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ABSTRACT

Training high-quality diffusion models is computationally expensive, and inference-
time guidance often adds further sampling cost. In this work, we introduce SWIFT,
a simple yet effective self-guided training method that uses a frozen weak denoiser
to improve a stronger model without adding inference overhead. For each noisy
input, SWIFT extrapolates the clean regression target away from the weak denoiser’s
prediction, amplifying components that remain underfit. The weak guide can be an
early training checkpoint, requires no backpropagation during main-model training,
and is discarded afterward. The resulting model retains the original sampler and
supports both conditional and unconditional generation without label dropout or
an unconditional branch. We explain this mechanism through a spectral analysis
of finite-time population gradient flow in an RKHS. With an early-stopped weak
guide, we prove that a nonempty range of extrapolation strengths yields strictly
lower posterior-mean error than matched standard training, despite shifting the
regression target away from the posterior mean. Experiments on CIFAR-10 and
ImageNet-256 demonstrate improvements across model scales and representations.
In one ImageNet-256 configuration, SWIFT surpasses the baseline’s best FID using
roughly half the total training compute, including guide preparation and training
overhead. On RAEv2, it achieves FID 1.15 without inference-time guidance and
0.99 with guidance. These results establish target extrapolation as an effective
approach to weak-to-strong diffusion training with efficient single-model inference.

1 INTRODUCTION

Diffusion models have achieved strong generative performance across images, video, and audio (Ho
et al., 2020; 2022; Kong et al., 2021). They are typically trained with a simple denoising regression
objective, yet many of the strongest generation results rely on guidance applied only at inference (Ho
& Salimans, 2022; Karras et al., 2024). In particular, autoguidance (Karras et al., 2024) shows that
a deliberately weaker denoiser can improve a stronger one by defining an extrapolation direction
during sampling. This suggests a broader role for weak models: rather than serving as teachers to
imitate, they can provide directions along which a stronger predictor should move.

Autoguidance realizes this idea by extrapolating the strong model’s prediction away from that of a
smaller or less-trained counterpart (Karras et al., 2024). Related training-time approaches instead
use evolving model predictions, intermediate supervision, or guidance-conditioned objectives (Tang
et al., 2025; Zhou et al., 2026; Chen et al., 2025; Yuan et al., 2026). These developments motivate a
simple question:

Can weak-to-strong extrapolation be moved from inference into training, so that the final
denoiser itself benefits from the correction and the weak model can be discarded afterward?

We introduce SWIFT, a self-guided training method that uses a frozen weak denoiser to construct
extrapolated regression targets. For each noisy input, instead of regressing directly toward the clean
sample, SWIFT moves the target farther in the direction from the weak prediction toward and beyond
the clean sample. The weak denoiser therefore acts as a directional reference, rather than a teacher
whose output should be imitated. It can be obtained from an early checkpoint of ordinary denoising
training, remains fixed during the main training run, and requires no backpropagation. After training,
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Figure 1: SWIFT reaches sub-1.0 gFID on ImageNet-256. Left: FID-50K without and with
inference-time guidance for representative published ImageNet-256 models and SWIFT (Table 9).
Our RAEv2/DINOv3-L model reaches 1.15 gFID without inference-time guidance and 0.99 with
retuned internal guidance. Right: on the matched RAE/DINOv2-B configuration (Wang et al., 2025;
Zheng et al., 2026; Oquab et al., 2024), the advantage of SWIFT persists throughout extended training.
Dots denote raw evaluations and lines show five-point moving averages.

the guide is discarded, leaving a single denoiser and the original sampling procedure. The same
construction applies to both conditional and unconditional generation.

Our motivation is finite-time underfitting: because a weak denoiser has learned less of the target
function, extrapolating away from its prediction can amplify directions that remain underfit. We show
theoretically that, for a nonempty range of positive extrapolation strengths, deliberately shifting the
training target in this way can produce a predictor strictly closer to the original posterior mean than
matched standard training (Section 4).

Experiments on CIFAR-10 and ImageNet-256 show that the effect is not tied to a particular represen-
tation or model family. On ImageNet-256, SWIFT improves diffusion models built on conventional
VAE latents, representation-autoencoder latents (Zheng et al., 2026; Singh et al., 2026), end-to-end
learned latent representations, and direct pixel-space generation. Across the evaluated Diffusion-
Bench configurations (Leng et al., 2026), the same fixed SWIFT recipe lowers unguided FID in every
configuration, and the improvement persists under longer training.

SWIFT also remains complementary to inference-time guidance. When guidance is independently
retuned for the baseline and SWIFT, the SWIFT model achieves lower FID in every tested configuration.
Moreover, on RAEv2 the preferred internal-guidance scale decreases from 1.78 for the baseline
to 1.20 after SWIFT training, while the best guided gFID improves from 1.04 to 0.99. This is
consistent with SWIFT internalizing part of the weak-to-strong correction during training while
leaving additional room for inference-time guidance.

Our contributions are:

• Weak-to-strong learning through target extrapolation. We introduce SWIFT, which uses a
frozen weak denoiser as a directional reference to extrapolate clean-sample regression targets. The
guide is fixed during main-model training and discarded at inference (Section 2.2).

• Broad improvements across diffusion representations. We demonstrate consistent gains across
CIFAR-10 and ImageNet-256, spanning VAE, RAE, end-to-end latent, and pixel-space diffusion
models. The gains persist under longer training and remain after inference-time guidance is
independently retuned (Sections 5.1 and 5.2).

• A finite-training explanation. We show theoretically that target extrapolation can strictly reduce
posterior-mean error relative to matched standard training over a nonempty range of positive
extrapolation strengths (Section 4).
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2 SWIFT: SELF-GUIDED TRAINING OF DIFFUSION MODELS

2.1 PRELIMINARIES

Denoising diffusion models generate samples by reversing Gaussian corruption. Let t ∈ [0, 1] index
the noise level, not the training iteration, and let σt increase with t. We use the additive-noise
parameterization

xt = x0 + εt, x0 ∼ pdata, εt ∼ N (0, σ2
t Id).

The noise εt is independent of x0. We write pt for the distribution of xt at fixed t. When a condition
c is present, it is an additional denoiser input; we suppress it below and discuss conditional and
null-condition predictions in Section 3.

Training. Standard clean-sample prediction trains a denoiser Dθ(xt, σt) to predict x0 by minimiz-
ing

Lbase(θ) = E
[︂
λ(t) ∥Dθ(xt, σt)− x0∥22

]︂
, (1)

where t ∼ pnoise is sampled independently of x0 ∼ pdata, and pnoise is the distribution of noise
levels used during training. The expectation also includes εt drawn as above, and λ(t) > 0 on the
support of pnoise. With finite second moments, the unrestricted population minimizer of Eq. (1) is the
posterior mean D⋆(xt, σt) = E[x0 | xt, t]. For σt > 0, Tweedie’s formula relates it to the score:

∇xt
log pt(xt) =

D⋆(xt, σt)− xt

σ2
t

. (2)

Inference. With a differentiable variance-exploding noise schedule, the probability-flow ODE is
(Song et al., 2021)

dxt = −σ̇tσt∇xt log pt(xt) dt. (3)

Sampling starts at a large noise level, where the noisy marginal can be approximated by a Gaussian,
and integrates Eq. (3) toward smaller t. In practice, the score in Eq. (2) is formed using the trained
denoiser Dθ in place of D⋆. Thus the sampler depends on the denoiser reached after finite training.

2.2 PROPOSED METHOD: LEARNING WITH A FROZEN WEAK GUIDE

Building on the preliminaries, we introduce SWIFT, which trains a denoiser using extrapolated
regression targets. Instead of regressing directly onto the clean sample x0 as in Eq. (1), SWIFT
minimizes

LSWIFT(θ) = E
[︂
λ(t) ∥Dθ(xt, σt)− yα∥22

]︂
, (4)

with the same expectation and weighting as in Eq. (1), but using the extrapolated target:

yα = x0 + α
(︁
x0 −Dweak(xt, σt)

)︁
(5)

Here, Dweak is a pretrained, frozen weak denoiser, and α ≥ 0 controls the extrapolation strength.
Setting α = 0 recovers standard denoising training. For α > 0, the target extends beyond the clean
sample in the direction away from the weak denoiser’s prediction. Velocity-predicting models apply
the same extrapolation to the velocity, which is equivalent (Section D.1).

Constructing the frozen weak denoiser. We train Dweak in the ordinary way with Eq. (1), using
fewer parameters and fewer training epochs than the main denoiser, and freeze it before the main run.
In our default ImageNet configuration, it has approximately one quarter as many parameters and is
trained for half as many epochs; the guide of every setting is specified in Section D.1. The method is
self-guided because the correction comes from a weaker denoiser trained on the same task, without
an external teacher, a separate guidance objective, or an auxiliary prediction head.

The intuition is to compensate for what ordinary training has not learned within a finite training
budget. Extrapolating the clean target away from Dweak emphasizes directions in which the weak
denoiser’s prediction remains inaccurate. Whether this improves the main denoiser’s approximation
to the posterior mean depends on how those directions relate to its own finite-training error. For a
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frozen weak denoiser obtained by early stopping ordinary training, Section 4 and Theorem 1 establish
conditions under which SWIFT achieves strictly lower posterior-mean error than baseline training
(proofs in Section A; a Gaussian-mixture check is in Section C).

Training and inference. During training, only the main denoiser Dθ is optimized with Eq. (4).
The weak denoiser Dweak is evaluated without gradients and remains fixed. Thus, for a fixed clean
sample, noise realization, and noise level, the regression target does not change as the main denoiser
is updated. Beyond preparing the weak denoiser, each training step requires one additional weak-
denoiser forward pass (about 9% more FLOPs on DiffusionBench; Section D.3). After training,
it is discarded; sampling uses the trained denoiser and the original sampler, with no additional
inference-time model evaluation.

3 FROM AUTOGUIDANCE TO SELF-GUIDED TRAINING

Figure 2: SWIFT on a two-class, tree-shaped 2D toy distribution. Ground truth and samples
from CFG, AG, MG, SGG, IG, GFT, and SWIFT. Each compared method uses independently tuned
settings. Blue boxes mark corresponding branching regions. Lower KL and outlier rates and higher
log p are better.

A visual comparison. Following the fractal-like Gaussian-mixture example of Karras et al. (2024),
we compare how different methods reproduce a distribution with thin, branching support. In Figure 2,
SWIFT has the lowest reported KL divergence and outlier rate and the highest reported log p among
the seven methods. Relative to GFT, the strongest baseline on these three reported metrics, its
KL decreases from 0.817 to 0.728, its outlier rate from 4.97% to 3.66%, and its log p increases
from −0.40 to +0.08. The highlighted regions show how the generated samples follow the narrow
branches.

Inference-time guidance includes classifier-free guidance (CFG; Ho & Salimans, 2022) and autoguid-
ance (AG; Karras et al., 2024). Training-based approaches include Model Guidance (MG; Tang et al.,
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2025), Segmented Guidance (SGG; Yuan et al., 2026), and Guidance-Free Training (GFT; Chen
et al., 2025). Internal Guidance (IG; Zhou et al., 2026) trains an intermediate output for guidance at
sampling time. Additional comparisons appear in Section B.

3.1 FROM SAMPLING-TIME GUIDANCE TO TRAINING TARGETS

CFG combines conditional and unconditional predictions during sampling. AG is closer to SWIFT in
its use of a weak denoiser. Let Dbase be a denoiser trained with the standard objective in Eq. (1). At
the same noisy input and noise level, AG evaluates

DAG = (1 + α)Dbase − αDweak

during sampling. This requires the weak prediction whenever AG is applied. In Eq. (5), SWIFT instead
places the observed clean sample x0 in the position occupied by Dbase and uses the extrapolation as
a training target. The weak denoiser is discarded after training.

Conditioned on (xt, t), the expectation of the SWIFT target is

(1 + α)D⋆(xt, σt)− αDweak(xt, σt),

the expression obtained by applying AG to the ideal posterior mean (Lemma A.1). AG extrapolates a
baseline denoiser already trained for a finite time, while SWIFT changes the regression target before
main-model training. Under the assumptions of Section 4, this change can improve approximation to
the original posterior mean; it is not a guarantee for every weak denoiser.

3.2 COMPARISON WITH TRAINING-BASED GUIDANCE

MG constructs a training correction using conditional and unconditional model predictions (Tang
et al., 2025). SGG studies incorporating guidance into training using an updated weak network or an
intermediate prediction branch in its training-time variants (Yuan et al., 2026). GFT trains across
guidance strengths using an unconditional prediction (Chen et al., 2025). In these constructions,
the auxiliary predictions can change as their models are trained. IG jointly supervises intermediate
and final outputs for sampling-time guidance (Zhou et al., 2026); its first arXiv version additionally
studies a training target involving their current prediction difference (Zhou et al., 2025, Sec. 4.3).

These designs use a changing prediction in the training correction or supervise an additional output.
SWIFT obtains Dweak by ordinary denoising training and freezes it before training the main denoiser.
For a fixed training example and noise realization, its extrapolated target does not change as the main
model is updated. This avoids joint optimization of the weak and main denoisers, which we found to
end worse (Section F.4), and leaves a single denoiser at inference. Preparing and evaluating the weak
denoiser still incur training compute, which our compute comparisons account for (Section D.3).
Further methodological details appear in Section B.

4 WHY SWIFT CAN HELP

The target in Eq. (5) shifts the population regression target away from the posterior mean. This may
seem counterintuitive because the posterior mean is the population optimum of standard squared-loss
regression. The key is finite optimization time: ordinary training has not yet learned the posterior
mean exactly, while an earlier weak checkpoint has learned still less of the same learnable directions.
Extrapolating the target away from this weaker predictor can therefore compensate for part of the
finite-time training shortfall.

To make the data distribution explicit, we study a Gaussian mixture. Gaussian corruption preserves
its mixture form, and its posterior mean can be nonlinear while remaining analytically tractable.
Gaussian mixtures have also been used to study diffusion-model learning (Shah et al., 2023; Gatmiry
et al., 2024). We do not require separated clusters or low-rank component means.
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Assumption 1 (Mixture data and finite-time training). Fix a diffusion noise level t with σt > 0,
and use the corruption process of Section 2.1. The clean data follow

x0 ∼
K∑︂

k=1

πkN (µk,Σ), πk > 0,

K∑︂
k=1

πk = 1, Σ ≻ 0, (6)

where K ≥ 1 is finite, µk ∈ Rd are arbitrary, and Σ ∈ Rd×d is a shared covariance matrix. Let
Pxt be the noisy-input distribution and H2 := L2(Pxt ;Rd). Since t is fixed, write D⋆ for

D⋆(·, σt) = E[x0 | xt = ·, t],
as defined in Section 2.1.

Training setup and weak denoiser. Ordinary and SWIFT training use zero-initialized population
gradient flow in the same coordinate-wise RKHS Hd

K of a fixed, bounded, measurable, symmetric
positive-semidefinite scalar kernel K. The fixed kernel determines how predictions at different
inputs are coupled during training. Optimization time is measured for the normalized objective
1
2E∥d(xt) − y∥22, with the clean label y = x0 for ordinary training and the target of Eq. (5) for
SWIFT. The fixed positive loss weight λ(t) is absorbed into the optimization times of both runs.
The weak denoiser is an ordinary checkpoint at time Tg, frozen before the separate SWIFT run; the
baseline and SWIFT runs both train until T , where 0 ≤ Tg < T < ∞.

Theorem 1 (Finite-time improvement from a frozen weak denoiser). Under Assumption 1, define
the population training operator and its time-s response by

(Lf)(x) :=

∫︂
K(x,x′)f(x′) dPxt

(x′), Hs := I− e−sL.

Here Hs is the finite-time training response: starting from zero, a conditional-mean regression
target f produces the predictor Hsf after optimization time s. Assume that HTD⋆ ̸= 0, i.e.,
the posterior mean contains at least one nonzero direction that the kernel can learn by time T .
The frozen weak denoiser, matched baseline, and SWIFT predictor at time T are respectively

Dweak = HTgD⋆, Dbase = HTD⋆, D(α)
SWIFT = HT

[︁
(1 + α)D⋆ − αDweak

]︁
.

For
R(α) := ∥D(α)

SWIFT −D⋆∥2H2
,

the weak denoiser has strictly larger posterior-mean risk than the matched baseline:

∥Dweak −D⋆∥2H2
> R(0).

Moreover, there exists α⋆ > 0 such that

R(α) < R(0) for every 0 < α < α⋆. (7)

Why this works. Ordinary training has not fully learned the posterior mean by time T . The earlier
checkpoint has learned a smaller fraction of each learnable mode, so moving the target away from its
prediction strengthens the signal that the guide still misses. The main denoiser can absorb part of this
additional signal over the same optimization time T .

For a learnable kernel mode with eigenvalue λ > 0, the signed error is

−e−Tλ⏞ ⏟⏟ ⏞
baseline shortfall

+α(1− e−Tλ)e−Tgλ⏞ ⏟⏟ ⏞
SWIFT correction

,

times the posterior-mean coefficient on that mode. The terms have opposite signs, so sufficiently
small positive α partially cancels the baseline’s finite-time shortfall and strictly reduces the total
squared error whenever a learnable mode is present. If α is too large, the correction can overshoot,
explaining why Theorem 1 guarantees only a beneficial interval. Unlearnable modes receive no
correction.

The comparison is in population squared error to the posterior mean at one fixed noise level and equal
main-model optimization time; guide preparation is excluded. It does not model finite-sample target
noise or imply a particular sampling quality. The mixture posterior, proof, and extensions appear
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Table 1: Representative ImageNet-256 results. Each pair uses the same model configuration and
sampler. Guidance strengths are tuned separately for the baseline and SWIFT. FDr and MIND are
arithmetic means across Inception, ConvNeXt, DINOv2, MAE, and SigLIP features.

Without guidance With guidance

Family: representation FID↓ sFID↓ FDr ↓ MIND ↓ Prec.↑ Rec.↑ FID↓ sFID↓ FDr ↓ MIND ↓ Prec.↑ Rec.↑
615M parameters, 80 epochs; guidance = CFG
RAE: DINOv2-B 2.09 4.48 4.12 21.34 0.83 0.57 1.98 4.50 4.14 21.00 0.81 0.59

+ SWIFT 1.75 4.26 3.68 21.37 0.81 0.61 1.59 4.30 3.65 19.48 0.80 0.62
VAE: SD-VAE (EMA)+reg 5.49 5.52 11.08 87.61 0.71 0.66 2.32 4.70 7.33 32.44 0.80 0.60

+ SWIFT 3.77 5.06 8.45 58.11 0.73 0.66 1.81 4.42 5.88 26.60 0.80 0.61
E2E: Qwen-VAE 4.94 5.23 9.15 95.25 0.72 0.66 1.50 4.83 4.74 24.47 0.80 0.62

+ SWIFT 3.23 4.89 6.46 55.36 0.73 0.66 1.40 4.59 3.38 23.03 0.80 0.63
Pixel: PixNerd 20.37 6.14 24.50 384.10 0.61 0.63 4.17 5.50 9.42 42.89 0.65 0.63

+ SWIFT 10.31 5.38 15.29 197.31 0.70 0.61 3.38 4.95 7.72 35.15 0.68 0.62

875M parameters, 160 epochs; guidance = internal guidance
RAE: DINOv3-L 1.56 4.10 3.38 19.87 0.82 0.65 1.04 4.00 3.31 15.58 0.82 0.61

+ SWIFT 1.15 3.60 2.94 17.95 0.81 0.67 0.99 3.80 3.08 14.45 0.81 0.63

in Section A; the Gaussian/RBF condition is verified in Proposition A.6, and narrower guides in
Section A.7.

5 EXPERIMENTS

We evaluate SWIFT on ImageNet-256 and on CIFAR-10. In every experiment SWIFT changes only
the regression target; architectures, training schedules, samplers, and evaluation pipelines are kept the
same as the baseline. On ImageNet, SWIFT uses one fixed recipe unless stated otherwise: α=0.4
with a half-width guide trained for half epoch number of the baseline and then frozen.

Evaluation protocol. Inspired by DiffusionBench (Leng et al., 2026), we evaluate SWIFT across
19 ImageNet-256 model configurations. For each configuration, we compare the baseline and SWIFT
with and without inference-time guidance, tuning the guidance strength separately for the two
models. We report FID, sFID, precision, recall, and feature-space Fréchet distance and MIND where
available. Table 1 shows selected results; complete experimental settings and results are provided in
the appendix.

5.1 GENERATION QUALITY AND TRANSFER ACROSS REPRESENTATIONS

Matched improvements. Table 1 isolates the target change within each model configuration. On
RAE/DINOv2-B features (Wang et al., 2025; Zheng et al., 2026; Oquab et al., 2024), SWIFT lowers
unguided FID from 2.09 to 1.75 and the five-feature mean FDr from 4.12 to 3.68 after 80 epochs.
The gain persists on the independent RAEv2/DINOv3-L configuration (Singh et al., 2026), where
unguided FID improves from 1.56 to 1.15 after 160 epochs.

Transfer with one fixed recipe. Across 18 DiffusionBench configurations spanning latent and
pixel representations, one fixed recipe lowers unguided FID in every case, by 16.3%–49.4% (median
31.3%). Even the three lowest-FID baselines improve by 16.3%–17.4%. FDr and MIND each
improve in at least 17 of 18 configurations in every feature space. Full results appear in Table 7.

Compatibility with inference guidance. With guidance strength tuned separately for each model,
SWIFT also lowers guided FID in all 18 DiffusionBench configurations (Table 8). On RAEv2, SWIFT
improves internal-guidance FID from 1.04 to 0.99 (Table 1), while its unguided FID improves from
1.56 to 1.15. Representative samples from the 0.99-gFID model are shown in Figure 3.

5.2 COMBINING SWIFT WITH AUTOGUIDANCE

Autoguidance (Karras et al., 2024) applies a weak-to-strong extrapolation at sampling time, whereas
SWIFT learns a related correction during training and then discards its guide. The two mechanisms
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Figure 3: ImageNet-256 samples from SWIFT on RAEv2/DINOv3-L (gFID-50K 0.99). Samples
are generated with the SWIFT-trained model using retuned internal guidance and a 50-step ODE
sampler.

(a) Autoguidance further improves SWIFT.

Base SWIFT AG SWIFT+AG

DINOv2-B 2.09 1.75 1.70 1.63
SD-VAE 5.49 3.77 2.16 1.95
Qwen-VAE 4.94 3.23 1.79 1.62
PixNerd 20.37 10.31 4.02 3.77
RAEv2 1.56 1.15 1.04 0.99

(b) SWIFT shifts the guidance optimum left.
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Figure 4: SWIFT remains beneficial under autoguidance while shifting the preferred guidance
scale from 1.78 to 1.20. (a) Autoguidance further improves SWIFT across representative carriers.
(b) On RAEv2, SWIFT shifts the optimum toward weaker inference-time guidance.

therefore act at different stages, raising two questions: whether inference-time autoguidance still
improves a SWIFT-trained model, and whether SWIFT changes how much additional extrapolation is
preferred at sampling time.

Across all five configurations in Fig. 4(a), the same ordering appears. SWIFT improves the unguided
baseline, autoguidance improves it further, and independently retuned autoguidance on top of SWIFT
gives the best FID in every case. This shows that the improvement learned during training is
not replaced by inference-time guidance: even after the baseline has been separately retuned for
autoguidance, the SWIFT model retains an additional gain.

At the same time, the two corrections are not independent. On RAEv2, the optimal internal-guidance
scale shifts from 1.78 for the control to 1.20 for SWIFT, while the best guided FID improves from
1.04 to 0.99 (Fig. 4(b)). The lower preferred scale is consistent with SWIFT having already absorbed
part of the weak-to-strong extrapolation during training, so less additional correction is required
at inference. The remaining gain from autoguidance shows that this correction is only partially
internalized rather than exhausted.

5.3 LONGER TRAINING AND TRAINING COST

The gain persists with longer training. We continue the matched DINOv2-B pair to 240 epochs.
SWIFT is ahead at all 36 evaluations from epochs 20 to 240, with the gap growing from 0.12 to 0.26
FID; the 50k re-evaluation at epoch 240 gives 1.64→ 1.35. A separate control continued to 320
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epochs reaches at best 1.53, still above the 1.50 reached by SWIFT at epoch 120. The same persistent
advantage holds on all four DiffusionBench configurations with recorded full trajectories.
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Figure 5: Same-FLOPs comparison on
DINOv2-B. SWIFT surpasses the best 320-
epoch baseline quality using 0.45× the
training FLOPs.

Training cost. SWIFT adds 9% FLOPs per epoch for
the frozen guide, plus roughly 10 baseline-equivalent
epochs to pretrain it. This overhead is modest among
training-time guidance methods: MG and SGG incur
about 1.23× and 1.22× per-iteration cost in the unified
SiT-B/2 comparison of Yuan et al., while GFT reports
10–20% additional computation per update; IG reports
negligible overhead. Charging both of our costs, SWIFT
at epoch 120 already surpasses the best DINOv2-B con-
trol result observed through 320 epochs (1.53), using
only 0.45× its training FLOPs (Figure 5). On RAEv2,
epoch-50 SWIFT similarly improves on the epoch-160
control (1.34 vs. 1.56) at 0.40× the FLOPs.

These ratios are conservative time-to-quality compar-
isons. SWIFT continues to reach FID levels that the
corresponding controls never attain within the observed
training horizon; for such quality targets, no finite baseline time-to-quality is observed. A single
finite speedup factor therefore understates the gain when SWIFT also improves the attainable quality
frontier.

5.4 HOW TO CHOOSE α AND THE WEAK GUIDE
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Figure 6: Choosing α and the weak guide on CIFAR-10. Moderate positive α, a half-width guide,
and a sufficiently trained weak guide give the strongest results.

Choosing α. Performance is broadly U-shaped in α (Figure 6a). On CIFAR-10, moderate positive
values form a broad favorable region around α = 0.7–0.9, where differences are comparable to
replicate noise. ImageNet shows the same qualitative behavior: on DINOv2-B, α ∈ [0.5, 1.0]
substantially improves over the control . The precise optimum depends on the carrier, however, so
our breadth experiments use the fixed default α = 0.4 without tuning; in practice, a small sweep over
moderate positive values is sufficient. Negative α can accelerate the initial decrease in FID, but this
advantage disappears later and has little effect on final quality.

Choosing the weak guide. The guide should be weaker than the student, but still competent. At
α = 0.8 on CIFAR-10, reducing the channel base from the student’s 128 to 64 improves FID from
2.58 to 1.60, while substantially smaller guides degrade rapidly (Figure 6b). The half-width guide
is also the best width across the tested α values on CIFAR-10 and consistently outperforms wider
alternatives on ImageNet. Guide training length shows a similar pattern: once the guide crosses
a competence threshold, performance is relatively insensitive over a broad range (Figure 6c). On
ImageNet, freezing the guide earlier can even help, with epoch 20 outperforming epoch 40 in our 50k
re-evaluation.

A fixed guide is enough. We also tested more elaborate variants, including jointly training the
weak guide with the student and changing α during training. Co-training the guide is less effective
than keeping it frozen, suggesting that a stable weak reference is useful for defining the extrapolation
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target. Likewise, using negative α early can speed up early optimization but does not improve the
eventual solution. Other adaptive schedules and online variants are similarly neutral or harmful
(Section F.4). We therefore use a simple default throughout: a frozen half-width guide and a fixed,
moderate positive α.

6 CONCLUSION

The regression target has received comparatively little attention as a design choice in diffusion training,
yet it turns out to be a simple and effective place to intervene. By carrying the clean target past
itself and away from a frozen weak model, SWIFT moves a weak-to-strong correction from inference
into training, leaving a single denoiser and the original sampler at deployment with only about 9%
additional main-training FLOPs. Crucially, the modified target is not itself a better estimator of the
posterior mean: it is deliberately biased, yet finite training on it can produce a better final predictor
and better samples. This suggests a broader view of the regression target as a design interface rather
than a fixed quantity—and raises the question of what other useful corrections can be written into it.

REPRODUCIBILITY STATEMENT

SWIFT changes only the regression target: the objective is Eqs. (4) and (5), the frozen weak denoiser
is constructed as described in Section 2.2, and everything else is the training loop of the respective
carrier. Section D.1 lists every setting that differs from the released carriers (EDM, DiffusionBench,
and RAEv2), including guide architectures, freezing points, coefficients, seeds, batch sizes, and
hardware, and explains how the target is applied to velocity-predicting models. Section D.2 specifies
the samplers, guidance settings, and metrics, and validates our evaluation harness against released
checkpoints; Section D.3 reports the GPU hours and the FLOPs accounting behind Figures 1 and 5.
Section E gives all 19 ImageNet-256 configurations with and without guidance on all 15 metrics, and
Section F the CIFAR-10 experiments, including an account of all 156 launched (152 scored) arms
(Section F.5). In Appendix C, we specifies both synthetic experiments, and all assumptions and proofs
are in Section A. Code patches for the three carriers, the guide checkpoints, and the machine-readable
campaign ledger (DATA/) will be released with the paper.

AI USE STATEMENT

We used large language models (LLMs) in preparing this paper. They edited the text for clarity;
drafted parts of the text, including appendix sections, from our experiment logs and notes; generated
LaTeX and TikZ code for tables and figures; computed summary statistics from our result files. The
authors reviewed and revised all LLM-assisted content and take full responsibility for the paper.
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Overview. Section A proves the results of Section 4. Section B extends the comparison with
guidance methods in Section 3. Section C describes the two synthetic experiments: the setup of the
tree-shaped 2D example in Figure 2, and a Gaussian mixture whose optimal denoiser is known in
closed form, on which we measure how close each training-time method places a capacity-limited
network to it. Section D gives the three carriers, the evaluation protocol, and the compute we used.
Section E reports every ImageNet-256 result, Section F the CIFAR-10 experiments, and Section G
additional samples.

A THEORY FOR GAUSSIAN MIXTURES AND FINITE-TIME KERNEL TRAINING

This appendix proves Theorem 1. At the fixed noise level, D⋆ denotes the function D⋆(·, σt) from
Section 2.1. The core argument has two steps: we first prove a general improvement theorem for
commuting training-response operators, which does not depend on the Gaussian-mixture assumption,
and then specialize it to RKHS population gradient flow to prove Theorem 1. We begin with two
preliminary calculations for the SWIFT target and the shared-covariance Gaussian-mixture posterior.
The remaining subsections give extensions and robustness results covering Gaussian-kernel injectivity,
reduced-rank guides, finite-step fixed-feature training, finite-sample target noise, smooth nonlinear
optimizers, and perturbations away from the exact kernel regime.

Throughout,
H2 = L2(Pxt ;Rd),

⟨f , g⟩H2
= E[f(xt)

⊤g(xt)],

∥f∥2H2
= ⟨f ,f⟩H2 .

Unsubscripted function inner products and norms in the population analysis are those of H2. The
operator L is the population kernel operator defined in Theorem 1. At the fixed noise level, we
suppress the argument σt in Dweak. For the main-theorem proof, write dc := Dbase and dα :=

D(α)
SWIFT. All random variables and predictors below are square integrable. This is automatic for the

Gaussian-mixture model and for bounded-kernel population flow applied to its regression targets.

Weak guide used in the main theorem. The guide in the main theorem is not an arbitrary external
predictor. At each fixed noise level t, start from the zero predictor and run population gradient flow
in the same vector-valued RKHS on the ordinary clean-target objective

Lbase(d) =
1

2
E
[︁
∥d(xt)− x0∥22

]︁
.

At fixed t, the weighted loss in Eq. (1) is 2λ(t) times this normalized objective. If τ denotes
optimization time for the weighted loss, then s = 2λ(t)τ gives the normalized gradient-flow trajectory.
The same rescaling applies to the SWIFT loss, so the baseline and SWIFT are compared under the
same time convention. If dbase

s denotes the resulting predictor after optimization time s, then

dbase
s = HsD⋆, Hs := I− e−sL.

Choose 0 ≤ Tg < T < ∞. Stop the standard trajectory at Tg , save that checkpoint as

Dweak := dbase
Tg

= HTgD⋆,

and freeze it. Continue the same ordinary trajectory to time T to obtain the matched control

dc := dbase
T = HTD⋆.

Equivalently, one may train two zero-initialized copies with the same standard loss and stop them at
Tg and T , respectively. In either implementation, the guide is learned only from the ordinary clean
target x0; the SWIFT target is not used to construct it. Because 0 ≤ Tg < T , spectral calculus gives

∥Dweak −D⋆∥2H2
≥ ∥dc −D⋆∥2H2

,

with strict inequality under the nonzero-predictor condition of Theorem 1, as proved in Section A.5.
In this precise sense, Dweak is the weak model. The SWIFT denoiser is then initialized from zero and
trained for the same time T , but uses the extrapolated labels (1+α)x0−αDweak(xt). Consequently,
the guide is weak only because it is less trained, not because it uses a different target or data
distribution. The reduced-rank extension in Section A.7 treats a spectrally nested, narrower guide.
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A.1 TARGET IDENTITY AND THE QUANTITY BEING COMPARED

The first calculation separates the mechanism from the particular training model. Write
ξ = x0 −D⋆(xt), E[ξ | xt] = 0,

yα = (1 + α)x0 − αDweak(xt).

Lemma A.1 (SWIFT target decomposition). For every fixed square-integrable guide Dweak,
yα = D⋆ + α(D⋆ −Dweak) + (1 + α)ξ, (A.1)

gα(xt) := E[yα | xt] = D⋆(xt) + α
(︁
D⋆(xt)−Dweak(xt)

)︁
. (A.2)

Moreover,
Cov(yα | xt) = (1 + α)2 Cov(x0 | xt). (A.3)

For every square-integrable predictor d,
E∥d(xt)− yα∥22 = ∥d− gα∥2H2

+ (1 + α)2E∥x0 −D⋆(xt)∥22. (A.4)
Consequently, the unrestricted population minimizer of the SWIFT regression loss is gα, and its
posterior-mean risk is α2∥Dweak −D⋆∥2H2

.

Proof. Substituting x0 = D⋆ + ξ gives Eq. equation A.1; conditioning on xt gives Eq. equation A.2.
Since Dweak(xt) is fixed after conditioning on xt, the same decomposition gives Eq. equation A.3.
Moreover, yα − gα = (1 + α)ξ and d− gα is xt-measurable, so

E
[︁
(d− gα)

⊤ξ
]︁
= E

[︁
(d− gα)

⊤E[ξ | xt]
]︁
= 0.

Expanding the square proves Eq. equation A.4; the remaining claims follow immediately.

The posterior-mean risk used in Theorem 1 is also exactly the reducible part of clean-sample denoising
error: for every d,

E∥d(xt)− x0∥22 = ∥d−D⋆∥2H2
+ E∥x0 −D⋆(xt)∥22.

Thus comparing two predictors by distance to D⋆ is equivalent to comparing their population clean-
target MSE. Lemma A.1 also shows why finite training is essential: if the control reaches D⋆

exactly, then its risk is zero, whereas the converged SWIFT target has positive risk for α ̸= 0 unless
Dweak = D⋆.

A.2 POSTERIOR MEAN OF THE SHARED-COVARIANCE GAUSSIAN MIXTURE

Let I ∈ {1, . . . ,K} denote the mixture component. For any component index k ∈ {1, . . . ,K},
conditional on I = k,

x0 | I = k ∼ N (µk,Σ),

xt | I = k ∼ N (µk,Σobs),

Σobs = Σ+ σ2
t Id.

Lemma A.2 (Gaussian-mixture posterior). Under Eq. equation 6, define

ℓk(xt) = µ⊤
k Σ

−1
obsxt − 1

2µ
⊤
k Σ

−1
obsµk,

wk(xt) =
πke

ℓk(xt)∑︁K
j=1 πjeℓj(xt)

,

µ(xt) =

K∑︂
k=1

wk(xt)µk.

Then wk(xt) = P(I = k | xt) and

D⋆(xt) = E[x0 | xt] = Bxt + (Id −B)µ(xt), B = ΣΣ−1
obs. (A.5)

Proof. For fixed k, (x0,xt) is jointly Gaussian with Cov(x0,xt | I = k) = Σ and Cov(xt | I =
k) = Σobs. Gaussian conditioning gives

E[x0 | xt, I = k] = µk +ΣΣ−1
obs(xt − µk)

= Bxt + (Id −B)µk. (A.6)
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Bayes’ rule yields

P(I = k | xt) ∝ πk exp

[︃
−1

2
(xt − µk)

⊤Σ−1
obs(xt − µk)

]︃
∝ πk exp

[︃
µ⊤

k Σ
−1
obsxt −

1

2
µ⊤

k Σ
−1
obsµk

]︃
,

where the common term −x⊤
t Σ

−1
obsxt/2 cancels. Averaging Eq. equation A.6 over these weights

proves Eq. equation A.5.

A.3 A GENERAL COMMUTING-RESPONSE THEOREM

The key result is most transparent at the level of training-response operators. It does not require a
finite feature map or even an RKHS.

Let Hc,Hg : H2 → H2 denote the population responses of the main denoiser and the guide: training
on a target with conditional mean g returns Hcg under the main-denoiser training dynamics and
Hgg under the guide training dynamics. We require

Hc = H∗
c , Hg = H∗

g,

0 ⪯ Hc ⪯ I, 0 ⪯ Hg ⪯ I,

HcHg = HgHc.

(A.7)

These assumptions say that the main denoiser and guide act as commuting spectral shrinkage operators.
Their function classes may be infinite dimensional.

Theorem A.3 (Commuting-response improvement). Suppose Eq. equation A.7 holds. Let
dc = HcD⋆, Dweak = HgD⋆,

dα = Hc

(︁
(1 + α)D⋆ − αDweak

)︁
.

Define
e = (I−Hc)D⋆, q = Hc(I−Hg)D⋆,

A = ⟨e, q⟩, C = ∥q∥2.
Then

dα −D⋆ = −e+ αq, R(α) = R(0)− 2Aα+ Cα2, (A.8)
and

A = ⟨D⋆, (I−Hc)Hc(I−Hg)D⋆⟩ ≥ 0. (A.9)
If

⟨D⋆, (I−Hc)Hc(I−Hg)D⋆⟩ > 0, (A.10)
then C > 0, the unique minimizer is α⋆

PM = A/C > 0, and

R(α) < R(0) ⇐⇒ 0 < α < 2α⋆
PM.

Proof. Using Dweak = HgD⋆ and linearity of Hc,
dα −D⋆ = HcD⋆ + αHc(I−Hg)D⋆ −D⋆

= −(I−Hc)D⋆ + αHc(I−Hg)D⋆

= −e+ αq.

Taking the squared norm gives Eq. equation A.8. Because the three operators I − Hc, Hc, and
I−Hg are commuting and positive semidefinite, their product is positive semidefinite. This proves
Eq. equation A.9. Under Eq. equation A.10, q ̸= 0 and hence C > 0. The remaining claims follow
by minimizing the strictly convex quadratic R(0)− 2Aα+ Cα2.

The strict-overlap condition has a direct joint-spectral interpretation. If hc(ω), hg(ω) ∈ [0, 1] are the
joint spectral multipliers and νD⋆ is the spectral measure induced by D⋆, then

A =

∫︂
(1− hc(ω))hc(ω)(1− hg(ω)) dνD⋆(ω).
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Thus strict improvement requires positive signal mass on modes that are visible to the main denoiser,
not exactly fitted by the main denoiser, and not exactly fitted by the guide.

For the coordinatewise RKHS response used below, the same conclusion can be written mode by
mode. Let L0 denote the scalar integral operator on L2(Pxt) induced by K. Since L0 is compact
and positive, let (λj , ϕj)j≥1 be an orthonormal list of its positive-eigenvalue modes, repeated with
multiplicity. Expanding every output coordinate in this common scalar basis gives

D⋆ = d⋆
0 +

∑︂
j≥1

d⋆
jϕj , d⋆

0 ∈ kerL, d⋆
j ∈ Rd.

For Hc = I− e−TL and Hg = I− e−TgL, put bj = (1− e−Tλj )e−Tgλj . Under the main theorem’s
nonzero-predictor condition, Parseval’s identity and risk minimization give

R(α) = ∥d⋆
0∥2H2

+
∑︂
j≥1

∥d⋆
j∥22

(︁
−e−Tλj + αbj

)︁2
, (A.11)

α⋆
PM(Tg) =

∑︁
j≥1 ∥d⋆

j∥22e−Tλj bj∑︁
j≥1 ∥d⋆

j∥22b2j
.

The sums are finite or convergent by Parseval and boundedness of all spectral multipliers. Equa-
tion equation A.11 also makes clear that the kerL component is an irreducible term shared by the
control and every SWIFT predictor; strict improvement only requires at least one active positive-
eigenvalue mode.

Why some training restriction is necessary. If the control is trained to the posterior mean, then
HcD⋆ = D⋆, R(0) = 0, and no method can become strictly closer. More generally, if Hc is an exact
orthogonal projection onto a closed linear function class, then (I−Hc)D⋆ ⊥ ranHc, so A = 0 for
every guide and

R(α) = R(0) + α2∥Hc(I−Hg)D⋆∥2.
Limited expressivity by itself is therefore not the mechanism. The positive result relies on finite-time
partial fitting.

A.4 RKHS POPULATION GRADIENT FLOW

Let K be a bounded, measurable, symmetric positive-semidefinite scalar kernel and let Hd
K be the

RKHS associated with the matrix-valued kernel Kd = KId. Applied coordinatewise, the integral
operator

(Lf)(xt) =

∫︂
K(xt,x

′
t)f(x

′
t) dPxt(x

′
t)

is bounded, compact, self-adjoint, and positive semidefinite on H2. All statements below also hold
for a finite-rank kernel. For a finite-dimensional feature representation K(x,x′) = ϕ(x)⊤ϕ(x′),
the scalar integral operator L0 has the same nonzero eigenvalues, including multiplicities, as the
uncentered feature second-moment matrix E[ϕ(xt)ϕ(xt)

⊤].

Lemma A.4 (Prediction-space kernel flow). Let y be a square-integrable vector regression target with
conditional mean g(xt) = E[y | xt]. Population gradient flow for the objective 1

2E∥d(xt)− y∥22 in
Hd

K from the zero predictor satisfies, in prediction space,

d

ds
ds = −L(ds − g), d0 = 0, (A.12)

and therefore
ds = Hsg, Hs = I− e−sL.

The conditional variance of y affects the value of the loss but not this population trajectory.

Proof. Conditioning on xt gives the orthogonal decomposition

E∥d(xt)− y∥22 = ∥d− g∥2H2
+ E∥y − g(xt)∥22. (A.13)

After multiplying Eq. equation A.13 by 1/2, the second term is independent of d. If J : Hd
K → H2

is the canonical inclusion, then J is bounded because ∥Jf∥2H2
≤ supx K(x,x)∥f∥2Hd

K
. For the
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RKHS-valued trajectory us, the gradient is J∗(Jus − g). Hence
d

ds
us = −J∗(Jus − g), u0 = 0.

Because J∗J is bounded, this linear Hilbert-space ODE has a unique global solution. The reproducing
property gives L = JJ∗. Applying J to the ODE and writing ds = Jus proves Eq. equation A.12.
This argument requires only g ∈ H2, not membership in the RKHS. Since L is bounded and
self-adjoint, functional calculus gives

ds = e−sLd0 +

∫︂ s

0

e−(s−u)LLg du = (I− e−sL)g.

For every s ≥ 0, Hs is a self-adjoint positive contraction. Moreover, Hs and Hs′ commute because
they are functions of the same operator L. Lemma A.4 therefore places arbitrary RKHS gradient
flow inside Theorem A.3.

A.5 PROOF OF THEOREM 1

Proof of Theorem 1. By Lemma A.4, training on the clean target x0, whose conditional mean is D⋆,
gives

dc = HTD⋆, Dweak = HTgD⋆.

The SWIFT target satisfies

E[(1 + α)x0 − αDweak(xt) | xt] = (1 + α)D⋆ − αDweak.

Applying the main-denoiser response HT and using I−HT = e−TL and I−HTg
= e−TgL yields

dα −D⋆ = −(I−HT )D⋆ + αHT (I−HTg )D⋆

= −e−TLD⋆ + α(I− e−TL)e−TgLD⋆. (A.14)

For brevity, define

eT = e−TLD⋆,

qT,Tg
= (I− e−TL)e−TgLD⋆,

AT,Tg
= ⟨eT , qT,Tg

⟩, CT,Tg
= ∥qT,Tg

∥2.
Then

R(α) = R(0)− 2αAT,Tg
+ α2CT,Tg

. (A.15)

Let EL be the spectral resolution of L and define the finite positive measure

νD⋆(B) = ∥EL(B)D⋆∥2H2
.

Functional calculus gives

AT,Tg =

∫︂
[0,∥L∥]

e−Tλ(1− e−Tλ)e−Tgλ dνD⋆(λ),

CT,Tg =

∫︂
[0,∥L∥]

(1− e−Tλ)2e−2Tgλ dνD⋆(λ).

Both integrands vanish at λ = 0 and are strictly positive for every λ > 0. By the nonzero-predictor
condition in Theorem 1, the ordinary-training predictor at time T is nonzero in H2. Lemma A.4 and
spectral calculus therefore give

0 < ∥Dbase∥2H2

=

∫︂
[0,∥L∥]

(1− e−Tλ)2 dνD⋆(λ).

Since T > 0, the integrand in this last display is positive exactly when λ > 0. Consequently,
νD⋆((0, ∥L∥]) > 0, and hence AT,Tg

> 0 and CT,Tg
> 0. The same spectral measure gives

∥Dweak −D⋆∥2H2
−R(0) =

∫︂ (︁
e−2Tgλ − e−2Tλ

)︁
dνD⋆(λ) > 0,
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because Tg < T and the integrand is positive on λ > 0. This proves the theorem’s claim that the
saved guide is strictly weaker. Expanding the squared norm in Eq. equation A.14 now gives the risk
quadratic in Eq. equation A.15. Its unique minimizer is α⋆

PM = AT,Tg
/CT,Tg

> 0; completing the
square gives R(α⋆

PM) = R(0)−A2
T,Tg

/CT,Tg
< R(0). More explicitly,

R′(0) = −2AT,Tg
< 0, R(α) < R(0) ⇐⇒ 0 < α <

2AT,Tg

CT,Tg

.

Define the improvement threshold used in Theorem 1 by

α⋆ :=
2AT,Tg

CT,Tg

= 2α⋆
PM > 0.

Then every 0 < α < α⋆ strictly improves the posterior-mean risk, proving Eq. equation 7. Here α⋆

is the upper endpoint of the improvement interval; the risk-minimizing coefficient is α⋆
PM.

Meaning of the nonzero-predictor condition. For every T > 0, the spectral multiplier 1− e−Tλ

vanishes exactly at λ = 0. Therefore kerHT = kerL. With the inclusion J from Lemma A.4,
L = JJ∗ also gives

⟨D⋆,LD⋆⟩H2
= ∥J∗D⋆∥2Hd

K
.

Thus the nonzero-predictor condition HTD⋆ ̸= 0 in Theorem 1 is equivalent to the existence of an
f ∈ Hd

K such that E[f(xt)
⊤D⋆(xt)] ̸= 0. It only excludes the degenerate case in which the entire

RKHS prediction space is orthogonal to the posterior mean. If this condition fails, both the ordinary
and SWIFT population flows remain at zero, so strict improvement is impossible in this training
model.

Proposition A.5 (Optimal coefficient and guide training time). Under the main theorem’s
assumptions, the posterior-mean-risk minimizer α⋆

PM(Tg) = AT,Tg
/CT,Tg

is strictly increasing
on 0 ≤ Tg < T .

Proof. For λ > 0, define
wTg

(λ) = (1− e−Tλ)2e−2Tgλ,

aTg
(λ) =

e−Tλ

(1− e−Tλ)e−Tgλ
.

Then

α⋆
PM(Tg) =

∫︁
wTg

(λ)aTg
(λ) dνD⋆(λ)∫︁

wTg
(λ) dνD⋆(λ)

= EρTg
[aTg (λ)],

where ρTg
is the probability measure proportional to wTg

dνD⋆ . Since L is bounded, differentiation
under the integral is valid. Using

∂TgwTg = −2λwTg , ∂TgaTg = λaTg ,

we obtain
d

dTg
α⋆
PM = 2EρTg

[λ]EρTg
[aTg ]− EρTg

[λaTg ]

= EρTg
[λ]EρTg

[aTg
]− CovρTg

(λ, aTg
). (A.16)

For Tg ≤ T ,
d

dλ
log aTg

(λ) = −(T − Tg)−
T

eTλ − 1
< 0.

Thus aTg
is decreasing in λ. If λ′ is an independent copy of λ under ρTg

, then

CovρTg
(λ, aTg ) =

1

2
E
[︁
(λ− λ′)

(︁
aTg (λ)− aTg (λ

′)
)︁]︁

≤ 0.

All expectations are finite: λ is bounded and EρTg
[aTg ] = AT,Tg/CT,Tg < ∞. The first term in

the final line of Eq. equation A.16 is strictly positive because ρTg is supported on λ > 0. Hence
d

dTg
α⋆
PM > 0.
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A.6 GAUSSIAN KERNELS SATISFY THE NONZERO-PREDICTOR CONDITION

Consider the Gaussian/RBF kernel

Kℓ(xt,x
′
t) = exp

(︃
−∥xt − x′

t∥22
2ℓ2

)︃
, ℓ > 0. (A.17)

Proposition A.6 (Injectivity of the Gaussian-kernel operator). For the mixture in Eq. equation 6,
the marginal Pxt

has a smooth, strictly positive density on Rd. The integral operator associated
with Eq. equation A.17 is injective on L2(Pxt

;Rd). Moreover, D⋆ ̸= 0. Therefore, for every
T > 0, ordinary training produces a nonzero predictor in H2, as required by the nonzero-
predictor condition of Theorem 1.

Proof. Each conditional law xt | I = k is Gaussian with covariance Σobs ≻ 0, so its density is
smooth and strictly positive; the same is true of their positive mixture.

It suffices to prove injectivity for one scalar coordinate. Let f ∈ L2(Pxt
) and suppose L0f = 0.

Then ⟨f,L0f⟩L2(Pxt )
= 0. The signed measure dη(xt) = f(xt)dPxt

(xt) has finite total variation
by Cauchy–Schwarz. The translation-invariant kernel energy admits the Fourier representation

⟨f,L0f⟩ = cd,ℓ

∫︂
Rd

|ˆ︁η(ω)|2e−ℓ2∥ω∥2
2/2 dω,

for a constant cd,ℓ > 0. The Gaussian Fourier multiplier is strictly positive everywhere, so zero
energy implies that ˆ︁η = 0 Lebesgue-almost everywhere. The Fourier transform of a finite signed
measure is continuous, hence it vanishes everywhere; uniqueness of Fourier transforms of finite
measures gives η = 0. Since dη = f dPxt

, f = 0 Pxt
-almost surely. Applying this coordinatewise

proves injectivity.

Finally, the tower property and independence of the corruption noise give

E[D⋆(xt)x
⊤
t ] = E[x0x

⊤
t ] = E[x0x

⊤
0 ] ⪰ Σ ≻ 0.

Thus D⋆ cannot vanish in H2. Injectivity gives kerL = {0}. For every T > 0, spectral calculus
implies

kerHT = ker(I− e−TL) = kerL = {0}.
Hence Dbase = HTD⋆ ̸= 0 in H2, verifying the nonzero-predictor condition of Theorem 1.

Proposition A.6 is useful because the RKHS can be universal: strict improvement does not rely on a
deliberately underpowered function class. For every finite T > 0, exact fitting has not yet occurred in
prediction space, leaving a nonempty beneficial interval of α.

A.7 REDUCED-RANK AND SPECTRALLY NESTED GUIDES

A narrower guide need not use exactly the same response as the main denoiser. The following
construction gives an exact low-rank analogue.

Let Pg be an orthogonal projection on H2 satisfying

PgL = LPg.

For example, Pg may retain any subset of the eigenfunctions of L; if it retains finitely many, the
guide response is finite rank. Define

Hc = I− e−TL, Hg = Pg(I− e−TgL). (A.18)

Corollary A.7 (Reduced-rank guide). The operators in Eq. equation A.18 satisfy Eq. equa-
tion A.7. Therefore, whenever⟨︁

D⋆, e−TL(I− e−TL)
[︁
I−Pg(I− e−TgL)

]︁
D⋆

⟩︁
> 0,

there is a nonempty interval of positive coefficients for which the SWIFT denoiser is strictly
closer to D⋆ than the control.
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Proof. Because Pg is an orthogonal projection commuting with L, Hg is self-adjoint, commutes
with Hc, and has eigenvalues either zero or 1− e−Tgλ, all in [0, 1]. Apply Theorem A.3.

This corollary is the rigorous counterpart of a reduced-width guide only when the narrower model
corresponds to a nested spectral subspace. Arbitrary architectural width reduction need not preserve
the eigenfunctions and is not covered without an additional approximation argument.

A.8 EXACT LABEL-AFFINE RESPONSE FOR FINITE-STEP TRAINING

We next separate a second exact statement from the population theorem. It applies to finite data and a
finite number of optimization steps, provided the features are fixed. Let xt,1, . . . ,xt,n be training
inputs, let Φ ∈ Rn×p be a fixed design matrix, and train the vector-valued linear predictor ΦΘ with
full-batch gradient descent:

Θs+1 = Θs −
γs
n
Φ⊤(ΦΘs −Y), s = 0, . . . , S − 1,

where Y ∈ Rn×d is the label matrix. The initialization Θ0 and step sizes γs are fixed independently
of the labels and held the same across target choices. No convergence assumption is made.

Proposition A.8 (Finite-step label affinity). For every S ≥ 0, there exist US ∈ Rp×d and a
linear operator AS : Rn×d → Rp×d, both independent of Y, such that

ΘS = US +AS(Y). (A.19)
Consequently, predictions under any fixed bounded linear evaluation map into a Hilbert predic-
tion space are affine functions of the labels.

Proof. Set Qs = Ip − γsΦ
⊤Φ/n. Then

Θs+1 = QsΘs +
γs
n
Φ⊤Y.

The assertion holds at s = 0 with U0 = Θ0 and A0 = 0. If it holds at step s, it holds at step s+ 1
with

Us+1 = QsUs, As+1(Y) = QsAs(Y) +
γs
n
Φ⊤Y.

Induction proves Eq. equation A.19. Evaluation is linear in ΘS , so it preserves affinity.

The same proof covers mini-batch schedules fixed in advance, fixed linear preconditioners, weight
decay, and momentum after augmenting the state. It does not cover label-dependent feature learning
without further assumptions.

A.9 FINITE-SAMPLE BIAS–VARIANCE EXTENSION

This extension is exact under the conditional-centering assumption below. That assumption is natural
when the guide is trained independently, but it is not automatic when the guide is trained on the same
clean labels.

Let F be a sigma-algebra with respect to which the noisy training inputs, the response map, and the
guide are measurable. Let M be the matrix of stacked posterior means and write the clean labels as

M =
(︁
D⋆(xt,1), . . . ,D⋆(xt,n)

)︁⊤ ∈ Rn×d, X0 = M+E, E[E | F ] = 0.

For example, the displayed conditional-centering assumption holds for i.i.d. training pairs when the
guide is trained on an independent dataset and the response map and initialization depend only on
the noisy inputs and independent algorithmic randomness, with F generated by these noisy inputs,
auxiliary data, and randomness. It is not automatic for a guide trained on the same clean labels. With
Yg the stacked guide predictions and ∆g = M−Yg , the SWIFT labels are

Yα = (1 + α)X0 − αYg = M+ α∆g + (1 + α)E.

Let the trained predictor in a Hilbert space Y have the exact label-affine form a + GY, where a
and the bounded linear operator G are F-measurable. Let d⋆

ev ∈ Y be a fixed (or F-measurable)
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posterior-mean target on the evaluation distribution. Assume V defined below is finite, and set

e = d⋆
ev − (a+ GM), q = G∆g,

η = GE, A = ⟨e, q⟩,
C = ∥q∥2, V = E[∥η∥2 | F ].

Then E[η | F ] = 0 and, exactly,ˆ︁dα − d⋆
ev = −e+ αq + (1 + α)η.

Proposition A.9 (Finite-sample variance tax). Under the preceding conditional label-affine
model, define

RF (α) := E[∥ ˆ︁dα − d⋆
ev∥2 | F ].

Then

E[∥ ˆ︁dα − d⋆
ev∥2 | F ] = ∥e− αq∥2 + (1 + α)2V, (A.20)

RF (α)−RF (0) = −2(A− V )α+ (C + V )α2. (A.21)
If C + V > 0, the risk-minimizing coefficient over α ≥ 0 is

α⋆
FS =

[︃
A− V

C + V

]︃
+

, [u]+ = max{u, 0}. (A.22)

There exists a strictly improving positive coefficient if and only if A > V ; in that case the
complete improvement interval is

0 < α <
2(A− V )

C + V
,

and the maximal conditional risk reduction is (A− V )2/(C + V ). If C + V = 0, then q = 0,
η = 0 almost surely, and the risk is constant in α.

Proof. Conditionally on F , e and q are fixed and E[η | F ] = 0. Thus the cross term between
−e + αq and (1 + α)η has conditional expectation zero, proving Eq. equation A.20. Expanding
and subtracting the value at α = 0 gives Eq. equation A.21. If C + V > 0, completing the square
gives the unconstrained minimizer (A− V )/(C + V ) and hence Eq. equation A.22. The quadratic
difference has roots 0 and 2(A − V )/(C + V ) when A > V , yielding the interval and maximum
reduction. Finally, C + V = 0 implies both nonnegative terms vanish.

For a scale-free geometric interpretation, when e and q are nonzero set

ρ =
⟨e, q⟩
∥e∥ ∥q∥

, χ =
∥q∥
∥e∥

, ν =
V

∥e∥2
.

Then improvement is possible exactly when ρχ > ν, and

α⋆
FS =

[︃
ρχ− ν

χ2 + ν

]︃
+

.

Thus alignment must overcome the variance amplified by 1+α. Setting V = 0 recovers the population
quadratic algebra; it recovers Theorem 1 only when e and q are additionally the population RKHS
response quantities defined in its proof.

A.10 LOCAL RESPONSE OF A SMOOTH NONLINEAR OPTIMIZER

The finite-sample proposition is exact because the training response is label-affine. For a general
optimizer one obtains only a local response unless the remainder is controlled. Let

θs+1 = Fs(θs,Yα), Yα = Y0 + α∆, (A.23)

where each Fs and the vector-valued evaluation map h are continuously differentiable near the
trajectory at α = 0, and θ0 is independent of α.
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Proposition A.10 (First-order optimizer response). Define js = dθs/dα|α=0. Then j0 = 0 and

js+1 = ∂θFs(θs,Y0)js + ∂YFs(θs,Y0)[∆], (A.24)
where the right side is evaluated along the α = 0 trajectory. Moreover,

h(θS(α)) = h(θS(0)) + α∂θh(θS(0))jS + o(α). (A.25)
If the relevant derivatives are locally Lipschitz, the remainder is O(α2).

Proof. Differentiate Eq. equation A.23 at α = 0 and apply the chain rule to obtain Eq. equation A.24.
A first-order Taylor expansion of h gives Eq. equation A.25; locally Lipschitz derivatives give the
quadratic remainder.

The proposition does not imply that propagated label noise has conditional mean zero: the base
trajectory and its Jacobians may depend on that noise. Therefore Proposition A.9 does not apply to
general feature learning unless label affinity, suitable independence, or an explicit remainder-and-
dependence bound is established.

A.11 STABILITY BEYOND THE EXACT KERNEL REGIME

The next result converts an exact improvement into a margin condition.

Proposition A.11 (Risk-margin stability). Let dc,dα be ideal predictors satisfying

Γ(α) := ∥dc −D⋆∥2 − ∥dα −D⋆∥2 > 0.

Let ˜︁dc, ˜︁dα satisfy
∥ ˜︁dc − dc∥ ≤ ε0, ∥ ˜︁dα − dα∥ ≤ εα.

Set B0 = ∥dc −D⋆∥ and Bα = ∥dα −D⋆∥. If

Γ(α) > 2B0ε0 + 2Bαεα + ε2α, (A.26)
then

∥ ˜︁dα −D⋆∥2 < ∥ ˜︁dc −D⋆∥2.
If both errors are at most ε and B0, Bα ≤ B, it suffices that Γ(α) > 4Bε+ ε2.

Proof. The two perturbation bounds are

∥ ˜︁dα −D⋆∥2 ≤ ∥dα −D⋆∥2 + 2Bαεα + ε2α,

∥ ˜︁dc −D⋆∥2 ≥ ∥dc −D⋆∥2 − 2B0ε0.

Subtracting and using Eq. equation A.26 proves the claim.

This result states what an approximation theorem must deliver; it does not itself establish kernel
closeness for a feature-learning diffusion network.

A.12 SCOPE OF THE GUARANTEE

What is exact. The shared-covariance mixture posterior, the commuting-response theorem, RKHS
population gradient flow, Gaussian-kernel injectivity, and the spectrally nested reduced-rank guide
are exact. The finite-step and finite-sample results are also exact under their stated fixed-feature,
label-affinity, and conditional-centering assumptions. The RKHS may be infinite dimensional and
universal; no assumption that D⋆ lies outside the function class is needed.

Role of the data model and training budget. The Gaussian-mixture assumption gives an explicit
posterior mean and finite second moments. The shared covariance is used in its displayed posterior
formula; neither shared covariance nor Gaussianity is required for the RKHS improvement argument
under the stated training dynamics, square integrability, and nonzero-predictor condition. No low-
rank restriction is imposed on the data. The main theorem compares the baseline and SWIFT after
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the same main-model optimization time T . Constructing the frozen guide requires the additional
ordinary training time Tg; the theorem does not establish an advantage at equal total compute, nor
does population flow account for guide forward-pass costs. Those costs are part of the experimental
compute comparison.

What is not claimed. An arbitrary end-to-end neural network does not generally induce a fixed, self-
adjoint, commuting response operator. Without a restriction on training dynamics, no distributional
assumption can guarantee strict improvement: a control that reaches D⋆ already has zero posterior-
mean risk. Extension to feature learning therefore requires either an explicit response approximation
bound, used through Proposition A.11, or a separate nonlinear-training theorem. Proposition A.10 is
a local sensitivity identity, not such a global guarantee.

Posterior-mean risk versus sample quality. The theorem compares L2(Pxt) distance to the
one-step posterior mean. It does not identify this quantity with FID or with the error of an iterative
diffusion sampler. Agreement between the coefficient predicted here and the coefficient minimizing
FID is empirical evidence for the mechanism, not a consequence of the theorem.

B ADDITIONAL COMPARISONS WITH DIFFUSION GUIDANCE METHODS

This section expands the comparison in Section 3. The main distinction is whether the auxiliary
prediction used to construct the training correction is fixed or evolves together with the model being
optimized. Several recent methods can be written in a form resembling target extrapolation at a
single optimization step, but their effective weak prediction depends on the current model parameters.
In SWIFT, the weak denoiser is instead trained beforehand and frozen throughout the entire main
training run.

Sampling-time guidance. Autoguidance (AG) extrapolates a trained denoiser away from a weaker
denoiser during sampling (Karras et al., 2024),

(1 + s)Dbase − sDweak,

where s is an inference-time guidance scale. AG provides the closest motivation for SWIFT: both
use a weak model to define an extrapolation direction. The difference is when it is used. AG keeps
the weak model at inference, whereas SWIFT uses it only to construct training targets and discards it
afterward.

Fixed versus jointly evolving references. Training-time guidance methods such as MG, SGG, IG,
and GFT use auxiliary predictions produced by the current model or by jointly optimized components
(Tang et al., 2025; Yuan et al., 2026; Zhou et al., 2026; Chen et al., 2025). Their effective weak
prediction can therefore be written schematically as

D(k)
aux = Daux(θk),

and generally changes across optimization steps. This remains true when stop-gradient is used:
detaching an auxiliary prediction within one update does not make it fixed across training.

In SWIFT, the guide is trained separately with the ordinary denoising objective and frozen before the
main run. Thus Dweak(xt, t) is independent of the evolving main-model parameters. This distinction
matters even when another method can be algebraically rewritten into an extrapolated-target form: a
target containing Daux(θk) is still a moving target, whereas the SWIFT reference is fixed.

Algebraic relation to Guidance-Free Training. For example, GFT uses a trainable prediction f , a
detached unconditional prediction u, and regression label q (Chen et al., 2025). For fixed 0 < β ≤ 1,

∥βf + (1− β)u− q∥22 = β2

⃦⃦⃦⃦
f −

[︃
q +

1− β

β
(q − u)

]︃⃦⃦⃦⃦2
2

.

The bracketed term therefore resembles an extrapolated target with α = (1− β)/β. However, u is
recomputed from the evolving model, so this is a pointwise algebraic correspondence rather than an
equivalence of training dynamics.
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Table 2: Comparison with related training-time guidance methods. “Joint” indicates that the
auxiliary prediction is produced by the model being optimized, or by a jointly trained branch, and
therefore changes during main training.
Method Auxiliary prediction Joint? Fixed during training? Needed at inference?

MG (Tang et al., 2025) conditional / unconditional ✓ × ×
SGG (Yuan et al., 2026) jointly generated inferior prediction ✓ × ×
IG (Zhou et al., 2026) intermediate prediction ✓ × ✓†

GFT (Chen et al., 2025) detached unconditional prediction ✓ × ×

SWIFT pretrained weak denoiser × ✓ ×
†IG obtains its auxiliary prediction from an intermediate layer of the same backbone rather than from a separate

network.

Why keep the guide frozen? Freezing the guide avoids jointly optimizing the model that produces
the auxiliary prediction. More importantly, this choice is also supported empirically: on CIFAR-10,
jointly training the weak guide does not improve performance and is worse than keeping the guide
frozen; adaptive and online variants are similarly neutral or harmful (Section F.4). Thus the fixed
reference is not merely an implementation simplification, but an important part of the SWIFT design.

B.1 CONTROLLED COMPARISON ON A GAUSSIAN MIXTURE

We further compare SWIFT, MG, GFT, and IG in a controlled Gaussian-mixture setting where the
optimal denoiser is known in closed form. All methods use the same model capacity and training
length, and each learned output is mapped back to its implied estimate of the optimal denoiser before
error is measured.

C DISTANCE TO THE OPTIMAL DENOISER ON A GAUSSIAN MIXTURE

This experiment asks a question that image data cannot answer: at a fixed capacity and training
budget, which training objective lets a network learn the most about the posterior mean D⋆? On
images D⋆ is unknown; on a Gaussian mixture it is known in closed form, so the answer can be
measured exactly. We train the same small network, on the same data and for the same number of
steps, with the target of each method, convert each trained network into the estimate of D⋆ that its
objective implies, and measure the distance of that estimate to D⋆.

Converting each network to an estimate of D⋆. A method that changes the regression target
does not train its network to approximate D⋆. The SWIFT network, for example, is trained toward
gα = D⋆ + α(D⋆ − Dweak) (Lemma A.1), so comparing it with D⋆ directly would penalize it
for learning what it was asked to learn. Each objective, however, fixes how its network relates to
D⋆, and inverting that relation gives the estimate of D⋆ the method implies. For SWIFT this is
D̂ = (Dθ + αDweak)/(1 + α), which equals D⋆ exactly when Dθ = gα. The conversion uses only
the trained networks, never D⋆. Table 3 lists the target and the implied estimate of every method.
Sampling-time methods such as CFG and autoguidance leave the trained network unchanged, so their
implied estimate is the baseline’s and they are not part of this comparison.

Table 3: Compared objectives and the estimate of D⋆ each one implies. sg denotes stop-gradient.
Dc is the baseline network on class A and Du an ordinary denoiser on A+B, both fixed; MG uses
these fixed references in place of its moving-average self-reference.
Arm Training target of Dθ Implied estimate of D⋆ Swept

baseline x0 Dθ –
SWIFT (ours) (1 + α)x0 − αDweak(xt) (Dθ + αDweak)/(1 + α) α ∈ {0.3, 0.5, 0.7, 1.0}
MG (Tang et al., 2025) x0 + w(Dc −Du) Dθ − w(Dc −Du) w ∈ {0.25, 0.5, 1}
GFT (Chen et al., 2025) minimize ∥βDθ + (1− β) sg[Du]− x0∥2, β = 1/w βDθ + (1− β)Du w ∈ {1.25, 1.5, 2}
IG (Zhou et al., 2026) ∥Df − x0∥2 + γ∥Di − x0∥2, Di after the first hidden layer Df (target unchanged) γ = 0.5

Setup. Data are drawn from a mixture of eight equally weighted Gaussians, x0 ∼∑︁8
j=1 wj N (µj , s

2Id), and noised as xt = x0 + σϵ, so the posterior mean is the shared-covariance
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case of Lemma A.2,

D⋆(xt, σ) =

8∑︂
j=1

rj(xt)
s2xt + σ2µj

s2 + σ2
, rj(xt) ∝ wj N

(︁
xt;µj , (s

2 + σ2)Id
)︁
. (A.27)

As in the tree example, class A (the first four components) is the conditional distribution, on which
every network is trained and evaluated, and the full mixture A+B is the unconditional distribution
that MG and GFT need. The main network is an MLP of width 64 that cannot represent D⋆ exactly;
with unlimited capacity every objective would reach its own optimum and there would be nothing to
compare. All networks share the initialization, the data stream, and the training budget, and differ
only in the target (Table 4). The auxiliary models are matched in capacity: the SWIFT guide and
the unconditional reference Du of MG and GFT are both width-16 networks trained for 4,000 steps,
about 10% of the main network’s parameters and a fifth of its steps. A full-capacity Du would make
the GFT estimate an average of two full-size networks, which is closer to D⋆ because of the extra
capacity rather than the objective. The guide is a weak model: at d=16 its distance to D⋆ is 3.3–7.1
times that of the ordinarily trained main network, so SWIFT does not gain from learning from a better
model.

Table 4: Gaussian-mixture setup. All networks share everything except the training target.
components 8, equal weights; class A = components 1–4
means µj N (0, 42Id), redrawn for every seed
component standard deviation s 0.5
dimension d 16 (main results) and 8
training noise levels log σ ∼ U(−3, 1)
main network MLP, 3 hidden layers of width 64, input [xt, log σ]
training Adam, learning rate 2× 10−3, batch 512, 20,000 steps
Dweak and Du MLP of width 16, 4,000 steps, target x0 (about 10% of the parameters)

Evaluation. For each noise level σ ∈ {0.05, 0.1, 0.2, 0.5, 1.0} we draw 20,000 fresh samples of
class A, noise them, and report the mean Euclidean distance 1

N

∑︁
i ∥D̂(xt,i) − D⋆(xt,i)∥2. Each

seed redraws the mixture means and retrains every network, so seeds are independent replicates
of the whole comparison: 40 at d=16 and 5 at d=8. At these dimensions the width-64 network is
limited but adequate: the ordinarily trained baseline is within 1.94% (d=16) and 1.73% (d=8) of D⋆

in relative error at σ=0.05.

Table 5: Distance of each implied estimate to D⋆ on the Gaussian mixture (capacity-matched, mean
over seeds; lower is better, the best entry of each row in bold). Top: d=16, 40 seeds. Bottom: d=8, 5
seeds.

SWIFT, α MG, w GFT, w IG

σ baseline 0.3 0.5 0.7 1.0 0.25 0.5 1 1.25 1.5 2 γ=0.5

d = 16, 40 seeds
0.05 0.3100 0.2855 0.2714 0.2611 0.2566 0.3179 0.3412 0.4011 0.2858 0.2699 0.2617 0.3418
0.1 0.2600 0.2408 0.2290 0.2209 0.2175 0.2685 0.2849 0.3300 0.2408 0.2282 0.2203 0.2885
0.2 0.2311 0.2145 0.2069 0.2004 0.1952 0.2388 0.2539 0.2936 0.2143 0.2045 0.1972 0.2522
0.5 0.2125 0.2008 0.1958 0.1914 0.1865 0.2216 0.2406 0.2888 0.2004 0.1959 0.1904 0.2258
1.0 0.2272 0.2136 0.2086 0.2038 0.1988 0.2358 0.2590 0.3240 0.2162 0.2128 0.2075 0.2312

d = 8, 5 seeds
0.05 0.1853 0.1676 0.1618 0.1538 0.1450 0.1913 0.2039 0.2269 0.1729 0.1659 0.1544 0.1976
0.1 0.1574 0.1455 0.1373 0.1302 0.1202 0.1659 0.1730 0.1826 0.1488 0.1411 0.1264 0.1657
0.2 0.1378 0.1310 0.1246 0.1192 0.1120 0.1491 0.1519 0.1667 0.1335 0.1285 0.1195 0.1468
0.5 0.1154 0.1144 0.1101 0.1055 0.1018 0.1246 0.1310 0.1568 0.1141 0.1129 0.1095 0.1301
1.0 0.1232 0.1175 0.1183 0.1184 0.1189 0.1356 0.1479 0.1906 0.1202 0.1223 0.1257 0.1330

Results. Table 5 reports the distances. At d=16, SWIFT with α=1 gives the estimate closest to D⋆

at every noise level: 12–17% closer than the baseline, and 0.9–3.8 percentage points ahead of the
best alternative, GFT with w=2. The gain grows steadily with α over the scanned range [0.3, 1.0] at
every noise level. MG and IG do not improve on the baseline at any setting. The result holds seed by
seed: with each method at its best setting, SWIFT is closest to D⋆ in 141 of the 200 (seed, noise level)
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cells, against 58 for GFT, 1 for IG, and none for MG, and it improves on the baseline on all 40 seeds
(mean 16.1%, range 7.8–28.6%). At d=8, SWIFT is again closest at every noise level and in 21 of
the 25 cells, 3.9–6.6 percentage points ahead of GFT for σ ≤ 0.5.

D EXPERIMENTAL SETUP

This section specifies the training configurations (Section D.1), sampling and evaluation protocol
(Section D.2), and compute accounting (Section D.3) used throughout our experiments. Unless stated
otherwise, SWIFT changes only the regression target; the carrier architecture, optimizer, training
schedule, sampler, and evaluation pipeline are left unchanged.

D.1 TRAINING CONFIGURATIONS

CIFAR-10. We use the EDM configuration of Karras et al. (2022) without modification other
than the regression target: a class-conditional DDPM++ model at 32 × 32 resolution with EDM
preconditioning and loss weighting, batch size 512, fp32 training, and a 200k-kimg training horizon.
The main denoiser uses channel base 128 (cb128). Guide capacity is specified by channel base
(cb16–cb128), with cb64 denoting the default half-width guide. NCSN++ and ADM-style guide
variants use the corresponding channel bases; their full results are reported in Section F.3.

The guide is loaded from a frozen checkpoint, and α is implemented as a single scalar coefficient.
No other training code path differs from the baseline. The α = 0 arm (D0) is therefore the matched
control used throughout the CIFAR-10 experiments, with the same seed, training schedule, dataset
copy, hardware, and checkpoint lattice as the corresponding SWIFT runs.

ImageNet-256, DiffusionBench. We follow the released DiffusionBench configuration (Leng
et al., 2026), using a representation-autoencoder tokenizer (Zheng et al., 2026) over frozen DINOv2-
B features (Oquab et al., 2024) and a 615M-parameter decoupled diffusion transformer (Wang
et al., 2025). The model is trained class-conditionally with global batch size 1024 for 80 epochs,
corresponding to 1251 optimizer steps per epoch, and is evaluated every five epochs.

Unless stated otherwise, all ImageNet breadth experiments use a single SWIFT recipe: α = 0.4 and a
frozen half-width guide trained for 40 epochs. The guide has 155M parameters and approximately
one quarter of the main denoiser’s forward-pass FLOPs. The short-guide ablation uses the same
guide architecture frozen at an earlier checkpoint. CFG is used only at sampling time and is tuned
independently for the baseline and SWIFT.

The DiffusionBench carrier predicts velocity rather than x0. Because the velocity parameterization is
affine in x0 for fixed xt, we apply SWIFT directly in the carrier parameterization:

vSWIFT = (1 + α)v − αvg,

where vg is the frozen guide prediction. This is equivalent to extrapolating the corresponding
clean-sample target and then applying the carrier’s parameterization transform.

The main DiffusionBench sweep is trained on 4×B200 GPUs. Longer-training experiments use the
same optimization configuration and are run on 8×H100 GPUs where noted.

ImageNet-256, RAEv2. We use the released DINOv3-L configuration of Singh et al. (2026)
(dinov3l-k7) together with its native internal-guidance implementation. The SWIFT guide is the
carrier’s GUIDE-w05 weak-model configuration, loaded from its epoch-40 checkpoint and frozen
before main-model training. Unless stated otherwise, we use α = 0.4.

The RAEv2 guide uses hidden widths 720 and 1024, depths 28 and 2, and 10 and 8 attention heads,
respectively, relative to the corresponding main-model dimensions. Here w05 denotes approximately
half the parameter count of the carrier, rather than exactly half of every hidden width. All other
architectural and optimization settings follow the released RAEv2 configuration.
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Table 6: Sampling and evaluation settings. Each experiment retains the carrier’s original sampling
configuration; SWIFT changes none of these settings.

CIFAR-10 (EDM) ImageNet-256
(DiffusionBench)

ImageNet-256 (RAEv2)

resolution / space 32× 32, pixels 256× 256, tokenizer
latents

256× 256, DINOv3-L latents

sampler EDM deterministic
(Heun)

Euler ODE

NFE 35 (18 steps) 50 50
guidance none CFG, tuned independently internal guidance, tuned

independently
samples /
evaluation

50k 50k 50k

reference statistics CIFAR-10 training set ImageNet-256 training set ImageNet-256 training set
metrics FID FID, sFID, IS, precision,

recall, FDr , MIND
FID, sFID, IS, precision, recall,
FDr , MIND

D.2 SAMPLING AND EVALUATION PROTOCOL

Sampler configuration. Sampling follows each carrier’s released evaluation configuration. CIFAR-
10 uses the deterministic EDM Heun sampler. DiffusionBench uses a 50-step Euler sampler, while
RAEv2 uses its released 50-step ODE sampler.

RAEv2 internal guidance constructs its auxiliary prediction using a truncated version of the same
backbone, with the weak branch using the first 8 of 28 blocks (base model depth=8). This can
be viewed as an autoguidance-style construction in which the weak prediction is obtained from a
truncated shared backbone rather than from a separately trained weak network.

For unguided SWIFT evaluation, the training guide is removed entirely. Our evaluation script sets
self guide.k=0 and clears the guide list before checkpoint loading, so the frozen weak denoiser
used to construct training targets is not instantiated during sampling.

Guidance tuning. Whenever inference-time guidance is reported, the guidance strength is tuned
independently for the baseline and SWIFT. The same sampling procedure, number of generated
samples, and evaluation pipeline are used on both sides. This avoids fixing the guidance scale to the
optimum of one model and applying it unchanged to the other.

Checkpoint protocol. Matched breadth comparisons use the same training endpoint for the baseline
and SWIFT. Longer-training experiments evaluate both models throughout their training trajectories
using the same checkpoint schedule. Whenever a result is selected over multiple checkpoints or
guidance strengths, the corresponding table or figure explicitly identifies the selection procedure.

Metric computation. FID is computed from 50k generated samples against the standard reference
statistics of the corresponding dataset (Heusel et al., 2017). All additional metrics are computed from
the same generated sample set. On ImageNet-256, these include sFID, Inception Score, precision,
recall, feature-space Fréchet distances, and MIND. The same implementations and reference features
are used for matched baseline and SWIFT comparisons.

D.3 COMPUTE ACCOUNTING

We report compute separately for main-model training and guide preparation. The weak guide is
pretrained once and then frozen, so its preparation cost can be shared across multiple SWIFT runs.

Wall-clock measurements. On the main DiffusionBench setup using 4×B200 GPUs, an 80-epoch
baseline run takes approximately 44 hours, while an 80-epoch SWIFT main-model run takes approxi-
mately 49 hours once the guide is available. The default 40-epoch guide requires approximately 12
hours to pretrain and can subsequently be reused across different extrapolation coefficients or other
runs using the same guide.
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Wall-clock measurements are hardware- and implementation-dependent, so our primary accounting
below uses FLOPs.

Per-step FLOPs. Let

ρ =
guide forward FLOPs

main-denoiser forward FLOPs
.

For the DiffusionBench configuration, ρ ≃ 0.26.

A baseline training step consists of one main-model forward pass and its backward pass. Approx-
imating the backward pass as twice the forward cost, the baseline step costs three forward-pass
equivalents. SWIFT adds one frozen-guide forward pass and no backward pass through the guide. Its
relative main-training cost is therefore

CSWIFT,step

Cbase,step
= 1 +

ρ

3
= 1.086 ≃ 1.09. (A.28)

Thus the frozen guide adds approximately 9% FLOPs per main-training step.

Our analytical count gives 337.5 GFLOPs per sample for the DiffusionBench main-denoiser forward
pass and 87.3 GFLOPs for the guide. The resulting full-step estimate agrees with a PyTorch FLOP
counter to within 0.5%.

Guide preparation. Training the guide for Tg epochs costs
ρTg

baseline-equivalent training epochs under the same forward/backward approximation. For the default
DiffusionBench guide with Tg = 40 and ρ ≃ 0.26, this corresponds to approximately 10.4 baseline-
equivalent epochs.

Hence, if guide preparation is charged to a single e-epoch SWIFT run, its total training cost is

CSWIFT(e) = ρTg +
(︂
1 +

ρ

3

)︂
e (A.29)

baseline-equivalent epochs. If a pretrained guide is reused across multiple runs, only the 1.09×
main-training factor in Eq. equation A.28 is incurred by each additional run.

The frozen representation encoder is used identically by the baseline and SWIFT and is excluded
from this relative accounting. Including its cost changes the resulting ratios only slightly.

RAEv2 guide cost. The RAEv2 weak guide is relatively larger than the DiffusionBench guide.
Using its released architecture, its forward-pass ratio is approximately ρ ≃ 0.37. The same accounting
therefore gives a main-training factor

1 +
0.37

3
≃ 1.12,

with guide preparation accounted for separately through Eq. equation A.29.

E IMAGENET-256: COMPLETE RESULTS

This appendix provides the complete ImageNet-256 results. We first report the full 19-configuration
comparison with and without inference-time guidance (Section E.1), followed by the published results
used in Figure 1 (Section E.2), a detailed analysis of the 875M-parameter RAEv2 carrier (Section E.3),
training trajectories (Section E.4), and coefficient/guide ablations . Training configurations, evaluation
protocols, and compute accounting are given in Sections D.1 to D.3.

E.1 ALL CONFIGURATIONS

The 19 configurations consist of 18 DiffusionBench configurations (615M parameters, 80 epochs; six
representation autoencoders, five VAEs, four end-to-end-tuned autoencoders, and three pixel-space
models) together with the larger RAEv2 carrier. Across all configurations, SWIFT uses the same
default coefficient, α=0.4, with a pretrained half-width guide frozen before main-model training; no
coefficient is tuned per configuration. Each baseline is either a matched control trained with the same
schedule or the carrier’s released checkpoint. DiffusionBench pairs are re-sampled with 50k samples
and evaluated by the same pipeline, while RAEv2 uses its native evaluator.
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Without guidance. SWIFT lowers FID in all 18 DiffusionBench configurations (Table 7), by
16.3–49.4% (median 31.3%), and improves RAEv2 from 1.56 to 1.15. Across all 19 configurations,
269 of the 285 reported metric comparisons favor SWIFT, 7 are ties at the displayed precision, and 9
favor the baseline. The exceptions are limited to four precision entries, two Inception Scores, one
recall entry, and one ConvNeXt-based FDr/MIND pair.

With guidance. Guidance strength is tuned independently for the baseline and SWIFT (Table 8).
SWIFT has the lower guided FID in all 19 configurations: by 0.10–1.31 (6.7–33.0%, median 21.9%)
across DiffusionBench with CFG, and from 1.04 to 0.99 on RAEv2 with its native internal guidance.
Of the 270 DiffusionBench metric comparisons, 250 favor SWIFT, 16 favor the baseline, and 4 are
ties at the reported precision. Figure 7 illustrates six representative DiffusionBench cases and also
shows why the guidance scale must be tuned separately for the two models.

Table 7: All 19 ImageNet-256 configurations without guidance. SWIFT uses the same default
coefficient (α=0.4) with a pretrained half-width guide frozen before main-model training, without
per-configuration coefficient tuning. FDr and MIND are reported in five feature spaces; the lower
FID of each pair is bold.

FDr ↓ MIND ↓
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Representation autoencoders (RAE); 615M, 80 epochs
DINOv2-B 2.09 4.48 210.6 0.83 0.57 1.30 2.34 3.12 6.24 7.58 2.44 70.80 26.70 0.44 6.34
+ SWIFT 1.75 4.26 202.8 0.81 0.61 1.10 2.44 2.82 5.20 6.86 1.55 75.40 23.80 0.35 5.77

DINOv2-B+reg 2.07 4.55 208.2 0.82 0.58 1.28 2.45 3.24 6.32 7.62 2.24 76.10 27.70 0.44 6.25
+ SWIFT 1.71 4.18 205.2 0.81 0.61 1.07 2.39 2.80 5.30 6.83 1.54 74.60 23.40 0.35 5.77

LangPE 2.73 4.43 183.2 0.80 0.60 1.63 3.42 6.57 8.98 10.20 2.52 135.00 63.90 0.69 8.89
+ SWIFT 2.27 4.01 184.6 0.79 0.61 1.37 3.30 5.72 7.59 9.36 1.76 129.00 55.30 0.56 8.46

PE 3.11 6.15 205.1 0.81 0.56 1.88 3.13 6.13 11.00 9.80 3.20 98.50 58.30 0.88 8.05
+ SWIFT 2.34 5.02 209.6 0.81 0.60 1.42 2.72 4.81 9.21 7.72 2.47 85.50 45.00 0.70 6.39

SigLIP2 3.47 7.02 180.5 0.79 0.58 2.10 4.16 8.59 11.00 11.80 2.45 158.00 86.70 0.90 10.20
+ SWIFT 2.60 5.39 188.3 0.79 0.61 1.58 3.54 6.99 9.10 9.59 1.87 133.00 70.20 0.72 8.34

SpatialPE 3.60 5.20 160.1 0.78 0.60 2.18 4.22 7.21 6.95 10.70 2.23 210.00 69.10 0.54 9.10
+ SWIFT 2.92 4.47 165.8 0.78 0.62 1.78 3.67 6.04 5.64 9.35 1.60 175.00 57.20 0.43 8.00

VAEs; 615M, 80 epochs
SD-VAE (EMA)+reg 5.49 5.52 161.3 0.71 0.66 3.20 5.26 11.50 9.64 25.80 3.56 257.00 148.00 0.87 28.60
+ SWIFT 3.77 5.06 179.1 0.73 0.66 2.19 3.84 8.57 7.57 20.10 1.98 159.00 107.00 0.68 21.90

SD-VAE (MSE) 10.06 5.79 110.9 0.67 0.65 5.92 10.50 18.00 12.20 38.70 9.19 687.00 245.00 1.09 44.60
+ SWIFT 6.51 5.26 137.1 0.70 0.66 3.82 7.00 13.00 9.75 30.50 4.96 388.00 171.00 0.87 35.30

SD-VAE (EMA) 10.21 5.56 112.4 0.67 0.66 6.01 10.00 18.10 11.10 35.20 9.67 686.00 245.00 0.99 38.60
+ SWIFT 6.73 5.05 138.9 0.70 0.67 3.88 6.67 13.10 8.87 27.70 5.22 388.00 171.00 0.79 30.50

Qwen-VAE 10.69 8.46 109.1 0.66 0.64 6.42 13.30 19.60 13.40 41.30 9.09 806.00 266.00 1.31 43.80
+ SWIFT 7.18 7.68 134.8 0.69 0.65 4.14 8.87 14.20 10.70 32.60 4.91 455.00 186.00 1.05 34.70

SDXL-VAE 12.84 7.52 104.1 0.65 0.64 7.47 12.60 21.50 13.60 40.30 12.90 861.00 299.00 1.22 44.10
+ SWIFT 8.38 6.83 128.7 0.68 0.65 4.82 8.40 15.50 10.90 31.80 6.97 487.00 209.00 0.97 34.90

End-to-end tuned autoencoders (E2E); 615M, 80 epochs
E2E VA-VAE 4.14 4.57 148.9 0.74 0.65 2.56 5.81 8.60 6.37 16.20 2.13 269.00 103.00 0.50 15.40
+ SWIFT 3.13 4.39 164.2 0.74 0.67 1.96 4.62 6.79 5.24 13.00 1.26 189.00 80.30 0.41 12.20

E2E Qwen-VAE 4.94 5.23 138.9 0.72 0.66 3.08 6.75 9.56 6.46 19.90 2.82 340.00 114.00 0.53 18.90
+ SWIFT 3.23 4.89 164.1 0.73 0.66 2.06 4.68 6.44 4.72 14.40 1.35 189.00 72.90 0.37 13.20

E2E SD3.5-VAE 5.26 5.18 141.1 0.71 0.65 3.33 4.99 9.14 7.13 18.50 3.17 260.00 107.00 0.55 17.50
+ SWIFT 3.61 4.88 160.9 0.72 0.67 2.36 3.66 6.64 5.50 14.00 1.70 161.00 75.10 0.41 12.90

E2E FLUX-VAE 6.20 5.13 134.9 0.70 0.66 3.77 6.84 10.90 6.63 21.20 4.09 372.00 128.00 0.53 20.30
+ SWIFT 4.27 4.78 153.4 0.71 0.67 2.62 4.88 7.81 5.03 15.60 2.21 223.00 88.10 0.39 14.50

Pixel space; 615M, 80 epochs
PixelGen 12.10 6.15 104.2 0.66 0.61 7.01 13.90 17.90 19.00 34.60 9.03 772.00 222.00 1.68 32.40
+ SWIFT 8.11 5.46 126.3 0.68 0.62 4.73 9.83 13.70 15.90 27.90 5.03 482.00 167.00 1.39 26.30

PixNerd 20.37 6.14 65.9 0.61 0.63 12.00 20.70 24.40 18.70 46.70 22.30 1514.00 335.00 1.62 47.60
+ SWIFT 10.31 5.38 93.3 0.70 0.61 6.13 12.20 14.30 13.80 30.00 8.50 776.00 172.00 1.23 28.80

JiT 22.36 6.98 63.3 0.58 0.63 13.20 23.40 28.70 22.70 54.70 25.50 1690.00 422.00 2.04 56.40
+ SWIFT 12.31 6.15 98.4 0.64 0.63 7.27 13.50 18.50 18.20 38.40 11.10 804.00 254.00 1.65 39.30

RAEv2, 875M, 160 epochs
DINOv3-L 1.56 4.10 233.3 0.82 0.65 1.00 2.20 2.60 4.80 6.30 1.40 70.00 22.00 0.34 5.60
+ SWIFT 1.15 3.60 242.2 0.81 0.67 0.82 2.05 2.25 4.15 5.45 1.10 65.00 18.50 0.29 4.85
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Table 8: All 19 ImageNet-256 configurations with guidance. Inference-time guidance is tuned
independently for the baseline and SWIFT. The training recipe is otherwise the same as in Table 7.
FDr and MIND are reported in five feature spaces; the lower FID of each pair is bold.
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Representation autoencoders (RAE); 615M, 80 epochs
DINOv2-B 1.98 4.50 223.1 0.81 0.59 1.23 2.23 3.33 6.14 7.78 1.87 67.60 28.60 0.43 6.50

+ SWIFT 1.59 4.30 221.6 0.80 0.62 1.00 2.26 2.89 5.16 6.94 1.13 65.80 24.30 0.34 5.82
DINOv2-B+reg 1.84 4.55 236.2 0.82 0.58 1.15 2.15 3.21 6.43 7.71 1.90 64.30 27.40 0.44 6.43

+ SWIFT 1.52 4.18 232.9 0.81 0.61 0.96 2.10 2.77 5.39 6.91 1.31 63.01 23.15 0.35 5.94
LangPE 2.39 4.42 201.6 0.80 0.61 1.43 2.89 6.16 8.98 10.1 2.17 103.00 61.40 0.69 8.84

+ SWIFT 2.06 4.02 199.0 0.79 0.62 1.25 2.90 5.45 7.53 9.52 1.38 104.00 53.90 0.56 8.68
PE 2.84 5.80 221.5 0.81 0.57 1.72 2.80 5.91 10.90 9.88 2.86 90.07 56.80 0.88 8.19

+ SWIFT 2.14 4.73 226.4 0.80 0.62 1.31 2.43 4.64 9.12 7.78 2.21 78.18 43.85 0.71 6.51
SigLIP2 2.61 6.90 222.9 0.78 0.59 1.59 3.01 7.33 10.61 11.38 1.86 97.91 76.01 0.87 9.89

+ SWIFT 2.15 5.32 219.4 0.79 0.62 1.32 2.81 6.37 8.85 9.74 1.35 91.90 66.20 0.69 8.52
SpatialPE 1.86 4.50 247.1 0.79 0.61 1.16 1.82 4.67 6.62 8.57 1.35 55.46 45.79 0.51 7.23

+ SWIFT 1.51 3.87 255.9 0.79 0.63 0.95 1.58 3.91 5.37 7.49 0.97 46.21 37.91 0.41 6.36
VAEs; 615M, 80 epochs
SD-VAE (EMA)+reg 2.32 4.70 271.5 0.80 0.60 1.30 1.76 7.37 7.61 18.6 1.88 53.40 86.00 0.70 20.20

+ SWIFT 1.81 4.42 272.9 0.80 0.61 1.01 1.48 5.71 6.11 15.1 1.63 48.30 66.20 0.55 16.30
SD-VAE (MSE) 2.56 5.50 259.7 0.70 0.65 1.45 2.15 7.61 7.82 21.82 3.10 55.66 86.97 0.70 25.01

+ SWIFT 1.86 4.99 268.4 0.73 0.66 0.94 1.43 5.49 6.25 17.19 1.67 31.45 60.71 0.56 19.78
SD-VAE (EMA) 2.43 5.40 259.6 0.69 0.65 1.38 1.92 7.71 6.94 19.15 2.92 48.52 87.44 0.62 20.39

+ SWIFT 1.90 5.08 260.9 0.69 0.66 1.07 1.61 5.98 5.57 15.55 2.53 43.86 67.33 0.49 16.45
Qwen-VAE 3.01 7.70 238.9 0.68 0.65 1.85 4.56 9.77 9.19 25.46 2.75 159.26 118.42 0.90 25.97

+ SWIFT 2.32 6.99 250.8 0.71 0.66 1.19 3.04 7.05 7.34 20.06 1.49 89.98 82.66 0.72 20.54
SDXL-VAE 3.07 6.90 256.0 0.67 0.65 1.69 2.74 9.26 8.64 21.55 3.38 70.85 109.22 0.75 22.66

+ SWIFT 2.21 6.27 268.8 0.70 0.66 1.09 1.83 6.69 6.91 16.98 1.83 40.03 76.24 0.60 17.92
End-to-end tuned autoencoders (E2E); 615M, 80 epochs
E2E VA-VAE 1.65 4.50 275.4 0.74 0.65 1.08 1.99 4.51 4.71 9.83 2.13 62.17 50.75 0.36 9.17

+ SWIFT 1.25 4.32 289.2 0.73 0.67 0.83 1.58 3.56 3.88 7.88 1.26 43.71 39.59 0.30 7.26
E2E Qwen-VAE 1.50 4.83 263.3 0.80 0.62 1.04 2.25 4.59 4.61 11.2 1.48 61.40 49.00 0.37 10.10

+ SWIFT 1.40 4.59 296.5 0.80 0.63 0.97 1.76 3.04 3.31 7.82 1.86 76.50 29.80 0.25 6.76
E2E SD3.5-VAE 1.62 5.00 265.4 0.72 0.66 1.16 1.30 4.57 5.49 11.12 1.10 42.14 48.18 0.42 10.25

+ SWIFT 1.31 4.81 278.7 0.71 0.68 0.89 1.03 3.61 4.52 8.92 0.65 29.62 37.58 0.34 8.12
E2E FLUX-VAE 1.67 5.00 266.3 0.70 0.66 1.07 1.83 5.12 4.68 11.76 1.16 50.73 53.43 0.36 10.75

+ SWIFT 1.25 4.66 279.6 0.71 0.67 0.74 1.30 3.67 3.55 8.66 0.63 30.39 36.76 0.26 7.68
Pixel space; 615M, 80 epochs
PixelGen 3.97 5.50 247.4 0.67 0.61 2.26 4.34 7.80 13.14 17.97 3.96 138.33 86.50 1.12 15.73

+ SWIFT 2.66 4.88 259.8 0.69 0.63 1.53 3.07 5.97 11.01 14.48 2.21 86.32 65.05 0.93 12.77
PixNerd 4.17 5.50 213.8 0.65 0.63 2.45 4.01 8.33 11.67 20.65 4.24 104.21 86.10 0.96 18.94

+ SWIFT 3.38 4.95 235.2 0.68 0.62 1.96 3.29 6.83 9.57 16.93 3.39 85.45 70.61 0.79 15.53
JiT 4.08 6.00 231.2 0.60 0.63 2.38 4.59 9.57 13.70 22.51 3.97 146.37 113.63 1.23 21.21

+ SWIFT 2.86 5.29 277.4 0.66 0.64 1.31 2.65 6.17 10.99 15.80 1.73 69.67 68.41 0.99 14.78
RAEv2, 875M, 160 epochs
DINOv3-L 1.04 4.00 266.0 0.82 0.61 0.87 1.68 2.64 5.22 6.13 1.35 49.40 22.00 0.32 4.82

+ SWIFT 0.99 3.80 264.9 0.81 0.63 0.83 1.61 2.45 4.81 5.71 1.25 46.10 20.10 0.31 4.51
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Figure 7: Guided FID at each model’s best available CFG scale for six DiffusionBench con-
figurations from Table 8. Open circles denote matched baselines whose guidance scale is swept
independently; open diamonds denote carrier-reported guided baselines. Filled dots show SWIFT at
its own best scale, and annotations give the FID change. The preferred scale can shift substantially
(e.g., 2.2→1.8 for SD-VAE+reg and 2.4→1.8 for PixNerd), motivating separate tuning on the two
sides.

E.2 PUBLISHED RESULTS IN FIGURE 1

Table 9 lists the published results plotted in the left panel of Figure 1. Every number is the one
reported by the authors for their best configuration at 256× 256; we did not re-evaluate these models.

Table 9: Published ImageNet-256 results shown in Figure 1 (left). FID-50K values are taken
directly from the corresponding papers. Evaluation protocols differ between papers: some sample 50
images per class, others sample class labels at random, which can change FID by about 0.1 (Zheng
et al., 2026, Table 14). Guidance: CFG, classifier-free guidance; int., with a guidance interval; AG,
autoguidance; IG, internal guidance (Zhou et al., 2026); REPA guid., the REPA guidance of Singh
et al. (2026). ∗Without CFG, but still with internal guidance. Our two RAEv2 rows use the settings
of Section E.3.

Model Type Base FID Guided FID Guidance

DiT-XL/2 (Peebles & Xie, 2023) latent diffusion 9.62 2.27 CFG
SiT-XL/2 (Ma et al., 2024) latent diffusion 8.30 2.06 CFG
MDT-XL/2 (Gao et al., 2023) latent diffusion 6.23 1.79 CFG
DDT-XL/2 (Wang et al., 2025) latent diffusion 6.27 1.26 CFG, int.
REPA (Yu et al., 2025) latent diffusion 5.90 1.42 CFG, int.
MAR-H (Li et al., 2024) autoregressive 2.35 1.55 CFG
SFD-XXL (Pan et al., 2026) latent diffusion 2.38 1.04 AG
LightningDiT (Yao et al., 2025) latent diffusion 2.17 1.35 CFG, int.
REG (Wu et al., 2025) latent diffusion 1.80 1.36 CFG, int.
REPA-E (Leng et al., 2025) latent diffusion 1.69 1.12 CFG, int.
RAEv2 (Singh et al., 2026) latent diffusion 1.65 1.06 REPA guid.
RAE (Zheng et al., 2026) latent diffusion 1.51 1.13 AG
PAE (Yue et al., 2026) latent diffusion 1.43 1.03 CFG
BAR-L (Yu et al., 2026) autoregressive 1.42 0.99 CFG
LightningDiT+IG (Zhou et al., 2026) latent diffusion 1.34∗ 1.19 IG, CFG, int.
GAE (Liu et al., 2026) latent diffusion 1.31 1.13 CFG, int.

RAEv2, our control latent diffusion 1.56 1.04 Section E.3
SWIFT on RAEv2 (ours) latent diffusion 1.15 0.99 Section E.3

E.3 RAEV2

RAEv2 provides a second, stronger carrier: an 875M-parameter model on DINOv3-L latents with
native internal guidance. SWIFT uses the default α=0.4 recipe and a half-width guide frozen at epoch
40 (Section D.1). The canonical RAEv2 results are those reported in Tables 7 and 8: 1.56→1.15
without guidance and 1.04→0.99 with independently tuned internal guidance.
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Training trajectory. To examine when the gain appears, we additionally track SWIFT at 17
checkpoints and the α=0 control at epochs 20, 40, 80, 120, and 160 (Figure 8). The α=0.4 run is
already below the released epoch-80 checkpoint by epoch 40 and remains on a substantially lower
trajectory thereafter. Its best observed unguided checkpoint occurs at epoch 140 and yields the 1.15
value reported in Table 7. The denser checkpoint trace is used only to study training dynamics; the
headline values remain those in the two complete-result tables.

Interaction with internal guidance. RAEv2 uses
Ds = D + (s− 1)(D −DREPA),

so s = 1 disables guidance. The preferred guidance strength shifts downward after SWIFT training,
while the best guided result improves from 1.04 to 0.99 (Table 8). This is consistent with the
main denoiser absorbing part of the weak-to-strong correction during training, while inference-time
guidance remains complementary.
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Figure 8: RAEv2 unguided training trajectories. The dense SWIFT traces are used to study training
dynamics; the canonical RAEv2 results are reported in Tables 7 and 8. The diamond marks the
released epoch-80 checkpoint.

E.4 TRAINING TRAJECTORIES AND THE LONG SCHEDULE

Across configurations. For the 12 DiffusionBench configurations whose baseline we also evaluated
during training, SWIFT is ahead at every evaluation from epoch 40 on. Figure 9 shows four of them,
with baselines spanning roughly an order of magnitude in FID.

The main configuration. On DINOv2-B we compared three arms with the matched control at
every evaluation: α=0.4 and α=0.8 with the guide frozen at epoch 40, and α=0.4 with the guide
frozen at epoch 20. The two arms with the epoch-40 guide are behind the control at epoch 20 (by
0.11 and 0.05 FID) and ahead from epoch 40 on (by 0.28–0.48); the arm with the earlier guide is
ahead from epoch 20 (by 0.47–0.59) and lowest throughout.

The 240-epoch schedule. The matched DINOv2-B pair is continued to 240 epochs (Table 10
and Figure 10). SWIFT remains ahead at all 36 matched evaluations, showing that the gain is not
an early-training effect that disappears with a longer schedule. Table 10 reports every 20th epoch,
while Figure 10 shows the full evaluation grid. A separate α=0 hardware replicate is used only as an
additional reference level, never to form a matched difference.

Table 10: Matched long-schedule comparison on ImageNet-256 (DiffusionBench, DINOv2-B).
Values are unguided FID from the training-time evaluation pipeline, shown every 20 epochs. The full
matched evaluation grid is visualized in Figure 10.
Epoch 20 40 60 80 100 120 140 160 180 200 220 240

Control (α=0) 3.63 2.67 2.36 2.13 1.99 1.91 1.81 1.80 1.75 1.72 1.67 1.63
SWIFT 3.52 2.32 2.00 1.77 1.60 1.50 1.51 1.46 1.49 1.44 1.41 1.38
∆ FID −0.12 −0.36 −0.36 −0.37 −0.39 −0.41 −0.30 −0.34 −0.26 −0.28 −0.26 −0.26
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Figure 9: The same fixed SWIFT recipe improves four different ImageNet-256 training trajecto-
ries. Each panel shows a different DiffusionBench stage-2 model and representation. Grey is the
matched α=0 control and blue is SWIFT with the same fixed recipe (α=0.4, half-width guide frozen
at epoch 40), with no per-model tuning. SWIFT is ahead by epoch 40 in all four cases and remains
ahead through the end of training, across baselines spanning roughly an order of magnitude in FID.
The y-axis is logarithmic; faint markers denote individual FID evaluations. The trajectory controls
reproduce the corresponding DiffusionBench endpoints within 0.6–6%; the comparisons in Table 7
instead re-evaluate both sides with 50k samples.
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Figure 10: The 240-epoch matched gap, evaluation by evaluation (ImageNet-256, DiffusionBench
DINOv2-B, unguided FID). All 36 matched differences are negative from the first evaluation at epoch
20 onward. Faint dots show individual evaluations and the solid line is a five-point centred moving
average; Table 10 reports every 20th epoch from the same run.
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F CIFAR-10 RESULTS

This appendix reports the CIFAR-10 experiments behind Section 5.4: full training trajectories
(Section F.1), the campaign of arms (Section F.2), the interaction of guide width, coefficient, and
architecture (Section F.3), schedules for α and a jointly trained guide (Section F.4), and the accounting
of every launched arm (Section F.5). The configuration is in Section D.1.

F.1 FULL TRAINING TRAJECTORIES

Figure 11 shows the complete 200k-kimg trajectories of the matched control and three SWIFT arms
on a logarithmic scale. SWIFT arms with a mature guide start behind the control because the (1 + α)
residual inflation dominates while the student’s own error is still large, cross the control around 65k
kimg, and separate from it in the final third of the budget.
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Figure 11: CIFAR-10 FID over the full 200k-kimg budget (log scale).

F.2 THE CAMPAIGN

Figure 12 places every arm whose endpoint this paper quotes on one axis, grouped by the factor it
varies, against both reference arms: the matched α=0 control and the best plain constant-α arm. Read
as a map of the search it says two things the three sweeps of Figure 6 do not. First, the region that
beats doing nothing is broad along the coefficient and the guide’s training length and is essentially a
single point along guide width—which is why the recipe fixes the width and leaves the other two
loose. Second, of the 43 arms reported here, 29 beat the control but only two beat the best plain
constant-α arm by more than the replicate band, and those two switch once, in the first part of training,
from a smaller guide to the half-width guide, about 0.10 better than keeping the half-width guide
throughout at the same α=0.8 (1.603). The gain is small, it did not carry over to ImageNet beyond
noise, and the recipe does not use it. The campaign’s value is the map, not a better arm: the plain
method is already close to the best form of itself.

Figure 13 then shows the campaign as it actually is: every scored arm’s trajectory, and every endpoint
grouped by the factor its family varies.
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Figure 12: The reported CIFAR-10 campaign, by the factor each arm varies (FID-50k at the
200k-kimg endpoint). Filled markers beat the matched control by more than the measured replicate
standard deviation; open markers do not. Blue markers beat the best plain constant-α arm by more
than the measured replicate standard deviation, grey markers sit between the two references, and
open red markers are no better than the control. The fraction at the right of each row counts arms that
beat the control. Four arms fall outside the axis on the right: the two narrowest guides (8.82, 3.37),
the earliest guide snapshot (5.95) and α=2 (4.94). These are the arms quoted in this paper, not the
whole campaign; Section F.5 accounts for all 152 scored arms and the complete per-arm ledger is
released as DATA/.
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Figure 13: The whole CIFAR-10 campaign. (a) All 150 scored arms that reach the 200k-kimg grid
(two divergent runs, excluded from the authors’ own plots, are omitted), with the matched control and
the best constant-α arm drawn on top. (b) Their endpoints, grouped by what the family varies; filled
markers beat the control by more than the replicate standard deviation, the shaded region is better
than the best plain constant-α arm, and the fraction at the right counts arms that beat the control.
Whole families—adaptive α, random α, the σ-tilt—sit entirely on the wrong side of the control.
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F.3 GUIDE WIDTH, COEFFICIENT, AND ARCHITECTURE

Figure 14 crosses five guide widths with three coefficients. Guides from three architecture families
(DDPM++, the student’s own family; NCSN++; and ADM) all help when they are narrow, with
endpoints between 1.57 and 1.78 over α ∈ [0.3, 1.0] and differences between families at the replicate
floor. Both full-width guides are worse than using no guide at all (1.94 for DDPM++ and 1.89 for
NCSN++, against the control’s 1.86): what the method needs from the guide is that it be weak, not
that it be different.
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Figure 14: Guide width and the coefficient are not independent. The full 5× 3 grid: five guide
widths at three coefficients, guide mature in every cell. Half the student’s width is the minimum
at every coefficient, but the penalty for choosing wrongly is roughly proportional to α—at α=0.4
the curve is nearly flat from half to full width, and at α=1.25 the same choice costs an order of
magnitude. Part of what reads as a sharp width optimum in Figure 6b is over-extrapolation at α=0.8
rather than width sensitivity as such.

F.4 SCHEDULES FOR α AND A JOINTLY TRAINED GUIDE

The recipe keeps α fixed and the guide frozen. The two most natural alternatives both speed up the
early phase of training, and neither improves the endpoint.

Changing α during training. A positive α applied only in the first half of training accelerates
convergence, but the gain does not carry over to the end. Three seeds hold α at 0.1 until 30k kimg,
raise it to 0.9 by 45k kimg, keep it there until 90k kimg, and lower it back to 0.1 by 130k kimg. At
90k kimg they reach FID 1.63–1.71, ahead of both the control (2.01) and constant α=0.7 (1.90).
Once α is lowered the advantage disappears: they end at 1.83–1.85, level with the control (1.86) and
well behind constant α (1.58–1.60). The same schedule with the late level held at 0.6 or 0.9 instead
ends at 1.56 and 1.62, so the endpoint gain comes from α in the late phase. Pulling the target towards
the guide at the start (α between −1 and −0.25 for the first 5–15k kimg, followed by the positive
schedule) speeds up the first steps even more, to FID 6.2–9.2 at 5k kimg against 11.5 for the control,
but these nine runs end at 1.58–1.71, again no better than a constant positive α. Choosing α online
from a held-out loss (2.42–2.64, worse than the control), drawing it at random at every step (1.63),
and tilting it with the noise level (1.57–1.72) did not help either.

Training the guide jointly with the student. The weak model can also be trained together with the
student instead of beforehand: a half-width network is trained alongside the student, and the student’s
target uses its current EMA prediction. This converges much faster at the start (FID 6.3 and 7.3 at 5k
kimg for α=0.8 and 0.6, against 11.5 for the control) and ends well below the control, at 1.618 and
1.667. It remains behind SWIFT with a frozen half-width guide at the same coefficients (1.557 and
1.583 with the guide frozen at 100k kimg, and 1.603 at α=0.8 with the guide frozen at 200k kimg),
and each step costs 1.7× as much because the guide is trained as well.

F.5 CAMPAIGN ACCOUNTING

The CIFAR-10 package contains 156 curve files: 152 arms with at least one scored FID point and
four launched-but-unscored arms. Of the scored arms, 138 have a point exactly at the 200k-kimg
endpoint; five continue to 400k and nine terminate earlier. No arm is ranked by an off-lattice
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last point. The measured replicate floor is 0.049 FID, so differences inside roughly ±0.05 are not
stable rankings. Rather than freezing a 150-row leaderboard into the PDF, we ship the machine-
readable campaign files with the code: DATA/cifar10 fid vs kimg.csv contains every scored
trajectory, DATA/CIFAR10.md records the accounting, endpoint rules, extended arms, and un-
scored runs, and DATA/in256 fid vs epoch.csv, DATA/guidance sweeps.csv, and
DATA/in256 published baselines.csv hold the ImageNet numbers. The paper reports
only comparisons that answer a specific question; the ledger is what lets a reader audit that they were
not selected from off-lattice checkpoints.

G ADDITIONAL SAMPLES

Figures 15 to 18 show samples from SWIFT on RAEv2/DINOv3-L, the model with guided FID 0.99
in Table 8, for 32 ImageNet classes. As in Figure 3, samples are generated with retuned internal
guidance and a 50-step ODE sampler. Each block shows 28 samples of one class; the class index and
name are given below the block.

Class 022: bald eagle Class 024: great grey owl

Class 207: golden retriever Class 250: Siberian husky

Class 264: Cardigan Class 288: leopard

Class 097: drake Class 283: Persian cat

Figure 15: Samples from SWIFT on RAEv2/DINOv3-L: birds and mammals. Internal guidance,
50-step ODE sampler; 28 samples per class.
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Class 002: great white shark Class 107: jellyfish

Class 108: sea anemone Class 117: chambered nautilus

Class 148: killer whale Class 327: starfish

Class 393: anemone fish Class 150: sea lion

Figure 16: Samples from SWIFT on RAEv2/DINOv3-L: marine life. Internal guidance, 50-step
ODE sampler; 28 samples per class.
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Class 404: airliner Class 780: schooner

Class 417: balloon Class 814: speedboat

Class 429: baseball Class 971: bubble

Class 930: French loaf Class 933: cheeseburger

Figure 17: Samples from SWIFT on RAEv2/DINOv3-L: vehicles, objects, and bread. Internal
guidance, 50-step ODE sampler; 28 samples per class.

39



Class 949: strawberry Class 951: lemon

Class 953: pineapple Class 957: pomegranate

Class 963: pizza Class 967: espresso

Class 985: daisy Class 984: rapeseed

Figure 18: Samples from SWIFT on RAEv2/DINOv3-L: fruit, food, and plants. Internal guidance,
50-step ODE sampler; 28 samples per class.
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