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ABSTRACT

Enforcing the alignment of internal representations in diffusion or flow-based
models with those from pretrained self-supervised models during training has re-
cently been shown to provide a powerful inductive bias, significantly improving
both convergence speed and the quality of generated images. In this paper, we
move beyond training and instead focus on inverse problems, where pretrained dif-
fusion or flow-based models are used as priors. We propose applying representa-
tional alignment of diffusion/flow-based models with a pretrained self-supervised
visual encoder, such as DINOV2, for guidance at inference time. Although the
ground truth signal is unavailable in inverse problems, we show that representa-
tional alignment based on approximations of the ground truth can yield significant
gains, steering the reverse process of diffusion/flow-based models toward higher-
quality reconstructed images. We provide theoretical insights by uncovering a
connection between representational alignment and perceptual metrics. Under
mild assumptions, we further show that our approach can improve the percep-
tion–distortion trade-off frontier, i.e., enhance perceptual quality with negligible
degradation in distortion. Finally, we demonstrate its versatility by integrating it
into multiple state-of-the-art solvers. Extensive experiments on super-resolution,
box inpainting, Gaussian deblurring, and motion deblurring show that our pro-
posed method consistently enhances reconstruction quality.

1 INTRODUCTION

Pretrained diffusion and flow-based models, (Sohl-Dickstein et al., 2015; Ho et al., 2020; Esser
et al., 2024; Lipman et al., 2023), have recently been at the heart of methods focusing on addressing
various types of inverse problems. The crux of these approaches is to perform diffusion sampling,
incorporating measurement information during the reverse process, with the goal to reconstruct the
clean image at the final step, Patel et al. (2024); Chung et al. (2023). Undoubtedly, diffusion and
flow-based models have pushed the boundaries in addressing a wealth of inverse problems, Daras
et al. (2024). However, they still struggle to produce highly detailed images particularly in cases of
severe degradation and in challenging scenes, such as natural images with rich textures and complex
backgrounds. These issues are further exacerbated when using latent diffusion models (Rombach
et al., 2022), where the inclusion of the encoder-decoder architecture introduces additional chal-
lenges during the reverse process due to the nonlinearities introduced. To mitigate these limitations,
additional inductive biases are needed during inference, Rout et al. (2023).

Recent studies have shown that diffusion models learn semantic features in their hidden states, (Li
et al., 2023). The more expressive these features are the better the diffusion model performs of on the
generative task, (Xiang et al., 2023). Building on this insight, the seminal work of Yu et al. (2024)
introduced a regularizer that aligns the internal representations of the diffusion model with those of a
pretrained visual encoder, (Oquab et al., 2023). This framework, termed representational alignment
(REPA), was shown to act as a strong semantic constraint leading to higher-fidelity generations and
significantly faster convergence.

The success of REPA has attracted considerable interest in this direction, Wang et al. (2025b); Tian
et al. (2025); Yao et al. (2025); Leng et al. (2025); Wang et al. (2025a). In particular, (Wang et al.,
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Figure 1: Overview of our proposed framework. Left: Box inpainting (top row) and Gaussian
deblurring (bottom row) results, where adding REPA (3rd column) improves perceptual quality of
reconstructed images over the non-REPA approach (2nd column). Right: Alignment mechanism
between diffusion model features and pretrained DINO embeddings, combined with measurement
matching. An approximate x̂0 is given as input to DINO encoder.

2025b) observed that while REPA enhances early training dynamics, its benefits diminish over time
and can even degrade performance in later iterations. To address this issue, they introduced an
early-stopping strategy which mitigated the late-stage degradation and further improved overall
convergence speed. Other works have explored applying alignment losses directly to VAE latent
spaces Yao et al. (2025); Xu et al. (2025), finding that diffusion models trained on these regularized
spaces converge faster. Despite these advances, most efforts focus on improving training efficiency,
whereas relatively little attention has been paid to leveraging representation alignment during in-
ference, particularly for solving inverse problems. In this paper, we aim to address the following
question:

Can we apply representational alignment ideas to benefit existing algorithms for solving inverse
problems using pretrained diffusion models?

Contributions. Our contributions can be summarized as follows:

• We propose a new approach for solving inverse problems with latent diffusion and flow-based
models enforcing alignment between internal diffusion features and DINOv2 representations.
As shown, even without ground-truth images, alignment with approximate reconstructions
remains meaningful due to the robustness of the DINOv2 encoder (see Fig. 1).

• We provide theoretical insights linking our REPA approach to perceptual metrics, such as
maximum mean discrepancy, and show it improves the frontier of the perception–distortion
trade-off.

• We demonstrate versatility by integrating representational alignment into existing state-of-
the-art inverse algorithms.

• Empirical results highlight improvements over prior work on super-resolution, Gaussian and
motion deblurring, and box inpainting.

2 RELATED WORK

2.1 DIFFUSION & FLOW-BASED MODELS

Generative models based on denoising are a class of deep generative models that aim to learn a data
distribution p0(x) from a finite set of samples, enabling the generation of new, realistic data, (Sohl-
Dickstein et al., 2015; Ho et al., 2020; Song et al., 2021; Liu et al., 2023). These models define a) a
forward (noising) process, which gradually interpolates between the data distribution and a reference
distribution p1(x) (typically a Gaussian), and b) a reverse (denoising) process, which is trained to
invert this corruption and iteratively reconstruct data from noise. Following the formulation of
stochastic interpolants Albergo et al. (2023), this process can be expressed as

xt = αtx
∗ + σtε, x∗ ∼ p0(x), ε ∼ N (0, I), (1)
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where αt is a decreasing function of t and σt is an increasing function of t, with boundary conditions
α0 = σ1 = 1 and α1 = σ0 = 0. Throughout, we use the notation α̇t := dαt

dt and σ̇t := dσt

dt to
denote time derivatives. Lipman et al. (2023) showed that there exists a probability flow ordinary
differential equation whose solution follows the same time marginals as the process in equation 1:

ẋt = v(xt, t), (2)
where v(xt, t) denotes the true drift field that transports p1(x) to p0(x). To enable sampling from the
data distribution, one has to train a neural network vθ(xt, t) to approximate v(xt, t). This is done
by regressing the network output toward the optimal vector field using conditional flow matching
Lipman et al. (2023); Hyvärinen & Dayan (2005), minimizing

Lvelocity(θ) := Ex∗,ε,t

[
∥vθ(xt, t)− α̇tx

∗ − σ̇tε∥2
]
, (3)

Beyond the ODE view, there also exists a reverse stochastic differential equation (SDE) with the
same time marginals:

dxt = v(xt, t) dt− 1
2g

2(t) s(xt, t) dt+ g(t) dw̄t, (4)
where s(xt, t) = ∇xt log pt(xt) is the score, g(t) is the diffusion coefficient, and w̄t is a standard
Wiener process running backward in time. Notably, the score can be expressed directly in terms of
the velocity field:

s(xt, t) = σ−1
t ·

αtv(xt, t)− α̇txt

α̇tσt − αtσ̇t
. (5)

This identity shows that the score parameterization used in diffusion models and the velocity param-
eterization used in flow-based models are mathematically equivalent. In practice, diffusion models
correspond to a stochastic discretization of the probability flow ODE, while flow-based models cor-
respond to its deterministic counterpart. Both share the same time marginals but differ in the choice
of sampler—SDE-based for diffusion, ODE-based for flow

2.2 DIFFUSION MODELS WITH REPRESENTATION GUIDANCE

Diffusion models learn rich, discriminative features in their hidden states, which are crucial for their
generative performance Xiang et al. (2023). Nevertheless, their learned representations still fall
behind on downstream tasks when compared with state-of-the-art self-supervised visual encoders,
Assran et al. (2023); Siméoni et al. (2025). This representation gap has been identified as a key
bottleneck for improving diffusion model training, which has spurred recent efforts to improve their
latent space representations Yu et al. (2024). To address this, a growing line of work introduces rep-
resentation guidance, which conditions diffusion models on external representations from pretrained
self-supervised encoders Li et al. (2024). These approaches fall into two categories: (i) conditioning
the diffusion model on external representations, either learned, Li et al. (2024), or retrieved from a
database of samples, Blattmann et al. (2022); Hu et al. (2023); Sheynin et al. (2022); and (ii) explic-
itly aligning the model’s internal representations with those of large pretrained encoders, thereby
encouraging more semantically meaningful feature spaces, Tian et al. (2025); Hu et al. (2023); Leng
et al. (2025).

Our work builds on this second family of approaches, which have shown promise for improving
both sample quality and training efficiency by encouraging semantically meaningful representations
to emerge inside the diffusion model. In particular, Yu et al. (2024) introduced Representation
Alignment (REPA), a method that enforces feature-level alignment in a transformer-based diffusion
model, (Ma et al., 2024). REPA maximizes the patch-wise similarity between the DINO representa-
tion of the target image x, i.e., f [n]

DINO(x) ∈ RD1 , where n = 1, 2, . . . , N corresponds to patch index,
and the intermediate hidden states h[n]

t ∈ RD2 of the diffusion model via maximizing the following
term:

REPA (x,DiffDecoder(ht)) = Ex,t,ϵ

[
1

N

N∑
n=1

cos
(
f
[n]
DINO(x), gϕ(h

[n]
t )

)]
, (6)

where gϕ : RD2 → RD1 is a learnable multi-layer perceptron (MLP) with parameters ϕ that projects
hidden states into the same embedding space as f(x), and D1, D2 are the corresponding embedding
dimensions used. By jointly optimizing REPA (x,DiffDecoder(ht)) with the standard diffusion loss,
the model learns internal representations that are semantically richer and better aligned with high-
level visual features, ultimately yielding higher-quality image generation and faster convergence
during training.
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2.3 SOLVING INVERSE PROBLEMS WITH DIFFUSION- AND FLOW-BASED MODELS

The goal of inverse problems is to recover the clean signal x0 from noisy or degraded measurements
y. In the flow- and diffusion-based framework, this is accomplished by replacing the unconditional
score function in equation 4 with the conditional score∇xt log p(xt | y). Applying Bayes’ rule, the
reverse-time SDE becomes

dxt =
(
f(t)xt − g2(t)

[
∇ log pt(xt) +∇ log pt(y | xt)

])
dt+ g(t)dw̄t, (7)

The term ∇ log pt(xt) is the unconditional score and can be computed using a pretrained dif-
fusion model. Intuitively, this term guides xt toward the learned data distribution. The term
∇xt

log p(y | xt) enforces consistency with the measurements. However, computing p(y | xt)
is generally intractable, as it requires marginalizing over all possible clean signals x0

As a result, practical algorithms rely on approximations of ∇xt
log p(y | xt). A recent survey by

Daras et al. (2024) provides a comprehensive taxonomy of these methods.One of the most prominent
gradient-based method is Diffusion Posterior Sampling (DPS) method, (Chung et al., 2023), which
uses the following approximation,

p(y | xt) =

∫
p(y|x0)p(x0 | xt) dx0 ≈ p (y | x̂0 = E[x0 | xt]) . (8)

In many practical scenarios, performing the diffusion process directly in pixel space is compu-
tationally prohibitive. Latent diffusion models (LDMs) address this limitation by operating in a
compressed latent space. Let E : Rn → Rd be an encoder mapping an image x0 to its latent rep-
resentation z0 = E(x0), and let D denote the corresponding decoder such that x̂0 = D(z0) ≈ x0.
Building on this formulation, recent work has proposed latent-space counterparts of pixel-based in-
verse problem solvers. For example, Diffusion Posterior Sampling (DPS) has been formulated in
latent space by redefining the measurement likelihood as

p(y | zt) ≈ p
(
y
∣∣ x̂0 = D

(
E[z0 | zt]

))
. (9)

This straightforward formulation—commonly referred to as Latent DPS has been observed to in-
troduce artifacts, largely due to the nonlinearity of the decoder. To mitigate this effect, Rout et al.
(2023) proposed a regularization term encouraging the latent variables to remain close to a fixed
point of the encoder–decoder mapping, while Song et al. (2024) enforced data consistency during
optimization followed by a projection of the latent variables back onto the noisy manifold.

3 PROPOSED APPROACH

Given a noisy observation y ∈ Rm of an unknown signal x0 ∈ Rn, our goal is to sample from
pθ(x0 | y) using a pretrained diffusion- or flow-based model.

The main challenge that we should address in applying representational alignment to inverse prob-
lems is to find what is the best input to the DINO, given the fact that the ground truth signal is not
available. Specifically, we need access to an approximate x̂0 of the ground truth x0 that gives a
proxy representation cproxy ∈ RP×D such that cproxy ≡ fDINO(x̂0) ≈ fDINO(x0)).

Then, we can sample using a regularized objective that augments the standard posterior with a
representation term:

Jt(zt | y, cproxy) = log p(y | zt)︸ ︷︷ ︸
likelihood

+ log p(zt)︸ ︷︷ ︸
known unconditional dist. of zt

+λ log p(cproxy | zt)︸ ︷︷ ︸
additional REPA term

, (10)

where λ > 0 controls the strength of the additional guidance term. In eq. (10), the first term is the
likelihood, which enforces measurements matching, the second term is the unconditional distribution
over zt that our flow or diffusion model has already learned, and the last term encourages semantic
alignment with cproxy in DINO feature space.
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Representation Alignment term. Let us express the flow- or diffusion-based autoencoder uθ =

G1 ◦ (G2(zt, t)), and denote h
[n]
t = G

[n]
2 (zt, t) the n-th patch feature extracted from the diffusion

model’s hidden state ht at timestep t. Following the strategy of REPA, we approximate the repre-
sentation likelihood as a sum of cosine similarities between patch embeddings:

log p(cproxy | zt) ≈
N∑

n=1

cos
(
c[n]proxy, gϕ(G

[n]
2 (zt, t))

)
, (11)

where gϕ is a learnable projection head. This encourages zt to follow trajectories whose intermediate
representations remain aligned with cproxy in the DINO feature space.

On the selection of cproxy. To address the fact that representational alignment,Yu et al. (2024), is
infeasible for inverse problems where ground-truth signals are not unavailable at inference time, we
can approximate the ground-truth representation with fDINO(y), i.e., x̂0 = y, for problems where y
is in the same space as the sought image, or fDINO(E[z0|zt]) (i.e., x̂0 = E[z0|zt]). In both cases,
we leverage the robustness of pretrained DINOv2 features. Interestingly, as advocated in the exper-
imental section, DINOv2 encoder is robust to common corruptions encountered in super-resolution,
deblurring, and inpainting due to the self-supervised way that follows during the training process.
Appendix A.6 provides an ablation study quantifying the reliability of this approximation across
tasks.

Our full algorithm in its general form for a velocity-based sampler is presented in Table 1. We
instantiate this framework with two state-of-the-art latent diffusion methods, one gradient-based
and one projection-based, with implementation details deferred to Appendix A.4 and A.5.

Algorithm 1 RePA Inverse Algorithm

Require: Flow model uθ = G1 ◦G2, measurement y, learning rate η, regularizer strength λ, proxy
representation cproxy

1: initialize zT ∼ N (0, I)
2: for t ∈ {T, . . . , 1} do
3: v ← uθ(zt, t)
4: ẑ0 ← E[z0 | zt]
5: ∆t← 1/T
6: zt−1 ← zt +∆t · v
7: zt−1 ← zt−1 + η∇zt log p(y | zt)
8: zt−1 ← zt−1 + λ∇zt

∑N
n=1 cos

(
f
[n]
DINO(x̂0), gϕ(G2(zt, t)

[n])
)

9: end for
10: return z0

4 IMPROVING THE PERCEPTION-DISTORTION TRADE-OFF USING
REPRESENTATIONAL ALIGNMENT

Recent works, Blau & Michaeli (2018); Ohayon et al. (2023), have brought to light and theoretically
formalize the so-called perception-distortion trade-off that inverse image restoration algorithms have
to address. Namely, it has been provably shown that as the distortion (measured, for example, by
MSE, SSIM, PSNR) of a restored image decreases, its perceptual quality tends to deteriorate. In this
section, we theoretically show that aligning the representation alignment of latent representations of
diffusion- and flow-based models with those of pre-trained foundation models, such as DINOV2,
can be viewed as a an additional perceptual quality optimization step, which provably improves the
frontier of perception-distortion tradeoff.

We first provide the mathematical formulation of the perception-distortion trade-off.
Definition 1 (Blau & Michaeli (2018)). Let px denote the distribution of ground thruth images and
px̂|y , the one of restored images given y. The perception-distortion trade-off of a restoration task
can be formulated as follows:

P (x̂) = minpx̂|y d(px, px̂|y) subject to E[∆(x, x̂)] ≤ ϵ, (12)
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where d(px, px̂|y) is a divergence measure between the distributions of ground thruth images px,
and the restored one px̂|y , and ∆(x, x̂) is a distortion measure.

Given the above definition, we next establish a connection between the representational alignment
term based on DINOV2 model, and the perceptual quality of the restored images.

Representational Alignment using DINOV2 features as a Perceptual Quality Metric. We first
focus on the measurement matching and representation alignment steps of our proposed Algorithm
1. Specifically, we can see these updates as gradient descent steps on the following objective func-
tion,

L(z) = ∥y −A(D(z)∥22︸ ︷︷ ︸
Distortion measure

−λ
N∑

n=1

cos
(
(f

[n]
DINO(x̄), gϕ(z

[n])
)

︸ ︷︷ ︸
REPA(x̄,D(z))

, (13)

where x̄ corresponds to an approximation of the unknown ground truth image.

From (13), it is clear that our approach seeks to minimize the distortion term (the first term of the
objective, corresponding to measurement matching) while simultaneously maximizing the regular-
ization term, REPA(x̄,D(z)).
Next, we provide Lemma 1, which helps us to establish a connection between our regularization
term and a distributional divergence measure. This links this term with the perceptual quality of the
image and hence the perception-distortion problem of Definition 1.

First, we proceed with the following definition.
Definition 2 ((Misalignment between DINO and diffusion encoder representation)). Let an image x
and N pathes {x[n]}Nn=1. We define the misalignment between DINO and diffusion encoder repre-
sentations of image x as follows,

MISREPA(x) =

N∑
n=1

∥f [n]
DINO(x)− gϕ

(
DIFFENC[n](x)

)
∥22, (14)

where DIFFENC[n](x) = z[n], is the diffusion encoder.
Lemma 1 (REPA as a divergence measure). Let REPA(x, x̂) =∑N

n=1 cos
(
f
[n]
DINO(x), gϕ(DIFFENC(x̂[n]))

)
. Assume that {x[n]}Nn=1 and {x̂[n]}Nn=1 are N

i.i.d samples of conditional probability distributions of patches of distributions p̄xpatch|x, p̄x̂patch|x̂.
Under Assumption 1, it holds,

max
x̂

REPA(x, x̂) ≤ min
x̂

M̂MDDINO({x[n]}Nn=1, {x̂[n]}Nn=1) + MISREPA(x̂), (15)

where M̂MDDINO({x[n]}Nn=1, {x̂[n]}Nn=1) = ∥ 1
N

∑N
n=1 fDINO(x

[n]|x[1], x[2], . . . , x[N ]) −
1
N

∑N
n=1 fDINO(x̂

[n]|x̂[1], x̂[2], . . . , x̂[N ])∥22 is an empirical maximum mean discrepancy mea-
sure1.

From Lemma 1, we draw a connection between the representational alignment term and maximum
mean discrepancy (MMD), Arbel et al. (2019), which is can serve as perceptual metric defined over
the image patches. Interestingly, this connection provides for the first time, some insights into the
efficiency of representational alignment beyond the scope of inverse problems.

Note that the connection between kernel mean embeddings of patches and a distributional dis-
tance—such as the empirical estimate of M̂MD in Lemma 1—can also be established using encoders
other than DINO that operate on patches. However, unlike alternative feature mappings, DINO is a
foundation model whose representations have been empirically shown to maximize alignment with
human perceptual judgments, Fu et al. (2023).
Remark 1. Note that the upper bound of the representational alignment term in (17), can become
tighter if the misalignment between DINO and diffusion encoder representations is 0.

1Note that fDINO(x
[n]|x[1], x[2], . . . , x[N ]) ≡ f

[n]
DINO(x). Here, we use this new notation to show connection

with condition kernel mean embeddings, Song et al. (2013) and MMD.

6



324
325
326
327
328
329
330
331
332
333
334
335
336
337
338
339
340
341
342
343
344
345
346
347
348
349
350
351
352
353
354
355
356
357
358
359
360
361
362
363
364
365
366
367
368
369
370
371
372
373
374
375
376
377

Under review as a conference paper at ICLR 2026

Assumption 1. DINO and diffusion encoder representations are aligned i.e., for any x ∼ px, it
holds MISREPA(x) = 0.

The above assumption can be satisfied since DINO and diffusion encoder representations have gone
through an alignment process during the training process, Yu et al. (2024).

Remark 2. As described above, in inverse problems we do not know the ground truth signals, hence
alignment is taking place on approximations of it. This source of additional error, if considered,
would contribute to an additional term in the RHS of (17), thus forming a less tight bound for
REPA(x, x̂).

Theorem 1. (Informal) Let the Perception-Distortion formulation given in equation 12 and assume
a distortion measure ∆(x, x̂). Let x∗ ∈ argminx̂ ∆(x, x̂) and x⋆ ∈ argminx̂ ∆(x, x̂) + λP (x̂)
By incorporating REPA regularization to inverse algorithms will improve the perception-distortion
frontier, i.e.,

∆(x, x⋆) ≤ ∆(x, x∗) + ϵ

P (x⋆) ≤ P (x∗)− Ω(
√
ϵ) +O(λ2),

(16)

The proof of this Theorem is provided at the appendix. The theorem demonstrates that incorporating
a perceptual quality metric via the representational alignment term, and choosing a sufficiently small
λ, enhances perceptual quality with negligible impact on distortion, thereby improving the trade-off
frontier.

5 EXPERIMENTAL RESULTS

In this section, we present experimental results that demonstrate the effectiveness of our alignment
regularizer. We evaluated reconstruction quality using four widely adopted metrics: PSNR (peak
signal-to-noise ratio), SSIM (structure similarity index) (Wang et al., 2004), LPIPS (learned per-
ceptual image patch similarity) (Zhang et al., 2018), and FID (Fréchet Inception Distance) (Heusel
et al., 2017). All metrics are averaged over 100 images from the ImageNet 256× 256 validation set
(Deng et al., 2009).

We consider four inverse problems: super-resolution, box inpainting, Gaussian deblurring, and mo-
tion deblurring. For super-resolution, images are downsampled by a factor of 4. For box inpainting,
we mask out a 128 × 128 square region. For Gaussian deblurring, we apply a Gaussian kernel of
size 61 × 61 with standard deviation 3.0. Motion blur is applied using randomly generated kernels
with intensity 0.5. In all experiments we also add Gaussian noise with standard deviation 0.01.

5.1 EFFECTIVENESS OF THE REPA REGULARIZER

We first evaluate the effect of REPA when applied to two latent-space inverse problem solvers:
Latent DPS and ReSample. We give a full overview of the algorithms and how we incorporate
the regularizer in each case in the Appendix. For both methods, we use the latent diffusion model
trained with representational alignment from Yu et al. (2024), which also provides a pretrained MLP
that maps the internal representations of the diffusion model to the DINO space. Table 1 reports
the quantitative results. Across all four inverse problems, incorporating REPA yields consistent
improvements in perceptual metrics, with notable reductions in LPIPS and FID for both Latent DPS
and ReSample. Figure 11 shows qualitative examples for the tasks of box inpainting and Gaussian
debluring. Reconstructions obtained with REPA are noticeably sharper and visually closer to the
ground truth compared to those from the unregularized methods.

Effect of REPA with Varying Discretization Steps. Figure 5 illustrates how LPIPS varies with
the number of discretization steps across three inverse problems. Incorporating the REPA regular-
izer consistently reduces perceptual error compared to Latent DPS alone. More importantly, REPA
enables comparable or better perceptual quality with substantially fewer sampling steps: for exam-
ple, in super-resolution and Gaussian deblurring, REPA achieves the same LPIPS with roughly 4×
fewer steps, while in motion deblurring it achieves the same level with about 2× fewer steps. These
results highlight the efficiency gains provided by our method, reducing computational cost without
sacrificing the reconstruction quality of the baseline method.

7
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Table 1: Performance comparison of Latent DPS and ReSample (with and without the proposed
Repa regularizer) on 4× super-resolution, box inpainting, Gaussian deblurring, and motion deblur-
ring tasks (ImageNet validation). Gaussian noise with σ = 0.01 was added in all cases.

Task Method LPIPS ↓ FID ↓ PSNR ↑ SSIM ↑

4×
Super-resolution

Latent DPS 0.238 123.82 26.88 0.732
Latent DPS + REPA 0.217 86.88 26.82 0.731
Resample 0.208 97.02 26.60 0.732
Resample + REPA 0.197 74.70 26.41 0.724

Box
Inpainting

Latent DPS 0.151 116.53 20.53 0.827
Latent DPS + REPA 0.139 88.69 20.45 0.824

Gaussian
Deblurring

Latent DPS 0.288 152.96 25.76 0.648
Latent DPS + REPA 0.256 102.99 25.66 0.669
Resample 0.259 115.47 26.19 0.699
Resample + REPA 0.223 102.59 25.99 0.695

Motion
Deblurring

Latent DPS 0.249 129.08 27.19 0.738
Latent DPS + REPA 0.225 90.23 27.01 0.735
Resample 0.210 94.95 27.27 0.736
Resample + REPA 0.192 75.11 27.18 0.738

Measurement Latent–DPS + REPA Reference

(a) Box inpainting

Measurement Latent–DPS + REPA Reference

(b) Gaussian deblurring

Figure 2: Qualitative comparison of Latent DPS with and without the proposed REPA regularizer on
two inverse problems: (a) box inpainting and (b) Gaussian deblurring.

Table 2: Performance comparison of state of the art algorithms on 4× super-resolution, box inpaint-
ing, Gaussian deblurring, and motion deblurring tasks (ImageNet validation). Gaussian noise with
σ = 0.01 was added in all cases.

Task Method LPIPS ↓ FID ↓ PSNR ↑ SSIM ↑

4×
Super-resolution

DPS 0.244 92.13 24.42 0.681
Latent DAPS 0.252 120.57 27.13 0.744
Latent DPS + REPA 0.217 86.88 26.82 0.731
Resample + REPA 0.197 74.70 25.18 0.680

Box
Inpainting

DPS 0.191 97.95 19.11 0.769
Latent DPS + REPA 0.139 88.69 20.45 0.824

Gaussian
Deblurring

DPS 0.366 157.73 19.55 0.461
Latent DAPS 0.300 163.36 26.02 0.692
Latent DPS + REPA 0.256 102.99 25.66 0.669
Resample + REPA 0.223 102.59 25.12 0.665

Motion
Deblurring

DPS 0.242 89.06 24.17 0.678
Latent DAPS 0.274 135.18 27.01 0.734
Latent DPS + REPA 0.225 90.23 27.01 0.735
Resample + REPA 0.192 75.11 27.18 0.738
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(a) Super Resolution (b) Gaussian Debluring (c) Motion Debluring

Figure 3: Comparison of LPIPS as a function of discretization steps for Latent DPS and Latent
DPS + REPA. Using our regularizer, comparable performance is achieved with substantially fewer
number of steps.

Measurement DPS Latent DAPS ReSample + REPA Ground Truth

Figure 4: Qualitative comparison for motion deblurring. Each column shows the measurement,
DPS, Latent DAPS, ReSample + REPA, and the ground-truth image.

5.2 COMPARISON WITH OTHER SOTA ALGORITHMS

After establishing that the REPA regularizer improves reconstruction quality, we compare our ap-
proach with other state-of-the-art algorithms. For pixel-space methods, we consider DPS (Chung
et al., 2023), which performs gradient-based sampling and is evaluated using the pretrained diffu-
sion model from Dhariwal & Nichol (2021). For latent diffusion approaches, we include Latent
DAPS. Since our method relies on a model trained on ImageNet, we evaluated Latent DAPS with
the standard conditional latent diffusion model trained on ImageNet from Rombach et al. (2022), to
ensure a fair comparison. All aforementioned algorithms are run with their default configurations.
Table 2 presents the quantitative results, where the inclusion of our regularizer consistently achieves
state-of-the-art performance. Figure 11 provides qualitative examples for motion deblurring, fur-
ther highlighting the advantage of our method. In particular, DPS often introduces visible artifacts,
whereas Latent DAPS fails to fully correct blur and produces reconstructions lacking sharpness.

6 CONCLUSIONS

In this work, we introduced representational alignment as a tool for solving inverse problems with
diffusion- and flow-based models. Specifically, we demonstrated that aligning model representa-
tions with those of a pretrained DINO encoder can effectively guide the reverse process toward
perceptually higher-quality reconstructions. Furthermore, we established a theoretical connection
between this phenomenon and the perception–distortion trade-off by deriving an empirical estimate
of maximum mean discrepancy of distribution of patches, and the representational alignment term.
Our work, paves the way for the development new approaches for solving inverse problems moving
beyond standard priors.
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7 REPRODUCIBILITY STATEMENT

We are committed to release our code and implementation details upon acceptance to the conference
to ensure reproducibility of our results.
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A APPENDIX

A.1 THE USE OF LARGE LANGUAGE MODELS (LLMS)

In our work we employed LLMs specifically ChatGPt as an auxiliary tool to accelerate code writing
tasks such as data visualization. All algorithms, theoretical developments, and experimental designs
were conceived and implemented by the authors.

A.2 PROOFS

Lemma 2 (REPA as a divergence measure). Let REPA(x, x̂) =∑N
n=1 cos

(
f
[n]
DINO(x), gϕ(DIFFENC(x̂[n]))

)
. Assume that {x[n]}Nn=1 and {x̂[n]}Nn=1 are N

i.i.d samples of conditional probability distributions of patches of distributions p̄xpatch|x, p̄x̂patch|x̂.
Under Assumption 1, it holds,

max
x̂

REPA(x, x̂) ≤ min
x̂

M̂MDDINO({x[n]}Nn=1, {x̂[n]}Nn=1) + MISREPA(x̂), (17)

where M̂MDDINO({x[n]}Nn=1, {x̂[n]}Nn=1) = ∥ 1
N

∑N
n=1 fDINO(x

[n]|x[1], x[2], . . . , x[N ]) −
1
N

∑N
n=1 fDINO(x̂

[n]|x̂[1], x̂[2], . . . , x̂[N ])∥22 is an empirical maximum mean discrepancy mea-
sure2.

Proof. We have,

REPA(x, x̂) =

N∑
n=1

cos
(
f
[n]
DINO(x), gϕ(DIFFENC(x̂[n]))

)
, (18)

where,

cos
(
(f

[n]
DINO(x), gϕ(DIFFENC(x̂[n]))

)
=

⟨f [n](x), gϕ(DIFFENC(x̂[n])⟩
∥f [n](x)∥2∥gϕ(DIFFENC(x̂[n])∥2

. (19)

We assume DINO features and latent representations of diffusion/flow-based models are normalized,
and get,

cos
(
(f

[n]
DINO(x), gϕ(DIFFENC(x̂[n]))

)
= 2− ∥f [n](x)− gϕ(DIFFENC(x̂[n]))∥22 →

N∑
n=1

cos
(
(f

[n]
DINO(x), gϕ(DIFFENC(x̂[n]))

)
= 2N −

N∑
n=1

∥f [n](x)− gϕ(DIFFENC(x̂[n]))∥22

≤ 2N − ∥
N∑

n=1

f [n](x)−
N∑

n=1

gϕ(DIFFENC(x̂[n]))∥22

(20)

We use the empirical maximum mean discrepancy (MMD) on DINO embeddings, and assume
that inputs of DINO encoder {x[n]|x[1], x[2], . . . , x[N ]}Nn=1, {x̂[n]|x̂[1], x̂[2], . . . , x̂[N ]}Nn=1 are i.i.d,
samples of distributions p̄x|x0

, p̄x̂|x̂0
, respectively,

M̂MDDINO({x[n]}Nn=1, {x̂[n]}Nn=1) = ∥
1

N

N∑
n=1

fDINO(x
[n]|x[1], x[2], . . . , x[N ])− 1

N

N∑
n=1

fDINO(x̂
[n]|x̂[1], x̂[2], . . . , x̂[N ])∥22

(21)

2Note that fDINO(x
[n]|x[1], x[2], . . . , x[N ]) ≡ f

[n]
DINO(x). Here, we use this new notation to show connection

with condition kernel mean embeddings, Song et al. (2013) and MMD.
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Note that,

∥ 1
N

N∑
n=1

fDINO(x
[n])− 1

N

N∑
n=1

fDINO(x̂
[n])∥22 ≤ 2

(
∥ 1
N

N∑
n=1

fDINO(x
[n])− 1

N

N∑
n=1

gϕ(DIFFENC(x̂[n]))∥22+

∥∥ 1
N

N∑
n=1

fDINO(x̂
[n])− 1

N

N∑
n=1

gϕ(DIFFENC(x̂[n]))∥22
)

≤ 2

N

N∑
n=1

∥fDINO(x
[n])− gϕ(DIFFENC(x̂[n]))∥22︸ ︷︷ ︸

1

+
2

N

N∑
n=1

∥fDINO(x̂
[n])− gϕ(DIFFENC(x̂[n]))∥22︸ ︷︷ ︸

2
(22)

We have 1 is the REPA(x, x̂) term (see equation 11), and term 2 expresses the misalignment of
DINO and diffusion encoders (DIFFENC) and is 0 unders Assumption 1.

A.3 PROOF OF THEOREM 4.2

Given an x image (possibly corrupted version of a clean one), we assume x∗ is the optimal estimate
that minimizes the distortion measure i.e.,

x∗ ∈ argmin
x̂

∆(x, x̂) (23)

We also assume that our approach solve the following optimization problem,

x∗(λ) ∈ argmin
x̂

∆(x, x̂) + λP (x̂) (24)

We also assume that there exists a λ such that P (x∗(λ)) ≤ P (x∗(λ)), i.e., the perceptual metric can
be fruther improved when solving the regularized problem given in (24).

Next we make the following assumptions on the distortion measure.
Assumption 2. The distortion measure ∆(x, x̂) and the perception metric P (x) are L∆- and LP -
smooth, repsectively, around x∗ i.e., x ∈ {x : ∥x− x∗∥2 ≤ ϵ}, it holds

∆(x, x̂) ≤ ∆(x, x∗) +
LD

2
∥x̂− x∗∥22

P (x̂) ≤ P (x∗) +∇P (x∗)(x̂− x∗) +
LP

2
∥x̂− x∗∥22

(25)

Assumption 3. The distortion measure ∆(x, x̂) is µD-strongly convex, around x∗ i.e., x̄ ∈ {x̄ :
∥x̄− x∗∥2 ≤ ϵ}, it holds

∇2∆(x, x̂) ⪰ µI (26)

Theorem 2. Let the Perception-Distortion formulation given in equation 12 and assume a distor-
tion measure ∆(x, x̂) that satisfies Assumption 3. By incorporating REPA regularization to inverse
algorithms will improve the perception-distortion frontier i.e., ∃λ > 0, such that

∆(x, x(λ)) ≤ ∆(x, x∗) + ϵ

P (x(λ) ≤ P (x∗)−
√
ϵ+O(λ2),

(27)

Proof. Since x∗(λ) is a minimizer of 24, we have,

∇∆(x, x∗(λ)) + λ∇P (x∗(λ)) = 0 (28)

From Taylor expansion on∇∆(x, x∗(λ)) and ∇P (x∗(λ)), we get,

∇∆(x, x⋆(λ)) = ∇2∆(x, x∗(λ))(x∗(λ)− x∗) + γD,

∇P (x⋆(λ)) = ∇P (x∗) + γP
(29)
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, where ∥γD∥ ≤ O(∥x∗(λ)− x∗∥22), ∥γP ∥ ≤ O(∥x∗(λ)− x∗∥22).
Since the Hessian ∇2∆(x, x∗(λ)) is invertible (due to strong convexity), and by plugging (29) into
(28), we can get

x∗(λ)− x∗ = −λ∇−2∆(x, x∗)∇P (x∗)−∇−2∆(x, x∗)γD − λ∇−2∆(x, x∗)γP →
∥x∗(λ)− x∗∥2 ≤ λ∥∇−2∆(x, x∗)∇P (x∗)∥2 +O(λ)

(30)

Since ∆(x, x̂) is LD-smooth, we have,

∆(x, x⋆(λ)) ≤ ∆(x, x∗) +
LD

2
∥x∗(λ)− x∗∥22 →

∆(x, x⋆(λ)) ≤ ∆(x, x∗) +
λ2LD

2
∥∇−2∆(x, x∗)∇P (x∗)∥22 +O(λ2)

(31)

From Taylor expansion and smoothness of P (x̂, we get,

P (x⋆(λ)) ≤ P (x∗) +∇⊤P (x∗)(x⋆λ)− x∗) +
LP

2
∥x⋆(λ)− x∗∥22 →

P (x⋆(λ)) ≤ P (x∗)− λ
LP

2
∇⊤P (x∗)∇−2∆(x, x∗)∇P (x∗) +O(λ2)

(32)

Let us now assume that ∆(x, x⋆(λ)) − ∆(x, x∗) ≤ ϵ, which could be attained when λ =√
2ϵ

LD∥∇−2∆(x,x∗)∇P (x∗)∥2
2

. Then that implies,

P (x⋆(λ))− P (x∗) ≤ −k
√
ϵ+O(λ2), (33)

where k =
√
2

LP
2 ∇⊤P (x∗)∇−2∆(x,x∗)∇P (x∗)√
LD∥∇−2∆(x,x∗)∇P (x∗)∥2

2

A.4 DETAILS ABOUT LATENT DPS + REPA IMPLEMENTATION

We implement Latent DPS + REPA following the procedure in Algorithm 2. A key design choice is
the learning rate schedule ηt, for which we consider two adaptive parameterizations:

η(t) =



κ

∥y −AD(E[z0 | zt])∥2
(Adaptive inverse norm)

κ

max
(

t
1−t , 1

) (Adaptive SNR-based learning rate)

where κ is a tunable scaling factor. Table 3 compares these schedules for 4× super-resolution on
ImageNet, showing that the SNR-based strategy consistently achieves better perceptual performance
(lower LPIPS) and slightly higher PSNR. For each schedule, κ and λ are tuned on a small validation
set. We use the SNR-based learning rate for all main experiments unless otherwise stated.

4× Super-resolution (ImageNet)

(a) Latent DPS

LR Type κ PSNR ↑ LPIPS ↓

Inverse norm 7.75 26.09 0.274
SNR-based 2.25 26.82 0.238

(b) Latent DPS + REPA

LR Type λ κ PSNR ↑ LPIPS ↓

Inv norm 0.005 5 25.90 0.235
SNR-based 0.01 2 26.82 0.217

Table 3: Comparison of learning rate strategies for 4× super-resolution on ImageNet.
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Algorithm 2 Latent DPS + REPA Algorithm

Require: flow model uθ = G1 ◦G2, measurement y, pretrained encoder f
1: initialize xT ∼ N (0, I)
2: for t ∈ {T, . . . , 0} do
3: v ← uθ(zt, t)
4: ẑ0 ← E[z0 | zt]
5: ∆t← 1/T
6: zt−1 ← zt +∆t · v
7: zt−1 ← zt−1 − η∇zt∥y −A(D(ẑ0))∥22
8: zt−1 ← zt−1 + λ∇zt

∑N
n=1 cos((f

[n]
DINO(y), gϕ(G2(zt, t)

[n]))
9: end for

10: return x0

Algorithm 3 Latent DPS + REPA Algorithm

Require: flow model uθ = G1 ◦ G2, measurement y, pretrained encoder f , resample steps C,
parameter γ

1: initialize zT ∼ N (0, I)
2: for t ∈ {T, . . . , 0} do
3: v ← uθ(zt, t)
4: ẑ0 ← E[z0 | zt]
5: ∆t← 1/T
6: zt−1 ← zt +∆t · v
7: if t ∈ C then
8: z̃0(y)← argminz

1
2∥y −A(D(z))∥

2
2 ▷ initialize at ẑ0

9: zt−1 ← STOCHASTICRESAMPLE(z̃0(y), zt−1, γ)
10: end if
11: zt−1 ← zt−1 − η∇zt∥y −A(D(ẑ0))∥22
12: zt−1 ← zt−1 + λ∇zt

∑N
n=1 cos

(
(f

[n]
Dino(y), gϕ(G2(zt, t)

[n])
)

13: end for
14: x0 ← D(z0)
15: return x0

A.5 DETAILS ABOUT RESAMPLE + REPA IMPLEMENTATION

In Table 3, we present an adaptation of the algorithm proposed by Song et al. (2024) to the flow-
based setting, augmented with the REPA regularizer as described in the methodology section. We
note that the original ReSample algorithm employs a three-stage procedure for enforcing data con-
sistency: (i) gradient steps in latent space, similar to Latent DPS; (ii) pixel-space optimization,
which is computationally efficient and captures high-level semantics but often leads to blurrier re-
constructions; and (iii) latent space optimization as outlined to line7 of Algorithm3. In contrast, our
adaptation omits the pixel-space stage, as our focus is on maximizing perceptual quality. We found
that this modification together with the inclusion of the REPA reguralizer yields sharper and more
visually convincing results, while still benefiting from the refinement effect of the final latent-space
consistency updates.

Importantly, the resulting algorithm remains consistent with the central principle of ReSample—that
initialization strongly impacts the effectiveness of data-consistency updates. In our case, REPA
guides the initialization toward reconstructions with stronger perceptual quality, which the subse-
quent consistency updates then refine further, improving fidelity and sharpness.

A.6 ROBUSTNESS OF DINO REPRESENTATIONS TO CORRUPTIONS

To evaluate the robustness of DINO representations under various corruptions, we conduct exper-
iments on a fixed set of 100 images. For each image, we compute the average patch similarity
between its ground truth representation and that of its corrupted version. We assess this similarity
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across different corruption types—specifically super-resolution and Gaussian deblurring—at vary-
ing levels of severity. We report the average similarity across the selected subset of 100 images.

Figure 5 presents how DINO representation similarity changes as the corruption severity increases
for the two tasks. Figure 6 further visualizes how the pixel-space appearance of a single image
changes across corruption levels. Interestingly, we observe that DINO representations remain sig-
nificantly more robust to both super-resolution and Gaussian deblurring. Despite substantial visual
degradation in pixel space, DINO maintains a strong representational alignment with the original
image.

(a) Super-Resolution (b) Gaussian Deblurring

Figure 5: Similarity of representations under increasing levels of corruption.

(a) Ground Truth (b) Super Resolution
×4

(c) Super Resolution
×8

(d) Super Resolution
×16

(e) Ground Truth (f) Gaussian deblur
σ = 3

(g) Gaussian deblur σ =
6

(h) Gaussian deblur σ =
9

Figure 6: Visual comparison of a corrupted image used in the similarity experiments for different
corruption types and severity levels.

A.7 ADDITIONAL QUALITATIVE RESULTS

17



918
919
920
921
922
923
924
925
926
927
928
929
930
931
932
933
934
935
936
937
938
939
940
941
942
943
944
945
946
947
948
949
950
951
952
953
954
955
956
957
958
959
960
961
962
963
964
965
966
967
968
969
970
971

Under review as a conference paper at ICLR 2026

Measurement DPS Latent DPS Latent DPS + Repa Ground Truth

Figure 7: Qualitative comparison for Boc Inpainting. Each row shows: Measurement, pixel-space
method DPS, latent method DPS, its Repa-enhanced version, and the Ground Truth.
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Measurement DPS Latent DPS Latent DPS + REPA Ground Truth

Measurement Latent DAPS ReSample ReSample + REPA Ground Truth

Measurement DPS Latent DPS Latent DPS + REPA Ground Truth

Measurement Latent DAPS ReSample ReSample + REPA Ground Truth

Measurement DPS Latent DPS Latent DPS + REPA Ground Truth

Measurement Latent DAPS ReSample ReSample + REPA Ground Truth

Figure 8: Qualitative comparison for 4× super-resolution. Each row shows: Measurement, a base-
line method (DPS or DAPS), a latent solver (Latent DPS or ReSample), its REPA-enhanced version,
and the Ground Truth.
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Measurement DPS Latent DPS Latent DPS + REPA Ground Truth

Measurement Latent DAPS ReSample ReSample + REPA Ground Truth

Measurement DPS Latent DPS Latent DPS + REPA Ground Truth

Measurement Latent DAPS ReSample ReSample + REPA Ground Truth

Measurement DPS Latent DPS Latent DPS + REPA Ground Truth

Measurement Latent DAPS ReSample ReSample + REPA Ground Truth

Figure 9: Qualitative comparison for Gaussian Deblurring. Each row shows: Measurement, a base-
line method (DPS or DAPS), a latent solver (Latent DPS or ReSample), its REPA-enhanced version,
and the Ground Truth.
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Measurement DPS Latent DPS Latent DPS + REPA Ground Truth

Measurement Latent DAPS ReSample ReSample + REPA Ground Truth

Measurement DPS Latent DPS Latent DPS + REPA Ground Truth

Measurement Latent DAPS ReSample ReSample + REPA Ground Truth

Measurement DPS Latent DPS Latent DPS + REPA Ground Truth

Measurement Latent DAPS ReSample ReSample + REPA Ground Truth

Figure 10: Qualitative comparison for Motion Deblurring. Each row shows: Measurement, a base-
line method (DPS or DAPS), a latent solver (Latent DPS or ReSample), its REPA-enhanced version,
and the Ground Truth.
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Measurement Latent DPS + Repa Ground Truth

Figure 11: Qualitative comparison for box inpainting on FFHQ dataset.
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