct a hierarchical fine-grained classification benchmark to evaluate
training-free guidance quality at the species level.

Construction. Starting from 30 ImageNet bird classes (e.g., goldfinch, hummingbird,
drake), we identify fine-grained species from a 525-species bird classification
dataset [27] (previously used for fine-grained guidance evaluation by Ye et al . [38])
that map to each parent, yielding 143 species nested within 30 parent classes
(2–20 species per parent, mean 4.8; dataset details in Appendix G). This hierarchy
naturally separates two levels of conditioning: classifier-free guidance (CFG) [14]
steers toward the parent class using the model’s own class conditioning, while
gradient-based guidance (DPS [5]) steers each sample toward a specific species
via an external fine-grained classifier1. We use separate classifiers for guidance
and evaluation to avoid circular evaluation [33] (Appendix C).

Why fine-grained birds? Bird classes are already part of ImageNet’s label space,
so pretrained models can generate them without domain transfer. Species differ
in subtle plumage, beak, and eye markings, requiring semantic shifts that make
the gap between classifier-fooling artifacts and on-manifold guidance more visible.
The hierarchical structure (parent class → species) naturally separates the roles
of CFG and DPS, enabling controlled guidance-strength sweeps.
1 Guidance: https : / / huggingface . co / dennisjooo / Birds - Classifier -
EfficientNetB2; evaluation: https://huggingface.co/chriamue/bird-species-
classifier

https://huggingface.co/dennisjooo/Birds-Classifier-EfficientNetB2
https://huggingface.co/dennisjooo/Birds-Classifier-EfficientNetB2
https://huggingface.co/chriamue/bird-species-classifier
https://huggingface.co/chriamue/bird-species-classifier
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Scale. Each condition generates 64 samples per species across all 143 classes
(9,152 images), with ρ swept across 5–10 values per model for six models in total.

4.4 Evaluation Protocol

Standard evaluation reports Validity and FID at a fixed guidance strength,
but neither metric detects manifold departure. Validity rewards any image the
classifier labels correctly, including off-manifold artifacts that fool the network.
Parent FID (P-FID, against the full ImageNet reference) rises whether guidance
degrades images or successfully shifts them toward a sub-class. A survey of 17
method papers reveals that manifold-aware metrics and guidance-strength sweeps
remain uncommon: only two report manifold-aware metrics (Appendix D).

Child FID and guidance sweeps. We propose Child FID (C-FID): FID [12]
between guided samples and the target domain, the bird species dataset (justified
in Appendix C). Rising P-FID paired with falling C-FID signals successful
guidance; both rising signals degradation. Rather than single-point comparisons,
we sweep ρ and plot Pareto curves (P-FID vs. Validity, P-FID vs. C-FID; Fig. 4).

Inference setup. We standardize all models to NFE≈100 using each model’s
native sampler: DiT uses 100-step DDPM, SiT and JiT use 50-step Heun, and
PixelFlow uses 30-step×4-stage Euler (NFE=120). Latent models use the ema
VAE decoder. These settings reduce NFE from each model’s published optimum
to enable fair comparison; full configurations are in Appendix G (Tab. 13).

Guidance. We apply DPS [5], adding ρ∇zt log p(y | x̂) at each denoising step with
x-space corrections. Latent models (DiT, SiT) require VAE decoder passes at each
guidance step for pixel-space gradients; this overhead is absent for pixel-space
models (JiT, PixelFlow). Full configuration details are in Appendix G.

5 Results

5.1 Crossed-Lines Ablation

The crossed-lines toy experiment (Fig. 1b, Fig. 2) isolates the effect of prediction
target in a controlled setting where architecture and training are identical. As
ambient dimension increases from D=2 to D=512, the hierarchy predicted by
Proposition 1 emerges (Fig. 3): x-prediction maintains 93.3% on-manifold rate
at D=512, v-prediction degrades to 21.5%, and ϵ-prediction collapses to 0.5%,
consistent with

√
D error scaling (Appendix A). Full metrics and the complete

visualization grid are in Appendix G (Tab. 10 and Fig. 11).

5.2 Fine-Grained Bird Classification

Fig. 4 presents guidance-strength sweeps across six models spanning three pre-
diction targets and two operating spaces.
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(a) P-FID vs. Validity (b) P-FID vs. C-FID

Fig. 4: Guidance-quality Pareto frontiers on fine-grained bird classification.
Each curve traces one model across guidance strengths ρ; open markers denote CFG-only
baselines (ρ=0), dashed segments connect to the first guided setting. Each data point
represents 9,152 generated images (143 species × 64 samples). (a) P-FID vs. Validity.
Labels A–D mark the operating points visualized in Fig. 7. (b) P-FID vs. C-FID.

Validity alone is misleading. All models show increasing Validity with ρ (Fig. 4a),
but the quality cost differs substantially across targets. At matched Validity
(≈26.6%), JiT-H (ρ=3, P-FID 6.9) and DiT (ρ=0.1, P-FID 6.7) appear equivalent.
Under stronger guidance, DiT reaches 29.6% Validity but at P-FID 14.2 (2.6× its
baseline), while JiT maintains low P-FID throughout. Single-point comparisons
obscure this divergence.

Child FID reveals manifold fidelity. Fig. 4b disambiguates the P-FID trade-off.
At matched Validity (≈26.6%), JiT-H achieves C-FID 32.9 versus DiT’s 38.1
and SiT’s 34.7, a 5.2-point gap between x- and ϵ-prediction at identical classifier
confidence. DiT’s trajectory is revealing: from ρ=0.1 to ρ=0.5, Validity gains
come with stagnant C-FID and collapsing P-FID, a characteristic signature
of adversarial-like guidance predicted by Proposition 1. Qualitative inspection
confirms this pattern: DiT’s guided samples concentrate on a narrow set of visual
templates, whereas JiT produces diverse compositions across the same species
(Fig. 7).

Mode collapse. We quantify the diversity loss with DINOv2 Precision and Re-
call [23] (Fig. 5). Mode collapse corresponds to high Precision with low Recall: a
model that produces a narrow but realistic subset covers the target distribution
poorly. DiT (ϵ) follows this pattern, with Precision peaking at 0.24 while Recall
stays around 0.49, whereas JiT-H (x) has lower Precision but higher Recall (up
to 0.59). This accounts for the high Precision of ϵ-prediction: Precision measures
only the realism of generated samples, not coverage of the target distribution,
and Recall shows that DiT covers less of it. The behavior is consistent with
the error amplification hierarchy (Proposition 1): under guidance, ϵ-prediction
concentrates samples on a narrow set of classifier-activating features and reduces
the support that x-prediction retains.
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Fig. 5: Precision and Recall under guidance on fine-grained bird classification.
DINOv2 k-NN Precision and Recall traced over the DPS ρ-sweep; open markers denote
CFG-only baselines (ρ=0), dashed segments connect to the first guided setting. (a) ϵ-
prediction (DiT) attains the highest Precision (fidelity), while (b) x-prediction (JiT)
attains the highest Recall (coverage). The joint pattern of high Precision and low Recall
is the mode-collapse signature of ϵ-prediction. Full six-model curves are in Fig. 14
(Appendix H).

Prediction target vs. operating space. PixelFlow (v-prediction, pixel space) pro-
vides a critical control for JiT (x-prediction, pixel space). Despite sharing the
same operating space, PixelFlow exhibits a substantially worse Pareto frontier:
its C-FID initially improves from 44.1 (ρ=0) to 36.2 (ρ=2) but then increases
to 47.7 at strong guidance (Fig. 4b), signaling manifold departure. In contrast,
JiT-H’s C-FID continues decreasing throughout the sweep, reaching 30.6 at ρ=8.
This indicates that the prediction target, rather than the operating space, is the
primary determinant of guidance robustness in this comparison.

Latent space models. DiT and SiT operate in a 32×32 VAE latent space, requiring
decoder passes at each guidance step. SiT (v-prediction) dominates DiT (ϵ-
prediction), consistent with bounded error attenuation (Proposition 1), but both
are dominated by JiT in C-FID. The VAE’s 8× downsampling may further limit
fine-grained guidance resolution, though we do not isolate this factor.

Scaling with model capacity. Among JiT variants (B/L/H), larger models achieve
strictly better Pareto frontiers: JiT-H reaches C-FID 30.6 versus JiT-B’s 31.3
at comparable P-FID. Increased capacity yields higher-fidelity x̂ estimates and
more accurate guidance gradients, a guidance scaling effect.

Connection to theory. The C-FID evidence supports the error amplification
hierarchy (Propositions 1 and 2 and Theorem 1): samples departing M at early
steps cannot return to realistic distributions, inflating C-FID even when the
classifier is fooled. x-prediction tolerates aggressive guidance with less mani-
fold degradation. The same ordering holds under other gradient-based methods
(LGD [34], FreeDoM [39]) and on a second fine-grained domain, a 34-species
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butterfly benchmark (Appendix G, Figs. 8 and 9): guidance quality follows the
prediction target, not the specific method or domain. Additional ablations are in
Appendix G.

5.3 Style Transfer

To test whether the prediction target hierarchy extends beyond classification, we
apply DPS to style transfer: guiding generation toward a target visual style via
CLIP Gram matrix matching [10]. We use CLIP ViT-B/16 [28] for guidance and
evaluate with Gram Distance (CLIP ViT-B/32; lower = stronger style match)
and Content Accuracy (DeiT-Small [37] top-1 accuracy on the original ImageNet
class; higher = better content preservation). Four WikiArt2 styles are evaluated
across 100 ImageNet classes (400 images per model/ρ).

Fig. 6: Style transfer: Gram Distance
vs. Content Accuracy. Curves trace mod-
els as ρ increases (right to left). Open mark-
ers = CFG-only baselines. Lower-right is
preferred.

Fig. 6 presents Gram Distance vs.
Content Accuracy Pareto frontiers. All
models trade content preservation for
style fidelity as ρ increases, but the
degradation rate varies considerably
across prediction targets. Overall, the
differences between models are less pro-
nounced than in fine-grained classifi-
cation (Sec. 5.2).

ϵ- and v-prediction collapse under
strong style guidance. DiT’s Content
Accuracy drops from 89% (ρ=0) to
1.5% (ρ=10), effectively random, while
achieving Gram Distance 5.30. The low
Gram Distance is meaningless when
images no longer depict recognizable
content. PixelFlow (v-prediction, pixel
space) follows a similar pattern: at
ρ=4, it achieves the lowest Gram Distance of any model (5.04) but at only
37% Content Accuracy, where images lose semantic coherence.

x-prediction preserves content over a wider guidance range. At high Content
Accuracy (>80%), JiT-H achieves better Gram Distance than DiT and Pix-
elFlow: at comparable Content Accuracy (≈80%), JiT-H (ρ=10, Gram Distance
5.48) outperforms DiT (ρ=0.5, Gram Distance 5.62) and PixelFlow (ρ=1, Gram
Distance 5.56). JiT-H further reaches Content Accuracy 49.5% at ρ=50 (Gram
Distance 5.26), matching DiT’s best Gram Distance while retaining meaningful
content fidelity.

2 https://www.wikiart.org/

https://www.wikiart.org/
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SiT is competitive at moderate guidance. SiT (v-prediction, latent) achieves
a competitive Pareto frontier at moderate ρ: Gram Distance 5.49 at Content
Accuracy 85.0% (ρ=1). At stronger guidance (ρ=4), SiT already drops to 71%
Content Accuracy while JiT-H retains 87%; by ρ=10, SiT falls to 38% while JiT-H
retains 80%. The Pareto frontiers of SiT and JiT overlap in the moderate-guidance
regime and diverge at the extremes.

Consistent failure modes across tasks. Although the quantitative gap between
models is smaller than in fine-grained classification, the qualitative failure modes
are consistent: DiT’s guided samples exhibit mode collapse and loss of background
detail, while JiT-H preserves compositional diversity (Fig. 10 in Appendix G).
This suggests that the error amplification hierarchy (Proposition 1) manifests
across guidance tasks, even when the aggregate metrics show smaller differences.
The Gram matrix guidance signal captures aggregate texture statistics rather
than fine-grained spatial details, which may explain the reduced quantitative
separation.

Additional experiments. We also evaluate DPS on two inverse problems (Gaussian
deblurring and 4× super-resolution), where x-prediction again achieves the best
perceptual quality (LPIPS) across all models. Full results and discussion are in
Appendix G (Sec. G.9).

5.4 Qualitative Analysis

Fig. 7 presents randomly drawn (not cherry-picked) guided samples from JiT-H
(x-prediction) and DiT (ϵ-prediction) at two guidance regimes: moderate (ρ
chosen for matched P-FID≈6; (a),(b)) and strong ((c),(d)), across five visually
distinct bird species. Corresponding visualizations for SiT and PixelFlow are in
Appendix G (Fig. 13).

Off-manifold degradation is visible but not catastrophic for x-prediction. Under
strong guidance, JiT-H (Fig. 7c) shows visible quality degradation (posterization
and reduced fine detail) but maintains diverse poses, varied backgrounds, and rec-
ognizable species-specific features. DiT (Fig. 7d) achieves 29.6% Validity (higher
than JiT-H’s 26.0%), yet its samples exhibit pronounced mode collapse: many
images share similar poses, framing, and uniform dark backgrounds, particularly
visible in Black Swan and Painted Bunting.

Mode concentration as a failure signature. The samples make concrete the mode
collapse quantified in Sec. 5.2 (Fig. 5): the low Recall measured there corresponds
to the narrow set of poses and backgrounds DiT repeats here. C-FID registers the
same effect: DiT’s C-FID (36.7) remains worse than JiT-H’s (30.6) despite higher
Validity. The samples show how it appears: DiT’s ϵ-prediction reuses a small set
of classifier-friendly patterns rather than covering each species’ variation, whereas
JiT-H retains diverse poses and compositions.



14 Y. Lee and H. Lee

(a) JiT-H (x, ρ=1.5): P-FID 6.2, C-FID 34.5, Val. 25.1% (point A in Fig. 4a)

(b) DiT (ϵ, ρ=0.05): P-FID 6.1, C-FID 39.4, Val. 23.9% (point B in Fig. 4a)

(c) JiT-H (x, ρ=8): P-FID 12.2, C-FID 30.6, Val. 26.0% (point C in Fig. 4a)

(d) DiT (ϵ, ρ=0.5): P-FID 14.2, C-FID 36.7, Val. 29.6% (point D in Fig. 4a)

Fig. 7: Guided generation on five bird species (15 random samples each,
no cherry-picking). (a),(b): moderate guidance (matched P-FID≈6); (c),(d): strong
guidance. Rows: Black Swan, Emperor Penguin, Painted Bunting, Roseate Spoonbill,
Ruby-throated Hummingbird.
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Practical implication. Low Validity with preserved image quality (JiT-H at strong
guidance) is preferable to high Validity with degraded diversity (DiT): a user can
retry generation for the correct class, but cannot recover from mode collapse or
manifold departure. This asymmetry further motivates C-FID over Validity as
the primary evaluation metric for training-free guidance.

6 Conclusion

Whether training-free guidance fails gracefully (missing the target but producing a
realistic image) or catastrophically (collapsing into off-manifold artifacts) depends
on the prediction target. The mechanism is the recovery formula: ϵ-prediction
divides by t, amplifying errors unboundedly at high noise; v-prediction incurs
bounded amplification; x-prediction incurs none. On ImageNet, C-FID supports
this hierarchy with a 5.2-point gap at matched Validity (manifold damage invisible
to standard evaluation), and PixelFlow’s C-FID reversal under strong guidance
isolates prediction target as the decisive factor. The hierarchy extends to style
transfer, establishing x-prediction as the target that keeps guidance failures
graceful.

The fine-grained bird benchmark and C-FID protocol we introduce let any
ImageNet-scale diffusion model be immediately tested for manifold-aware guid-
ance quality, and can serve as a practical diagnostic for evaluating new models.

Limitations. Our comparison involves models differing in architecture and oper-
ating space beyond prediction target; no single comparison perfectly isolates it,
and the conclusion instead rests on the convergence of five independent control
experiments (Appendix E), of which the latent-space DiT vs. SiT pair and the
pixel-space PixelFlow vs. JiT pair are the most controlled within each space. The
theoretical analysis assumes Lipschitz energy functions and well-trained mod-
els. We evaluate gradient-based TFG methods (DPS, LGD, FreeDoM), not the
full TFG parameter space, and all experiments use 256×256 resolution; scaling
behavior at higher resolutions remains to be tested.

Future Work. Inference-time scaling methods [17, 22], which are search-based
and SMC approaches that compound guidance across many candidates, depend
critically on x̂ quality; the prediction target hierarchy should govern their sam-
ple efficiency. Video and text-to-image generation present higher-dimensional
sequential settings where error amplification compounds across frames, and our
dimension scaling analysis predicts even larger gaps between prediction targets.

Not all prediction targets keep guided samples on the manifold, but x-
prediction does. For practitioners building inference-time control pipelines, it is
the robust foundation.

Acknowledgements This research was supported by Seoul National University
of Science and Technology.
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