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≈ Zooming an Image repeatedly 
Extreme / Recursive Image Super Resolution (SR)

Figure 1. Recursive SR exceeds practical ground-truth resolution: a 256× target stores 52 GB per image, supervision ends at 4× while the
model continues to reuse its predictions. ORACLE ZOOM uses the last ground-truth image as a reference beyond that boundary, constrains
content through cross-scale alignment, and guides remaining detail under a KL-constrained prior, reducing hallucination by 2–5×.

Abstract

Recursive Image Super-Resolution (SR) extends fixed-scale
SR to extreme magnification by feeding predictions back
into the same model, analogous to zooming an image re-
peatedly. The source resolution required for ground truth
grows geometrically, leaving deeper zoom predictions un-
supervised. Inspired by on-policy self-distillation, ORA-
CLE ZOOM trains on its own recursive predictions and uses
the last available ground-truth image as a reference be-
yond the supervision boundary. Direct and cross-scale su-
pervision constrain verifiable content, while a no-reference
quality objective guides unresolved fine-scale detail. A KL-
constrained latent prior limits quality drift, and EMA con-
sistency stabilizes training. Across seven datasets, OR-
ACLE ZOOM achieves state-of-the-art (SOTA) SR qual-
ity across scales (averaging 0.713 CLIPIQA), with larger
gains on deeper scales while reducing hallucinations.

1. Introduction

Single-image Super-Resolution (SR) reconstructs a high-
resolution image from a low-resolution observation. Re-
cent generative SR methods [7, 12, 18, 74, 94] use diffusion
priors to recover realistic high-frequency detail beyond con-
ventional regression-based reconstruction [80, 82, 83, 87].
Recursive SR extends this setting to extreme magnification
by repeatedly applying an SR model, where the prediction
at one scale becomes the input to the next; equivalent to re-
peatedly zooming an image. Chain-of-Zoom (CoZ) [31] re-
cursively applies a fixed-scale SR model under multi-scale
VLM guidance to reach magnifications up to 256×.

High-fidelity recursive SR can support safety-critical ap-
plications across domains [26–28, 50, 57–67]. A fundamen-
tal difficulty in recursive SR is obtaining ground truth at ev-
ery scale. Required source resolution grows rapidly with
recursion: for a 512×512 input and successive 4× magnifi-
cations, targets at 4×, 16×, 64×, and 256× require source
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regions of 20482, 81922, 327682, and 1310722 pixels, re-
spectively. A single uncompressed 131072×131072 RGB
image requires about 52 GB of storage, making deep-scale
supervision impractical. Ground truth is typically available
only at earlier recursion stages. At deeper scales, recur-
sive SR must synthesize increasingly fine detail without a
corresponding visual target. VLM-generated captions pro-
vide semantic guidance [31, 53], but cannot directly verify
whether synthesized textures and structures remain consis-
tent with the observed image. This creates a supervision
gap at deeper scales, where detailed synthesis lacks direct
ground-truth verification.

Inspired by On-Policy Self-Distillation (OPSD) [95] and
its recent visual and generative extensions [4, 36, 43, 88,
96], we train the SR model on its own recursive predic-
tions. Each predicted image becomes the input to the next
zoom during training, matching how the model operates at
inference. We backpropagate through the recursive chain,
so losses at deeper zooms can also update earlier predic-
tions that become their inputs. However, following the in-
ference trajectory does not solve the missing-ground-truth
problem: beyond the last supervised scale, there is no target
to constrain the newly generated detail. Our key observa-
tion is that the last available ground truth still contains ver-
ifiable information about the region being zoomed into. We
therefore align this region with each deeper prediction and
project the prediction back to the resolution where ground
truth is observable. This preserves the ground-truth evi-
dence that remains observable while constraining the un-
resolved details synthesized at deeper scales.

Building on the on-policy formulation, ORACLE ZOOM
separates each target-unavailable prediction into what can
still be verified and what cannot. (1) For the verifiable part,
the aligned region of the last ground-truth target serves as
a cross-scale reference: each deeper prediction is projected
back and matched to this reference. (2) The remaining fine-
scale detail cannot be determined by projection, since mul-
tiple high-resolution predictions can correspond to the same
lower-resolution observation. We therefore use a frozen no-
reference quality model to guide this detail. Because per-
ceptual quality alone may favor sharp but unsupported pat-
terns [3], a KL prior keeps the adapted latent distribution
close to that of the pretrained SR model. Finally, EMA (ex-
ponential moving average) consistency stabilizes learning
where direct supervision ends. Together, these objectives
preserve observable evidence while guiding the detail that
cannot be directly supervised.
Our contributions are:
• Supervision Gap at Deep Recursive Scales. We identify

and formulate the supervision gap in recursive SR: ground
truth becomes prohibitively expensive at deeper magni-
fications, while the model increasingly relies on its own
predictions where direct visual supervision is unavailable.

• Reference-Constrained Recursion Beyond Ground
Truth. We introduce ORACLE ZOOM, an on-policy self-
distillation inspired, reference-constrained recursive SR
framework that carries the last ground-truth beyond the
supervision boundary without annotation at deeper scales.

• Supervision for Verifiable and Unresolved Detail. We
separate target-unavailable synthesis into verifiable and
unresolved components: cross-scale consistency pre-
serves observable ground-truth evidence, quality guid-
ance supplies unresolved detail, and a KL-constrained
pretrained prior with EMA consistency limits generation
drift. We further establish a bound on quality-driven de-
viation under the KL constraint.

• SOTA Quality and Fidelity with Lower Hallucination.
On seven datasets, ORACLE ZOOM achieves (SOTA)
0.713 mean CLIPIQA, the best aggregate 4× fidelity
with 0.199 LPIPS and 0.160 DISTS, 0.706 CLIPIQA at
256×. At 64× and 256×, an independent cross-family
vision–language judge prefers ORACLE ZOOM in 68%
and 78% of comparisons with a clear preference, respec-
tively, while CoZ hallucinates 2–5× more often.

2. Related Work

Super-Resolution and Extreme Magnification. Single-
image SR has progressed from regression and adversarial
reconstruction [40, 41, 77] to blind and real-world restora-
tion that explicitly models unknown degradations [75, 78,
91]. More recently, diffusion and large generative priors
have enabled stronger perceptual detail synthesis [17, 42,
71, 74, 80, 82, 83, 86, 87, 90]. Parallel work supports
progressive or arbitrary-scale SR through pyramidal recon-
struction and continuous image representations [6, 10, 11,
24, 33, 35, 79]. These approaches extend the attainable out-
put scale, but not to the setting where model predictions are
recursively reused as inputs once ground-truth supervision
is no longer available. Among recent approaches, Chain-
of-Zoom (CoZ) [31] addresses this extreme-magnification
setting by recursively applying a fixed-scale SR model and
using multi-scale VLM guidance to steer each zoom step.
Our work instead focuses on preserving visual supervision
along the same recursive zoom process once ground-truth
targets are no longer available.

Learning Beyond Direct Supervision. When targets are
unavailable, prior work has used perceptual objectives,
quality estimators, teacher-student consistency, and gen-
erative priors for indirect supervision [3, 8, 9, 30, 54,
72, 73, 85]. EMA teachers provide slowly varying con-
sistency targets [8, 72], while On-Policy Self-Distillation
(OPSD) [95] trains a student on its own trajectories us-
ing privileged information available to a teacher, reduc-
ing mismatch between training and deployment states. We
adopt this on-policy self-distillation perspective for recur-
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Figure 2. Overview of ORACLE ZOOM. The shared LoRA [14] adapted SR is applied recursively; available targets provide direct
and cross-scale supervision, while a frozen quality model, KL prior, and EMA consistency constrain target-unavailable predictions. All
auxiliary branches are training-only. By carrying the last verifiable ground-truth evidence beyond the supervision boundary, ORACLE
ZOOM addresses the key gap in recursive SR where deeper predictions must otherwise be synthesized without direct visual supervision.

sive SR: the student is trained on images produced by pre-
ceding zooms, with ground truth providing privileged vi-
sual information during training. However, no-reference
quality alone can reward plausible but unsupported de-
tail [3, 9, 30, 45, 46, 68, 73, 85]. Motivated by distribu-
tional regularization in diffusion SR [70, 74, 82], we com-
bine quality guidance with a KL-constrained pretrained la-
tent prior.

3. Method
3.1. Preliminary and Problem Setup
Given a low-resolution image I0, we construct a recur-
sive zoom sequence using cumulative magnification factors
s0(=1)<s1< · · ·<sK . The relative magnification (zoom)
at step i is γi=si/si−1. LetZγi

denote a zoom operator that
selects the region to be magnified at step i. Importantly, Zγi

specifies the region of interest but does not perform super-
resolution. The resulting input to the SR model is

I ini = Zγi

(
Îi−1

)
, Î0=I0. (1)

At each step, a frozen multi-scale VLM G takes two images
at different scales and generates a caption-based prompt that
provides textual guidance for the selected region. At the
first step, we obtain p1=G(I0) while for the subsequent
scales, the VLM input prompts are constructed using the
preceding prediction and the current SR input

pi = G
(
Îi−1, I

in
i

)
, i>1. (2)

Let Fθ denote the latent SR model, where the pretrained
backbone remains frozen and θ represents the trainable
adapter parameters. Given I ini and pi, the model produces
the latent prediction zθi . A frozen VAE decoder D then
maps latent zθi to image space to perform super resolution

zθi = Fθ

(
I ini , pi

)
, Îi = D

(
zθi
)
. (3)

Applying this recursively produces the SR sequence

I0 → Î1 → Î2 → · · · → ÎK . (4)

We assume that ground-truth targets are available only up
to step m. Specifically, Igti is available for i ≤ m, while
no ground truth is available for i > m. Our goal is to learn
an SR model that remains reliable to the available targets
within the supervised range while maintaining reliable re-
cursive behavior beyond target availability at deeper scales.
Thus, the supervision gap emerges where recursion contin-
ues, but direct visual evidence no longer exists, motivating
us to carry the last available target beyond sm.

3.2. ORACLE ZOOM

We propose ORACLE ZOOM to address this with five
complementary objectives: 1 Direct supervision anchors
target-available scales, 2 cross-scale consistency carries
verifiable ground-truth information deeper into the recur-
sion, 3 quality guidance encourages unresolved fine-scale
detail, 4 KL prior regularization constrains this detail to the
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Algorithm 1: ORACLE ZOOM Training and Inference

Input: Input I0, targets {Igti }mi=1, scales {si}Ki=0

Output: Trained adapter θ; recursive predictions {Îi}Ki=1
1 Init: θ̄=θ

2 Training
3 for each training iteration do
4 Recursively obtain {Îi, zθi , pi}Ki=1 ▷ Eqs. (1)–(3)
5 Compute Lsup for i≤m ▷ available targets
6 Compute Lxscale,Lqual,Lprior for j>m ▷ deeper scales
7 Compute Lema at sm ▷ boundary

8 Update θ using Eq. (12); update θ̄ by EMA

9 Inference
10 for i = 1 to K do
11 Iini =Zγi (Îi−1); obtain pi ▷ zoom and prompt

12 Îi=D
(
Fθ(I

in
i , pi)

)
▷ recursive SR

pretrained SR latent distribution, while 5 EMA (Exponen-
tial Moving Average) consistency stabilizes learning at the
supervision boundary as shown in Fig. 2. Together, these
objectives separate the target-unavailable scales into what
can still be verified from Igtm and what must be synthesized
faithfully under constrained prior knowledge.

3.2.1. Learning Objectives
Supervision at Target-Available Scales. For i ≤ m, we
supervise predictions using the available ground truth:

Lsup =
1

m

m∑
i=1

LPIPS
(
Îi, I

gt
i

)
. (5)

This anchors the adapted SR model to observed image detail
before direct supervision disappears beyond sm.
Cross-Scale Ground-Truth Consistency. For j>m, Igtj is
unavailable, but the recursive zoom path identifies the cor-
responding region within Igtm . We define

Irefm→j = Am→j

(
Igtm

)
, Îj→m = Pj→m

(
Îj

)
, (6)

Am→j extracts aligned ground-truth region, Pj→m projects
deeper predictions to observable resolutions to impose

Lxscale =
1

K −m

K∑
j=m+1

LPIPS
(
Îj→m, Irefm→j

)
. (7)

Thus, predictions beyond sm remain constrained by verifi-
able ground-truth information without requiring Igtj . This
keeps the last target as a visual reference beyond sm.
Quality-Guided Detail Synthesis. Cross-scale projection
cannot fully constrain high-frequency detail, since different
fine-scale predictions may produce similar lower-resolution
observations. We therefore use a frozen no-reference qual-
ity model Q:

Lqual = −
1

K −m

K∑
j=m+1

Q
(
Îj

)
. (8)

This encourages perceptually detailed predictions where di-
rect high-resolution supervision is unavailable.

KL-Constrained Latent Prior. Optimizing image quality
may favor unsupported high-frequency patterns [15]. We
therefore constrain the adapted latent distribution toward
that of the frozen SR model F0. Let z0j=sg[F0(I

in
j , pj)]

and model the adapted and base latents as ρθj=N (zθj , σ
2I)

and ρ0j=N (z0j , σ
2I). For latent dimensionality d,

Lprior =
1

K −m

K∑
j=m+1

DKL

(
ρθj∥ρ0j

)
=

d

2σ2(K −m)

K∑
j=m+1

MSE
(
zθj , z

0
j

)
.

(9)

Thus, the KL prior reduces to latent MSE under shared
isotropic covariance, with the constant incorporated into
λprior. While Lqual encourages unresolved detail, Lprior

limits deviation from the pretrained latent distribution. To-
gether, they synthesize unverifiable detail while preventing
unconstrained drift at deep scales.

EMA Consistency. At the supervision boundary sm, we
maintain EMA adapter θ̄ to obtain a training-only latent:

zema
m = sg[Fθ̄(I

gt
m , pm)], Lema = MSE(zθm, zema

m ). (10)

After each optimization step, θ̄ ← µθ̄ + (1− µ)θ.

3.2.2. Constrained Learning and Overall Objective
Beyond target-available scales, ORACLE ZOOM improves
perceptual quality while preserving observable ground-truth
evidence and proximity to pretrained SR latent distribution:

max
θ

1

K −m

K∑
j=m+1

Q(Îj)

s.t. Lsup≤ϵsup, Lxscale≤ϵxscale, Lprior≤ϵprior.

(11)

The constraints preserve target fidelity, cross-scale agree-
ment with available visual evidence, and proximity to the
pretrained latent distribution. In practice, we optimize the
corresponding penalized objective:

L = Lsup + λxscaleLxscale + λqualLqual

+ λpriorLprior + λemaLema.
(12)

Taken together, the objective converts target-unavailable re-
cursive SR from unconstrained synthesis into optimization
around observed evidence and the pretrained SR prior [47].
Bounded Quality Deviation. The cross-scale and KL con-
straints control different aspects beyond target availability.
Cross-scale consistency keeps predictions aligned with the
available ground-truth evidence, while the KL constraint
keeps quality optimization close to the pretrained SR model.
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Method

In-domain Out-of-domain

4KLSDB DIV2K DIV8K

No-reference quality GT fidelity No-reference quality No-reference quality GT fidelity

NIQE↓ MUSIQ↑ MANIQA↑ CLIPIQA↑ LPIPS↓ DISTS↓ NIQE↓ MUSIQ↑ MANIQA↑ CLIPIQA↑ NIQE↓ MUSIQ↑ MANIQA↑ CLIPIQA↑ LPIPS↓ DISTS↓

4× magnification
HiT-SR [93] 8.76 40.11 0.396 0.396 0.408 0.232 7.89 39.21 0.403 0.374 8.05 37.06 0.395 0.366 0.448 0.265
MambaIR [20] 8.68 41.24 0.405 0.412 0.412 0.233 7.81 40.57 0.419 0.386 8.00 38.53 0.412 0.377 0.449 0.268
SwinIR [40] 6.02 51.31 0.500 0.465 0.280 0.184 5.66 51.00 0.510 0.458 5.85 49.42 0.512 0.447 0.320 0.210
SeeSR [83] 5.44 63.47 0.569 0.615 0.260 0.174 4.70 64.26 0.608 0.619 4.66 63.94 0.612 0.610 0.263 0.174
OSEDiff [82] 5.00 60.31 0.559 0.608 0.335 0.215 4.93 59.54 0.585 0.638 4.88 60.59 0.596 0.639 0.380 0.243
CoZ [31] 5.74 64.38 0.582 0.623 0.248 0.186 4.65 66.94 0.633 0.699 4.67 67.04 0.638 0.697 0.238 0.167
ORACLE ZOOM 6.00 59.80 0.556 0.638 0.169 0.142 4.46 66.47 0.638 0.735 4.48 67.31 0.648 0.736 0.223 0.161

16× magnification
HiT-SR [93] 14.13 19.70 0.333 0.370 – – 13.11 18.39 0.310 0.312 13.27 18.99 0.314 0.318 – –
MambaIR [20] 14.42 20.40 0.333 0.390 – – 13.28 19.23 0.312 0.329 13.42 19.78 0.315 0.334 – –
SwinIR [40] 7.34 28.38 0.427 0.454 – – 6.78 28.96 0.391 0.401 7.21 29.18 0.388 0.391 – –
SeeSR [83] 7.81 47.83 0.507 0.552 – – 6.50 51.78 0.523 0.540 6.49 52.96 0.528 0.535 – –
OSEDiff [82] 6.10 51.92 0.531 0.586 – – 5.96 53.01 0.545 0.605 5.79 53.48 0.550 0.611 – –
CoZ [31] 8.08 52.26 0.551 0.578 – – 6.29 58.49 0.595 0.652 6.32 58.89 0.602 0.663 – –
ORACLE ZOOM 7.16 54.80 0.556 0.658 – – 5.82 61.64 0.599 0.737 5.85 61.56 0.605 0.735 – –

64× magnification
HiT-SR [93] 16.69 23.76 0.388 0.455 – – 16.52 21.82 0.367 0.408 16.55 22.03 0.370 0.408 – –
MambaIR [20] 17.82 23.33 0.388 0.469 – – 17.10 21.64 0.366 0.419 17.09 21.77 0.369 0.418 – –
SwinIR [40] 9.02 26.52 0.489 0.477 – – 8.09 23.20 0.478 0.465 8.62 22.93 0.474 0.460 – –
SeeSR [83] 9.83 37.31 0.495 0.497 – – 8.98 42.00 0.502 0.517 8.88 43.76 0.509 0.524 – –
OSEDiff [82] 7.20 46.22 0.531 0.533 – – 7.30 47.71 0.536 0.576 7.04 47.66 0.537 0.580 – –
CoZ [31] 9.54 45.70 0.555 0.544 – – 7.86 52.06 0.581 0.623 7.78 51.99 0.584 0.630 – –
ORACLE ZOOM 8.47 50.80 0.579 0.651 – – 7.12 56.02 0.597 0.727 7.23 55.61 0.597 0.726 – –

256× magnification
HiT-SR [93] 17.81 26.23 0.428 0.494 – – 17.64 26.32 0.421 0.480 17.52 26.34 0.419 0.487 – –
MambaIR [20] 18.97 26.04 0.426 0.509 – – 18.47 26.23 0.418 0.493 18.43 26.39 0.416 0.497 – –
SwinIR [40] 10.77 28.54 0.495 0.467 – – 9.96 27.35 0.504 0.466 10.01 27.34 0.504 0.473 – –
SeeSR [83] 11.56 33.66 0.503 0.496 – – 11.16 36.26 0.502 0.497 10.79 37.64 0.505 0.510 – –
OSEDiff [82] 8.18 42.57 0.525 0.502 – – 8.53 43.71 0.528 0.543 8.25 43.98 0.528 0.551 – –
CoZ [31] 10.41 44.13 0.555 0.538 – – 9.24 48.26 0.576 0.599 8.83 48.57 0.577 0.608 – –
ORACLE ZOOM 9.31 49.31 0.589 0.664 – – 8.30 51.83 0.595 0.703 8.07 51.85 0.593 0.710 – –

Table 1. Per-dataset results across recursion depth on 4KLSDB (in-domain), DIV2K, and DIV8K (out-of-domain). All methods use the
same CoZ recursion with matched zoom paths, crops, prompts, and evaluation. GT fidelity is reported only where genuine 4× targets are
available; deeper scales have no ground truth. Bold: best; underline: second-best.

Thus, quality optimization can add unresolved detail with-
out drifting arbitrarily far at deeper scales.
Proposition 1. Let q(z)=Q(D(z)) be locally Lq-Lipschitz
around z0j under dz(z, z′)=

√
MSE(z, z′). For any j>m, if

DKL(ρ
θ
j∥ρ0j ) ≤ ϵprior =⇒

∣∣∣Q(Îj)−Q(D(z0j ))
∣∣∣

≤ Lqσ

√
2ϵprior

d
.

(13)

Proof. For shared isotropic covariance in the latent dis-
tributions, DKL(ρ

θ
j∥ρ0j )= d

2σ2 MSE(zθj , z
0
j ). Equation (13)

therefore gives dz(z
θ
j , z

0
j ) ≤ σ

√
2ϵprior/d. Applying the

local Lipschitz condition to q yields Eq. (13). Together with
Lxscale ≤ ϵxscale, this controls observable disagreement and
quality-driven deviation (detailed proof is provided in Ap-
pendix). The proof shows that the quality objective can im-
prove unseen detail without moving the prediction arbitrar-
ily far from the pretrained SR model.

3.3. Training and Inference
Algorithm 1 summarizes training and inference for ORA-
CLE ZOOM. During training, the adapter parameters θ are

shared across scales, while the SR backbone, VAE decoder
D, VLM prompter G, quality model Q, and base model F0

remain frozen. Only θ is optimized by gradients, while θ̄
is updated by EMA. We backpropagate through successive
predictions, allowing deeper-scale objectives to also update
earlier steps. Ground-truth targets, cross-scale references,
Q, F0, and the EMA branch are used only for training.

At inference, the learned adapter is used with the
frozen SR backbone, decoder, and VLM prompter over
scales s1, . . . , sK . Thus, without requiring ground truth or
training-only branch, ORACLE ZOOM improves the shared
SR transition beyond the supervision boundary.

4. Experiments
We evaluate ORACLE ZOOM on seven benchmarks
across four magnifications, studying no-reference quality,
reference-based fidelity, and hallucination beyond target.

4.1. Experiment Setup
Datasets. For training ORACLE ZOOM, we sample
a 1,000-image training set from 129,484 candidates in
4KLSDB [98] training split. We retain images with a
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Figure 3. Qualitative comparison across 4–256×. OSEDiff smooths local structure, while CoZ develops repetitive textures at deeper
zooms. ORACLE ZOOM preserves sharper, more detailed fur and skin structure through 256×. Colored boxes mark the next zoom region.
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Figure 4. Effect of quality guidance and latent prior. Without Lqual, predictions become smooth, while removing Lprior introduces
repetitive patterns at deeper zooms. The full objective preserves coherent detail through 256×. Colored boxes mark the next zoom region.

short side of at least 2048 pixels, discard the lowest-quality
decile, balance caption-derived content groups, filter with
DFN5B/SigLIP2 agreement on photographic content, and
remove near-duplicates from all evaluation sets using im-
age similarity and CLIP verification to improve diversity
on training data [16]. We evaluate on 4KLSDB [98],
DIV2K [1], DIV8K [19], DRealSR [81], RealSR [5],
FFHQ [29], and Flickr2K [41]. Following CoZ [31], ev-
ery method processes the same 512×512 center crop through
four 4× SR steps, producing 4×, 16×, 64×, and 256× outputs.

Evaluation Metrics. For no-reference quality, when
ground truth is unavailable for comparison (at 16×, 64×,
256×); we evaluate on NIQE [46] (↓), MUSIQ [30] (↑),
MANIQA [85] (↑), and CLIPIQA [73] (↑). At 4×, where
high-resolution ground truth is available, we measure fi-
delity using LPIPS [92], DISTS [13] (↓), and DINOv2 co-
sine similarity [49] (↑) on 4KLSDB, DIV8K, DRealSR, and
RealSR. At 16×, we project each prediction back to the last
target-available resolution and compare it with the aligned
4× ground-truth region using projected DISTS (P-DISTS)
and projected DINOv2. Beyond 4×, we additionally use

InternVL3.5-38B [76] as an anchored pairwise judge from
a different model family than the Qwen prompter borrowed
from [31]. The judge evaluates 120 region-aligned exam-
ples per scale; ties and abstentions are excluded from the
win rate. Moreover, TOPIQ-NR [9], which supplies Lqual,
is excluded from the primary evaluation.

Implementation Details. We build ORACLE ZOOM on
CoZ’s one-step OSEDiff [82] using SD3-medium as the
frozen SR backbone and use its GRPO-tuned Qwen2.5-VL-
3B-Instruct as the frozen prompter; the VAE decoder is kept
fixed. We perform parameter-efficient adaptation with a
rank-16 LoRA [23, 69] on the SD3 transformer, with 7.1M
trainable parameters. We train the shared adapter across the
4×→16× recursive chain and backpropagate through the
4× prediction. We set λxscale=1.0, λqual=0.4, λprior=8.0,
and λema=0.1, with EMA decay 0.95. We optimize in fp32
using AdamW with a learning rate of 5×10−5, weight de-
cay of 10−2, a 500-step warmup, and an effective batch size
of 4. Final checkpoint is selected by early stopping after ap-
proximately 9.3k optimization steps. Complete implemen-
tation and hyperparameter details are provided in Appendix.
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Method No-reference quality GT fidelity @4×

NIQE↓ MUSIQ↑ MANIQA↑ CLIPIQA↑ LPIPS↓ DISTS↓

HiT-SR [93] 14.22 27.06 0.379 0.414 0.341 0.222
MambaIR [20] 14.69 27.34 0.382 0.428 0.343 0.224
SwinIR [40] 7.88 34.02 0.477 0.456 0.228 0.175
SeeSR [83] 8.35 48.46 0.532 0.546 0.216 0.164
OSEDiff [82] 6.70 51.38 0.548 0.581 0.336 0.228
CoZ [31] 7.42 55.23 0.587 0.621 0.215 0.170
ORACLE ZOOM 6.90 57.80 0.598 0.713 0.199 0.160

Table 2. Aggregate results over all seven test sets. No-reference
metrics average all four recursion scales; GT fidelity averages the
four datasets with 4× targets. ORACLE ZOOM achieves the best
MUSIQ, MANIQA, CLIPIQA, LPIPS, and DISTS. Bold: best;
underline: second-best. Per-dataset results are in Table 1.

Baseline Models. We compare with three regression SR
models, SwinIR [40], HiT-SR [93], MambaIR [20], two
diffusion SR models, SeeSR [83] and OSEDiff [82], and
CoZ [31]. For comparability, in every baseline, we use iden-
tical same CoZ recursion [31], with matched inputs, zoom
paths, crop geometry, prompts, and metrics.

4.2. Results

Table 1 jointly reports no-reference quality at all four recur-
sion scales and GT fidelity at 4×, separating the in-domain
set from the two out-of-domain benchmarks. At 4×, the two
metric families show whether improved perceptual quality
is accompanied by closer agreement with ground truth; be-
yond this scale (4×), the GT-fidelity entries are omitted be-
cause no target exists at 16×→256×. Table 2 aggregates
every metric; averaging performance over all seven test sets
and all zooming scales.

Results Across Recursion Depth. In Tab. 1, ORACLE
ZOOM achieves the highest CLIPIQA on all three datasets,
and the best LPIPS and DISTS at 4× on the two sets
that provides ground-truth target. Thus, its perceptual-
quality gain does not come at the expense of fidelity at the
target-available scale. From 16× onward, ORACLE ZOOM
ranks first in CLIPIQA, MUSIQ, and MANIQA on all three
datasets. The margin is wider away from the training do-
main: at 4× ORACLE ZOOM leads CoZ by 0.036 and
0.040 CLIPIQA on DIV2K and DIV8K, against 0.015 on
the in-domain set. Therefore, the performance gains are
generalizable. The same trend holds across the test sets in
Figure 5(a), where ORACLE ZOOM remains above 0.70
CLIPIQA throughout the recursion. At 256×, it obtains
0.706, compared with 0.579 for CoZ, 0.532 for OSEDiff,
and 0.463 for SwinIR. Averaged over all seven test sets (Ta-
ble 2), ORACLE ZOOM leads MUSIQ, MANIQA, CLIP-
IQA, LPIPS, and DISTS, and is second on NIQE.

Variant LPIPS4× ↓ P-DISTS16× ↓ CLIPIQA16× ↑ Halluc.16× ↓

Full ORACLE ZOOM 0.199 0.215 0.714 0.303
−Lsup 0.215 0.222 0.719 0.353
−Lxscale 0.196 0.232 0.727 0.339
−Lqual 0.202 0.208 0.594 0.370
−Lprior 0.197 0.330 0.794 0.907
−Lema 0.203 0.216 0.702 0.305

Table 3. Ablation of the training objectives. Removing each
term degrades a different aspect of performance, while the full ob-
jective gives the optimal fidelity, quality, and hallucination.

Results on Projected-Reference Fidelity. At 16×, when
target is unavailable, but the corresponding region re-
mains observable in the 4× ground truth. We therefore
project each prediction back to the target-available resolu-
tion and compare it with the aligned reference. As shown
in Figure 5(b), ORACLE ZOOM achieves the lowest P-
DISTS (0.215) and the highest projected DINOv2 similar-
ity (0.691), compared with 0.239 and 0.633 for CoZ. These
results showcase the superiority of ORACLE ZOOM in pre-
serving prior visual evidence beyond supervision boundary.

Results Beyond Available Ground Truth. At 4×, 16×,
ORACLE ZOOM and CoZ have similar hallucination rates.
Their behavior diverges at deeper scales: at 64× and 256×,
the hallucination rate of ORACLE ZOOM decreases to 0.21
and 0.14, while that of CoZ rises to 0.55 and 0.70, respec-
tively [Figure 5(c)]. Thus, improved no-reference quality
is not accompanied by greater contradiction with the ob-
servable anchor. Since ground truth is unavailable at these
scales, the judge measures consistency with the preceding
zooms, not the explicit recovery of unseen fine detail.

Qualitative Results. Figure 3 depicts two exam-
ples through the 4× → 16× → 64× → 256× trajectory.
OSEDiff progressively removes local structure, while CoZ
develops repetitive textures as recursion deepens. In con-
trast, ORACLE ZOOM maintains the orientation and conti-
nuity of the visible fur and skin patterns much better while
producing a coherent fine-scale structure through 256×.

4.3. Analysis

Ablation Study. Table 3 analyzes the contribution of each
objective in ORACLE ZOOM. Removing Lsup increases
4× LPIPS from 0.199 to 0.215, while removing Lxscale

increases P-DISTS from 0.215 to 0.232. Without Lqual,
CLIPIQA decreases from 0.714 to 0.594. Removing Lprior

instead increases CLIPIQA to 0.794, but P-DISTS degrades
to 0.330 and hallucination rises from 0.303 to 0.907. The
smaller changes after removing Lema indicate that it acts
as a lightweight training stabilizer, while the full objective
provides the optimal fidelity and quality.
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Figure 5. Results across recursion depth. (a) Mean CLIPIQA over the test sets. (b) Projected-reference fidelity at 16×, measured by
P-DISTS (↓). (c) Anchored hallucination rate for ORACLE ZOOM and CoZ, with 95% Wilson intervals. ORACLE ZOOM maintains
perceptual quality, retains more of the last available reference, and reduces hallucination as recursion deepens.
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Figure 6. Projected-reference fidelity at 16×. Native predic-
tions appear plausible but cannot be compared with a 16× target.
Projecting them to 4× enables direct comparison with the aligned
ground-truth region. CoZ and OSEDiff alter the cable and panel
boundaries, whereas ORACLE ZOOM remains closer to the refer-
ence, as reflected by the residual maps and projected scores.

Quality Guidance and Latent Prior. Figure 4 visualizes
the complementary roles of Lqual and Lprior. Removing
quality guidance produces smooth predictions with limited
fine-scale structure. Removing the latent prior instead intro-
duces repetitive patterns that score highly on the quality ob-
jective but contradict the preceding zoom. Consistent with
Table 3, Figure 4 shows that variants using no-prior obtain
the highest quality at the cost of fidelity and hallucination.

Qualitative Projected-Reference Comparison. Figure 6
illustrates how deeper predictions are comparable to the last
available ground truth. At 16×, no target exists, so each
prediction is projected back to the observable 4× resolution
and compared with the aligned ground-truth region. OSED-
iff and CoZ visibly alter the cable and panel boundaries,
producing larger residuals. In contrast, ORACLE ZOOM
preserves these structures more closely and yields the small-
est projected error (absolute difference), showing that its
deeper predictions remain better aligned with the visual ev-
idence available before the supervision boundary.

5. Conclusion

We presented ORACLE ZOOM, an OPSD-inspired,
reference-constrained framework for recursive SR beyond
the last target-available scale. ORACLE ZOOM trains on its
own recursive trajectory: direct supervision anchors target-
available predictions, aligned projection carries the last ob-
servable ground-truth evidence into deeper scales, and a no-
reference quality objective guides unresolved detail, while a
KL-constrained pretrained prior and EMA consistency limit
drift. Across seven datasets, ORACLE ZOOM achieves
SOTA fidelity, no-reference super resolution quality while
significantly reducing hallucinations. These gains require
only a 7.1M-parameter LoRA trained on 1,000 images in
addition to the base SR model. Overall, ORACLE ZOOM
turns recursive SR beyond available ground truth from un-
constrained synthesis into generation that remains anchored
to the last verifiable visual evidence. This provides a prac-
tical path toward reliable extreme magnification even when
direct supervision can no longer follow the recursion.

6. Limitations

Our evaluation beyond 4× cannot measure exact recovery
because the ground truth is unavailable at deeper scales;
projected-reference metrics and the anchored VLM judge
instead assess consistency with observable evidence. The
current evaluation also follows synthetic center-crop recur-
sion, so it does not directly establish performance for phys-
ical camera zoom or arbitrary user-selected regions. Train-
ing uses a curated 4K photographic set, and the smaller fi-
delity gains on DRealSR and RealSR indicate that domain-
specific degradations remain challenging. Finally, ORA-
CLE ZOOM relies on a fixed no-reference quality model
and a pretrained SR prior; both can bias the type of detail
encouraged at unsupported scales [38]. These limitations
matter because outputs may appear plausible even when
fine-scale recovery cannot be verified [22]. Future work
should extend supervision to degradation models, adaptive
zoom paths, and stronger reference-aware evaluation for
deeper recursive magnification.
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Appendix
Supplementary overview. The supplementary material
provides additional method analysis, implementation and
evaluation details, and extended quantitative and qualitative
results and analysis.

A. Additional Method Details and Analysis
This section provides additional details and analysis for
ORACLE ZOOM. We first show how the last available
ground truth remains useful at deeper recursive scales and
clarify what information can still be verified. We then de-
rive the KL-constrained latent prior, provide the full proof
of Proposition 1, and explain how supervision propagates
through the recursive chain. Finally, we relate ORACLE
ZOOM to prior self-distillation approaches and clarify the
distinction in supervision.

A.1. Extending Target Evidence to Deeper Zooms
Recall that Igtm is the last available ground-truth target, while
no target Igtj exists for j>m. Although Igtm is limited to
scale sm, it still contains the image region followed by ev-
ery subsequent deterministic zoom. The available target can
therefore remain useful after direct supervision ends. For a
deeper scale sj , define the cumulative relative magnification
from sm as

Γm→j =
sj
sm

=

j∏
r=m+1

γr. (14)

The recursive zoom path from sm to sj is

Am→j = Zγj
◦ · · · ◦ Zγm+1

, (15)

where each operator follows the same deterministic spatial
selection used during recursive SR. Applying this path to
the last available target gives

Irefm→j = Am→j

(
Igtm

)
. (16)

The prediction Îj represents the same field of view at scale
sj . We project it back to the resolution of sm:

Pj→m = Downsamplem→j , Îj→m = Pj→m

(
Îj

)
.

(17)

Consequently, Irefm→j and Îj→m describe the same spatial
region at the same observable resolution.
Observation 1 (Persistent visual reference). For every
j>m, the deterministic recursive zoom path identifies a re-
gion Irefm→j within Igtm that can be compared with Pj→m(Îj)

without requiring Igtj .
Justification. Each Zγr

selects the region enlarged at the
next recursive step. Composing these operators therefore
identifies the nested region represented at scale sj . Project-
ing Îj back to the resolution of sm allows this region to be
compared with the corresponding region in Igtm . Thus, the
last available ground truth continues to provide visual evi-
dence beyond sm, although it cannot verify newly generated
fine-scale detail.

A.2. Limits of cross-scale supervision
Cross-scale supervision preserves the information that can
still be verified from Igtm , but it cannot determine all fine-
scale detail at sj . Multiple high-resolution images can pro-
duce the same image after projection. Consider

Pj→m : Xj → Xm, (18)

where Xj denotes images at scale sj . Since sj>sm, the
projection removes fine-scale information. Therefore, two
different images X1 ̸= X2 can satisfy

Pj→m(X1) = Pj→m(X2). (19)

For a linear projection, this ambiguity can be written di-
rectly. Any fine-scale change δ removed by the projection
satisfies

Pj→m(δ) = 0, (20)

and therefore

Pj→m(X + δ) = Pj→m(X). (21)

Observation 2 (Unobservable fine-scale detail). Minimiz-
ing Lxscale constrains the information that remains visible
after projection, but not the fine-scale detail removed by it.

This motivates the three objectives used beyond the su-
pervision boundary. Lxscale preserves the evidence that can
still be verified from Igtm . Lqual guides fine-scale detail
that this evidence cannot supervise. Lprior keeps the re-
sulting prediction close to the pretrained SR model. To-
gether, these objectives provide complementary supervision
at scales without direct ground truth.

A.3. Derivation of the KL-Constrained Latent Prior
We derive the form of Lprior. For a target-unavailable scale
j, let

ρθj = N
(
zθj , σ

2I
)
, ρ0j = N

(
z0j , σ

2I
)
, (22)
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where zθj and z0j are the adapted and base-model latent rep-
resentations, respectively.

For two d-dimensional Gaussians N (µ1,Σ1) and
N (µ0,Σ0),

DKL(N (µ1,Σ1)∥N (µ0,Σ0))

=
1

2

[
tr(Σ−1

0 Σ1) + (µ0 − µ1)
⊤Σ−1

0 (µ0 − µ1)

− d+ log
detΣ0

detΣ1

]
.

(23)
Under the shared isotropic covariance

Σ0 = Σ1 = σ2I, (24)

the trace and dimensionality terms cancel, while the log-
determinant ratio is zero. Therefore,

DKL

(
ρθj∥ρ0j

)
=

1

2σ2

∥∥zθj − z0j
∥∥2
2
. (25)

Using

MSE
(
zθj , z

0
j

)
=

1

d

∥∥zθj − z0j
∥∥2
2
, (26)

we obtain

DKL

(
ρθj∥ρ0j

)
=

d

2σ2
MSE

(
zθj , z

0
j

)
(27)

Thus, under the shared isotropic Gaussian assumption,
latent MSE is equivalent to the closed-form KL divergence
up to the constant d/(2σ2). Since this constant is indepen-
dent of θ, it can be incorporated into λprior. The latent prior
therefore keeps the adapted model close to the pretrained
SR model while the quality objective guides detail at scales
without ground truth.

A.4. Proof of Bounded Quality Deviation
Proposition 1. Let

q(z) = Q (D(z)) (28)

be locally Lq-Lipschitz around z0j with respect to

dz(z, z
′) =

√
MSE(z, z′). (29)

If
DKL

(
ρθj∥ρ0j

)
≤ ϵprior, (30)

then ∣∣∣Q(
Îj

)
−Q

(
D(z0j )

)∣∣∣ ≤ Lqσ

√
2ϵprior

d
. (31)

Proof. From Eq. (27),

DKL

(
ρθj∥ρ0j

)
=

d

2σ2
MSE

(
zθj , z

0
j

)
. (32)

Combining Eqs. (30) and (32) gives

MSE
(
zθj , z

0
j

)
≤ 2σ2ϵprior

d
. (33)

Taking the square root yields

dz
(
zθj , z

0
j

)
≤ σ

√
2ϵprior

d
. (34)

By the local Lq-Lipschitz assumption,∣∣q(zθj )− q(z0j )
∣∣ ≤ Lqdz

(
zθj , z

0
j

)
. (35)

Substituting Eq. (34) gives∣∣q(zθj )− q(z0j )
∣∣ ≤ Lqσ

√
2ϵprior

d
(36)

Finally, since q(zθj )=Q(Îj) and q(z0j )=Q(D(z0j )), Eq. (36)
is exactly Eq. (31). □

The proposition shows that a bounded KL constraint lim-
its how far the adapted prediction can move from the pre-
trained SR model in quality-score space. Cross-scale con-
sistency complements this constraint by preserving the vi-
sual evidence that can still be verified.

A.5. From Constraints to Training Objective
The overall objective can also be written as a constrained
optimization problem. Omitting the auxiliary EMA term,
we seek

max
θ

1

K −m

K∑
j=m+1

Q
(
Îj

)
s.t. Lsup ≤ ϵsup,

Lxscale ≤ ϵxscale,

Lprior ≤ ϵprior.

(37)

Introducing non-negative multipliers αsup, αxscale, and
αprior gives

J (θ) = − 1

K −m

K∑
j=m+1

Q(Îj)

+ αsup

(
Lsup − ϵsup

)
+ αxscale

(
Lxscale − ϵxscale

)
+ αprior

(
Lprior − ϵprior

)
.

(38)

The terms involving ϵsup, ϵxscale, and ϵprior are constant
with respect to θ and do not affect gradient-based optimiza-
tion. Rescaling the remaining multipliers and adding EMA
consistency gives the training objective used in the main pa-
per:

L = Lsup + λxscaleLxscale + λqualLqual

+ λpriorLprior + λemaLema.
(39)
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This formulation makes the role of each term explicit:
the quality objective is optimized while target fidelity, cross-
scale evidence, and proximity to the pretrained SR model
are preserved.

A.6. Gradient Flow Through Recursive SR
Recursive SR uses each prediction as the input to the next
scale. We therefore retain the computation graph through
successive predictions rather than detaching them. Let the
differentiable image path at step i be written as

Îi = T
(i)
θ

(
Îi−1

)
, (40)

where T (i)
θ includes the zoom operation, adapted SR model,

and frozen decoder for the conditioning used at that step.
For a loss Lj applied at a deeper scale j, differentiation
through the recurrence gives

dÎj
dθ

=
∂T

(j)
θ

∂θ
+

∂T
(j)
θ

∂Îj−1

dÎj−1

dθ
. (41)

Expanding recursively shows that

dLj

dθ
=

∂Lj

∂Îj

dÎj
dθ

(42)

contains gradients through the preceding predictions that
contribute to Îj .

Consequently, objectives evaluated beyond sm do not
only update the final deep-scale prediction. They also up-
date earlier predictions that later become recursive inputs.
This exposes the shared SR transition to the same model-
generated inputs it receives during inference and allows
deeper objectives to shape the complete recursive chain.

A.7. EMA Consistency at the Supervision Bound-
ary

The transition from sm to sm+1 is where direct supervision
ends: sm still has exact ground truth, while sm+1 does not.
We therefore apply EMA consistency at this boundary.

The EMA parameters are updated as

θ̄t = µθ̄t−1 + (1− µ)θt, (43)

and are not updated by gradients. Since θ̄ averages the
model parameters over training, it changes more slowly
than the current parameters θ. We use it to form a stable
latent reference

zema
m = sg

[
Fθ̄

(
Igtm , pm

)]
, (44)

and encourage the current representation to remain close to
this reference using

Lema = MSE
(
zθm, zema

m

)
. (45)

The EMA term therefore stabilizes training where di-
rect supervision ends. It complements Lsup: while Lsup

matches the prediction to the available ground truth, Lema

keeps the latent representation stable before recursion pro-
ceeds to scales without targets.

A.8. Training-Only Supervision and Inference
The additional supervision mechanisms are used only dur-
ing training. Specifically, Igti , the aligned cross-scale ref-
erence, Q, F0, and the EMA branch are required only to
compute the objectives in Equation (39). At inference, only
the trained recursive SR transition is used.

Each recursive step is

I ini = Zγi

(
Îi−1

)
, (46)

pi = G
(
Îi−1, I

in
i

)
, (47)

and
Îi = D

(
Fθ

(
I ini , pi

))
. (48)

Thus, ORACLE ZOOM uses the same recursive infer-
ence pipeline as the base SR system. The additional sig-
nals are used only during training and introduce no new
inference-time supervision.

A.9. Putting the Objectives Together
The five objectives play different roles depending on
whether ground truth is available. For i ≤ m, Lsup di-
rectly matches the prediction to the observed target. For
j>m, Lxscale carries forward the information from Igtm that
can still be verified along the recursive zoom path. Since
this evidence does not determine all fine-scale detail, Lqual

guides the remaining detail while Lprior keeps the predic-
tion close to the pretrained SR model. Finally, Lema stabi-
lizes the transition where direct supervision ends.

Together, these objectives allow training to continue be-
yond the last available ground-truth scale without discard-
ing the evidence that remains available. ORACLE ZOOM
preserves what can still be verified, guides the remaining
fine-scale detail, and constrains that detail with the pre-
trained SR prior.

A.10. Relation to On-Policy Self-Distillation
ORACLE ZOOM is inspired by On-Policy Self-Distillation
(OPSD) [95], but differs in how supervision is provided
beyond the ground-truth boundary. Classical knowledge
distillation transfers outputs from a reference model to
another model [21, 32, 56], while privileged-information
methods use additional training-only information that is
unavailable at inference [44]. Related work also reduces
the mismatch between training and inference by learn-
ing from model-generated intermediate predictions or tar-
gets [2, 34, 51, 84]. OPSD trains on model-generated se-
quences while using additional training-only information to
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supervise those sequences [95]. Recent extensions apply re-
lated self-distillation strategies to vision-language reason-
ing, multimodal reasoning, fine-detail perception, autore-
gressive video generation, and diffusion models [4, 25, 37,
43, 89, 97].

The connection to ORACLE ZOOM is limited to train-
ing on model-generated intermediate predictions. In re-
cursive SR, each prediction becomes the input to the next
scale, but beyond sm no high-resolution target exists for
the deeper prediction. ORACLE ZOOM therefore uses
the last available ground truth as a cross-scale reference
for what remains verifiable, while Lqual guides unresolved
fine-scale detail and Lprior limits deviation from the pre-
trained SR model. Unlike standard distillation or self-
training [21, 32, 84], F0 is not used to construct a re-
placement supervision target, and Q is used only to eval-
uate the current prediction during training. While OPSD
trains on model-generated intermediate predictions, ORA-
CLE ZOOM introduces the reference-constrained supervi-
sion when recursive SR continues beyond the last available
ground-truth scale.

B. Implementation Details

Training configuration. The LoRA adapter is applied to
the to_q, to_k, to_v, add_q_proj, add_k_proj,
and add_v_proj layers of the SD3 transformer. We set
the LoRA scaling to α = 32 with zero dropout and limit
the VLM prompter to 32 generated tokens. AdamW uses
(β1, β2) = (0.9, 0.999) and ϵ = 10−8, with a constant
learning rate after warmup. We evaluate every 100 opti-
mization steps and use early stopping with patience 8 and a
minimum improvement of 10−3. Training is capped at 200
epochs, uses random seed 0, and accumulates the effective
batch one image at a time. Table 4 summarizes the complete
training configuration.

Compute and latency. Training is performed on a single
8-GPU H100-class node, with one GPU used for optimiza-
tion and the remaining GPUs parallelizing validation. The
reported model finishes training in under one day. For la-
tency, we evaluate 500 DIV2K images on one H100 with
batch size 1, CUDA synchronization around each stage, and
three discarded warm-up samples. As shown in Table 5,
ORACLE ZOOM requires 1.505 s per recursive step com-
pared with 1.486 s for CoZ. The additional cost comes en-
tirely from the LoRA-adapted SR pass, while prompt ex-
traction remains unchanged. Since each recursive input
is resampled to 512×512, the per-step cost remains ap-
proximately constant across 4×–256×. Merging the linear
LoRA weights into the backbone reduces the SR latency to
within 0.001 s of CoZ.

Hyperparameter Value

Backbone & prompter (both frozen)
SR backbone OSEDiff on SD3-medium
Prompter (VLM) Qwen2.5-VL-3B-Instruct + CoZ adapter
Prompt length 32 max new tokens

LoRA adapter (only trainable weights)
Placement SD3 transformer (MMDiT)
Rank r 16
α (scaling) 32 (= 2r)
Dropout 0.0

Target modules
to_q,to_k,to_v,add_q_proj,
add_k_proj,add_v_proj

Trainable parameters 7.1M

Optimization
Optimizer AdamW (β1=0.9, β2=0.999, ϵ=10−8)
Learning rate 5× 10−5

Weight decay 10−2

LR schedule linear warmup (500 steps) then constant
Effective batch size 4 (accumulated one image at a time)
Max epochs 200 (cap)

Early stopping
patience 8 evaluations,
min-delta 10−3, eval every 100 steps

Seed 0

Training objectives
4× supervision λsup 1.0
Cross-scale consistency λxscale 1.0
Quality objective λqual 0.4
Latent prior λprior 8.0
EMA consistency λema 0.1
EMA decay 0.95
Quality model TOPIQ-NR
Latent reference base SR model (adapter off)

Data & protocol
Training set 1,000-image curated tier
Validation set held-out set, 2,000 images
Supervision scale 4× only (GT)
Training recursion 4× → 16×
Crop size 512× 512
Recursions at test 4 (4×/16×/64×/256×)

Table 4. Training configuration for ORACLE ZOOM. Only the
rank-16 LoRA adapter is optimized; the SR backbone, VAE de-
coder, VLM prompter, quality model, and base SR model remain
frozen.

per recursion step SR PE total

CoZ (the blind baseline) 0.152 1.334 1.486
Ours (as evaluated) 0.171 1.334 1.505
Ours, adapter merged 0.153 1.347 1.500

Table 5. Inference latency per recursive step on 500 DIV2K
images using one H100. ORACLE ZOOM adds only 0.019 s to
the SR stage over CoZ, while merging the LoRA adapter reduces
the SR-stage gap to 0.001 s.

Judge protocol. For the pairwise faithfulness evalua-
tion [55], each item contains an anchor and two same-region
candidate zooms, with candidate order randomized inde-
pendently for every item [39]. Each image carries an ex-
plicit ANCHOR, A, or B label, and the judge first reports
these labels before returning its comparison. At 4×, the
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Scale ours CoZ tie abst. win-rate [95% CI]
4× 29 29 54 8 0.50 [0.38, 0.63]
16× 60 53 6 1 0.53 [0.44, 0.62]
64× 77 37 6 0 0.68 [0.59, 0.75]
256× 91 25 4 0 0.78 [0.70, 0.85]

Table 6. Pairwise faithfulness evaluation across recursion
depth. ORACLE ZOOM and CoZ are comparable at 4× and 16×,
while ORACLE ZOOM is preferred at 64× and 256×. Win rates
use decided comparisons only; brackets show Wilson 95% confi-
dence intervals.

Supervision LPIPS ↓ DISTS ↓ DINOv2 ↑

CoZ (baseline) 0.2092 0.1585 0.9173
Latent MSE 0.2425 0.1936 0.9049
Decode-space LPIPS 0.1707 0.1407 0.9439

Table 7. Where to apply target-available supervision at 4×.
Decode-space LPIPS improves LPIPS, DISTS, and DINOv2 sim-
ilarity over CoZ, whereas direct latent-space MSE degrades fi-
delity.

Reference LPIPS ↓ DISTS ↓ DINOv2 ↑ FID ↓ TOPIQ-FR ↑

Exact GT 0.178 0.145 0.945 41.1 0.641
Mildly degraded 0.183 0.146 0.942 42.3 0.633
Combined 0.188 0.147 0.940 44.8 0.621
CoZ (baseline) 0.234 0.164 0.908 60.7 0.548

Table 8. Effect of reference quality at 4×. Exact ground truth
gives the strongest fidelity, while a mildly degraded reference re-
tains most of the improvement over CoZ.

anchor is the ground-truth patch, whereas from 16× on-
ward the preceding zoom serves as the observable reference.
The output contains a comparison in {A,B,tie} together
with separate hallucination indicators for the two candi-
dates. Unparseable outputs are recorded as abstentions, and
win rates are computed only over decided comparisons [48].
Table 6 reports the raw counts and Wilson 95% confidence
intervals. Figures 7 and 8 reproduce the exact rubrics used
at 4× and at deeper scales, respectively [52].

C. Additional Results and Analysis
C.1. Analysis
We further examine the target-available supervision, refer-
ence quality, and choice of no-reference quality model.

Target-available supervision. Table 7 compares super-
vision in latent and image space at 4×. Latent MSE per-
forms worse than CoZ on all three fidelity metrics, whereas
decode-space LPIPS substantially improves LPIPS, DISTS,
and DINOv2 similarity. This supports applying Lsup after
decoding rather than directly matching latent features.

Rubric at 4× (anchor = ground truth)

You are judging fidelity of 4x super-resolution. You are given THREE
images. Each has a LABEL printed in a black bar at its top-left: ’ANCHOR’,
’A’, or ’B’. Use ONLY the printed label to identify each image; do not rely
on send order.

ANCHOR is the ground-truth high-resolution image of a region. A and B are
two candidate super-resolutions of the SAME region by two different
methods. The better candidate MATCHES the ground-truth ANCHOR more
closely in structure and texture; a candidate HALLUCINATES if it shows
detail that is ABSENT from or CONTRADICTS the ground truth.

First, in ’saw’, state the printed label on each of the three images, to prove
you can distinguish them. Then answer which candidate matches the ground
truth better.

Answer with strict JSON only:

{"saw": "anchor=..., A=..., B=...",
"winner": "A" | "B" | "tie",
"A_hallucinates": true|false,
"B_hallucinates": true|false,
"reason": "<short>"}

Figure 7. The rubric used for pairwise judging at 4×, with the
target high-resolution image as the anchor.

Rubric at 16× and deeper (anchor = previous zoom level)

You are judging faithfulness of extreme image super-resolution. You are given
THREE images. Each image has a LABEL printed in a black bar at its
top-left: ’ANCHOR’, ’A’, or ’B’. Use ONLY that printed label to identify
each image; do not rely on the order they were sent.

ANCHOR is a lower zoom level. A and B are two candidate higher-zoom
(magnified) versions of the SAME central region of ANCHOR, produced by
two different methods. A faithful zoom adds fine detail CONSISTENT with
the anchor; an unfaithful one HALLUCINATES structures, textures, or
objects that contradict or are not implied by the anchor.

First, in ’saw’, briefly state what the printed label on each of the three
images is, to prove you can distinguish them. Then answer which candidate is
the more FAITHFUL zoom of the anchor (hallucinates less).

Answer with strict JSON only:

{"saw": "anchor=..., A=..., B=...",
"winner": "A" | "B" | "tie",
"A_hallucinates": true|false,
"B_hallucinates": true|false,
"reason": "<short>"}

Figure 8. The rubric used for pairwise judging at 16× and deeper,
with the previous zoom level as the anchor.

Reference quality. Table 8 examines how the quality
of the available reference affects supervision. The exact
ground-truth reference performs best. A mildly degraded
reference remains close and still improves substantially
over CoZ. Combining the exact and degraded references is
slightly weaker than using the exact target alone.

Quality model. Table 9 compares TOPIQ-NR with Hy-
perIQA and a Laplacian sharpness measure. TOPIQ-NR
gives the highest mean CLIPIQA and CLIPIQA at 256×,
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Figure 9. Effect of the no-reference quality objective across 4–256×. Two 4KLSDB examples compare TOPIQ-NR, HyperIQA, and
Laplacian sharpness with all other settings fixed. TOPIQ-NR better retains fine-scale structure at deeper zooms, consistent with Table 9;
colored boxes mark the region enlarged at the next step.

No-reference quality Fidelity @4× (GT) Coherence Quality score Hallucination

Quality model CLIPIQA↑ CQ256 ↑ LPIPS↓ DISTS↓ DINO4× ↑ Coher.↑ TOPIQ256 ↑ Halluc.↓

Ours (TOPIQ-NR) 0.711 0.707 0.199 0.160 0.916 0.792 0.585 0.221

HyperIQA 0.680 −0.031 0.680 −0.027 0.197 0.158 0.917 0.816 +0.024 0.553 0.203
Laplacian 0.610 −0.100 0.579 −0.128 0.201 0.158 0.914 0.808 +0.016 0.467 0.247

Table 9. Choice of no-reference quality model. TOPIQ-NR gives the strongest overall and 256× no-reference quality, while all three
choices give similar 4× fidelity. HyperIQA slightly improves coherence, whereas Laplacian sharpness substantially reduces deep-zoom
quality. Hallucination differences between the three variants are not significant.

while all three choices give similar 4× fidelity. HyperIQA
slightly improves coherence but reduces mean CLIPIQA by
0.031 and 256× quality by 0.027. The Laplacian variant
reduces these quantities by 0.100 and 0.128, respectively.
Hallucination differences between the three variants are not
significant. Figure 9 shows the corresponding qualitative
behavior, with the Laplacian variant losing fine structure
and HyperIQA producing less realistic textures in these ex-
amples. Despite its slightly better coherence in Table 9,
HyperIQA adds repetitive textures across the zoom scales
shown in Figure 9, whereas ORACLE ZOOM does not.

Per-dataset fidelity. Table 10 expands the 4× fidelity
evaluation to all four datasets with high-resolution targets.
ORACLE ZOOM gives the strongest LPIPS and DISTS on
4KLSDB and the strongest LPIPS, DISTS, and DINOv2
similarity on DIV8K. Results are more mixed on DRealSR
and RealSR. The largest fidelity gains occur on the high-
resolution photographic datasets.

C.2. Results

We complement the aggregate results in the main paper with
a per-dataset quantitative breakdown and qualitative recur-
sive zoom examples across all seven test sets.

Quantitative Results across datasets. Tables 11 to 17
report the complete per-scale no-reference results on all
seven test sets. ORACLE ZOOM achieves the highest CLIP-
IQA at every scale on every dataset. At 4×, differences
in MUSIQ and MANIQA are smaller, and these metrics
sometimes favor another method. This is consistent with
the target-available objective, which emphasizes agreement
with ground truth in stead of no-reference quality alone.
The separation becomes clearer once recursion proceeds be-
yond the target-available scale.

On 4KLSDB (Table 11), ORACLE ZOOM improves
CLIPIQA from 0.638 at 4× to 0.658 at 16× and remains
above CoZ through 256×, while also leading MUSIQ and
MANIQA from 16× onward. On DIV2K (Table 12), the
advantage generalizes outside the training domain: ORA-
CLE ZOOM reaches 0.737 CLIPIQA at 16× and remains
strongest through 256×. A similar pattern appears on
DIV8K (Table 13), where ORACLE ZOOM leads CLIPIQA
at all four scales and MUSIQ and MANIQA at every target-
unavailable scale. These results show that the improvement
is not limited to the 4KLSDB training domain.

The real-camera datasets show the same deeper-scale
trend. On DRealSR (Table 14), ORACLE ZOOM rises from
0.704 CLIPIQA at 4× to 0.739 at 16× and remains ahead
of CoZ at deeper scales. On RealSR (Table 17), where
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4KLSDB DIV8K DRealSR RealSR

Method LPIPS↓ DISTS↓ DINO↑ LPIPS↓ DISTS↓ DINO↑ LPIPS↓ DISTS↓ DINO↑ LPIPS↓ DISTS↓ DINO↑

HiT-SR [93] 0.408 0.231 0.907 0.448 0.265 0.894 0.322 0.223 0.920 0.186 0.169 0.927
MambaIR [20] 0.412 0.233 0.903 0.449 0.268 0.897 0.326 0.225 0.916 0.185 0.169 0.928
SwinIR [40] 0.280 0.184 0.927 0.320 0.210 0.919 0.197 0.174 0.930 0.115 0.131 0.886
SeeSR [83] 0.260 0.174 0.917 0.263 0.174 0.917 0.177 0.156 0.928 0.164 0.151 0.885
OSEDiff [82] 0.335 0.215 0.793 0.380 0.243 0.788 0.318 0.231 0.805 0.310 0.223 0.729
CoZ [31] 0.248 0.186 0.887 0.238 0.166 0.910 0.183 0.158 0.900 0.193 0.170 0.860
Ours 0.169 0.142 0.925 0.223 0.161 0.930 0.182 0.161 0.917 0.220 0.176 0.890

Table 10. Full-reference fidelity at 4× on the four datasets with genuine high-resolution targets. ORACLE ZOOM performs best on
4KLSDB and DIV8K, while results are more mixed on the real-camera DRealSR and RealSR sets. Best is bold; second-best is underlined.

the earlier-scale differences are smaller, the gap increases
with recursion and reaches 0.667 versus 0.540 CLIPIQA at
256×. This shows that the benefit of ORACLE ZOOM per-
sists under real-camera degradations.

The same behavior extends to different image con-
tent. On FFHQ (Table 15), ORACLE ZOOM gives the
largest 256× CLIPIQA margin over CoZ, reaching 0.771
versus 0.579, while preserving the strongest MUSIQ and
MANIQA at deeper scales. On Flickr2K (Table 16), OR-
ACLE ZOOM again leads CLIPIQA at every scale and
leads the other learned no-reference metrics from 16× on-
ward, except MANIQA at 16× by only 0.001. Thus, the
gains hold across faces, natural scenes, high-resolution pho-
tographs, and real-camera images.

The differences are most pronounced at 64× and 256×,
after several recursive SR steps. At 256×, the CLIPIQA
margin over CoZ ranges from 0.102 on DIV8K to 0.192
on FFHQ and exceeds 0.10 on every dataset. This is sub-
stantially larger than the separation near the supervision
boundary, showing that the benefit becomes more visible
as predictions are repeatedly reused as inputs. NIQE is less
consistent across methods, while CLIPIQA, MUSIQ, and
MANIQA consistently favor ORACLE ZOOM at deeper
scales. Overall, the seven per-dataset tables support the
same conclusion: reference-constrained training becomes
increasingly useful for recursive SR beyond supervision.

Qualitative Results across datasets. Figures 10 to 16
show complete 4× → 16× → 64× → 256× recursive
zooms across all seven datasets. A consistent failure pat-
tern emerges as recursion deepens. OSEDiff often replaces
the original material with regular synthetic textures before
becoming increasingly flat, while CoZ more often preserves
the coarse region but gradually loses its material structure.

On 4KLSDB (Figure 10), the zoom follows a waffle-knit
garment. OSEDiff flattens the fabric and introduces a reg-
ular grid, while CoZ stretches the folds into striations that
no longer resemble the original knit. ORACLE ZOOM bet-
ter preserves the fold relief and interlocking knit structure
through the deeper zooms. On DIV2K (Figure 11), OSED-
iff turns the hanging market cloth into smooth regions and

regular dots, while CoZ approaches a nearly uniform gradi-
ent. ORACLE ZOOM retains more of the visible weave,
fiber structure, and seam boundaries through 256×. On
DIV8K (Figure 12), the carved folds of a sandstone statue
expose a different failure mode: OSEDiff develops mesh-
like and brick-like patterns, while CoZ turns the surface in-
creasingly smooth and waxy. ORACLE ZOOM maintains
and sharpens both the carved relief and irregular stone grain.

The real-camera examples show a similar trend. On
DRealSR (Figure 13), both baselines progressively lose the
granular surface of an unglazed stoneware planter and ap-
proach a nearly uniform field. ORACLE ZOOM retains sub-
stantially more irregular surface variation and directional
grain at the deepest scale. On RealSR (Figure 16), the meth-
ods remain closer at the earlier zooms, making this a more
difficult example. At 256×, however, OSEDiff and CoZ
become largely flat, while ORACLE ZOOM still preserves
visible garment structure and fine fabric variation.

The pattern also extends beyond rigid materials. On
FFHQ (Figure 14), OSEDiff introduces a regular canvas-
like texture and color smearing, while CoZ produces in-
creasingly smooth skin with isolated artificial structures.
ORACLE ZOOM preserves more connected local skin vari-
ation and pore-like detail as magnification increases. On
Flickr2K (Figure 15), OSEDiff first introduces repeated tex-
ture and later becomes smooth, while CoZ progressively
fragments the dried seed pods. ORACLE ZOOM better pre-
serves the pod boundaries, curled husk structure, and nearby
leaf blades throughout the recursive chain.

Across these examples, the differences are most visi-
ble at 64× and 256×, where earlier prediction errors have
passed through several recursive steps. The qualitative re-
sults also show that the benefit is not limited to one material
type: it appears on fabric, carved stone, pottery, skin, veg-
etation, and real-camera clothing images. These examples
do not establish exact recovery of unseen high-frequency
detail, since ground truth is unavailable at the deeper scales.
Instead, they show whether newly generated detail remains
compatible with visual structures already present in the pre-
ceding zooms. Overall, the qualitative evidence matches
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Scale Method NIQE↓ MUSIQ↑ MANIQA↑ CLIPIQA↑

4×

HiT-SR [93] 8.76 40.1 0.396 0.396
MambaIR [20] 8.68 41.2 0.405 0.412
SwinIR [40] 6.02 51.3 0.500 0.465
SeeSR [83] 5.44 63.5 0.569 0.615
OSEDiff [82] 5.00 60.3 0.559 0.608
CoZ [31] 5.74 64.4 0.582 0.623
Ours 6.00 59.8 0.556 0.638

16×

HiT-SR [93] 14.13 19.7 0.333 0.370
MambaIR [20] 14.42 20.4 0.333 0.389
SwinIR [40] 7.34 28.4 0.427 0.454
SeeSR [83] 7.81 47.8 0.507 0.552
OSEDiff [82] 6.10 51.9 0.531 0.586
CoZ [31] 8.08 52.3 0.551 0.578
Ours 7.16 54.8 0.556 0.658

64×

HiT-SR [93] 16.69 23.8 0.388 0.455
MambaIR [20] 17.82 23.3 0.388 0.469
SwinIR [40] 9.02 26.5 0.489 0.477
SeeSR [83] 9.83 37.3 0.495 0.497
OSEDiff [82] 7.20 46.2 0.531 0.533
CoZ [31] 9.54 45.7 0.555 0.544
Ours 8.47 50.8 0.579 0.651

256×

HiT-SR [93] 17.81 26.2 0.428 0.494
MambaIR [20] 18.97 26.0 0.426 0.509
SwinIR [40] 10.77 28.5 0.495 0.467
SeeSR [83] 11.56 33.7 0.503 0.496
OSEDiff [82] 8.18 42.6 0.525 0.502
CoZ [31] 10.41 44.1 0.555 0.538
Ours 9.31 49.3 0.589 0.664

Table 11. Per-scale no-reference quality on 4KLSDB. ORACLE
ZOOM achieves the highest CLIPIQA at every scale and the best
MUSIQ and MANIQA from 16× onward. Best is bold; second-
best is underlined.

the quantitative trend: the methods are relatively close near
the supervision boundary, while the advantage of ORACLE
ZOOM becomes increasingly visible as recursion proceeds
deeper with higher magnifications or bigger zooms.

Input 4× 16× 64× 256×
OSEDiff

CoZ
O
racle

Zoom
Ours

Figure 10. Qualitative results on 4KLSDB across 4–256×. The
zoom follows a waffle-knit garment. OSEDiff progressively flat-
tens the fabric into a nearly uniform field with regular grid-like
texture, while CoZ stretches the folds into vertical bands. ORA-
CLE ZOOM better preserves the fold relief and interlocking knit
structure as recursion deepens; colored boxes mark the region en-
larged at the next step.

Scale Method NIQE↓ MUSIQ↑ MANIQA↑ CLIPIQA↑

4×

HiT-SR [93] 7.89 39.2 0.403 0.374
MambaIR [20] 7.81 40.6 0.419 0.386
SwinIR [40] 5.66 51.0 0.510 0.458
SeeSR [83] 4.70 64.3 0.608 0.619
OSEDiff [82] 4.93 59.5 0.585 0.638
CoZ [31] 4.65 66.9 0.633 0.699
Ours 4.46 66.5 0.638 0.735

16×

HiT-SR [93] 13.11 18.4 0.310 0.312
MambaIR [20] 13.28 19.2 0.312 0.329
SwinIR [40] 6.78 29.0 0.391 0.401
SeeSR [83] 6.50 51.8 0.523 0.540
OSEDiff [82] 5.96 53.0 0.545 0.605
CoZ [31] 6.29 58.5 0.595 0.652
Ours 5.82 61.6 0.599 0.737

64×

HiT-SR [93] 16.52 21.8 0.367 0.408
MambaIR [20] 17.10 21.6 0.366 0.419
SwinIR [40] 8.09 23.2 0.478 0.465
SeeSR [83] 8.98 42.0 0.502 0.517
OSEDiff [82] 7.30 47.7 0.536 0.576
CoZ [31] 7.86 52.1 0.581 0.623
Ours 7.12 56.0 0.597 0.727

256×

HiT-SR [93] 17.64 26.3 0.421 0.480
MambaIR [20] 18.47 26.2 0.418 0.493
SwinIR [40] 9.96 27.4 0.504 0.466
SeeSR [83] 11.16 36.3 0.502 0.497
OSEDiff [82] 8.53 43.7 0.528 0.543
CoZ [31] 9.24 48.3 0.576 0.599
Ours 8.30 51.8 0.595 0.703

Table 12. Per-scale no-reference quality on DIV2K. ORACLE
ZOOM achieves the highest CLIPIQA at every scale and leads
MUSIQ and MANIQA from 16× onward. Best is bold; second-
best is underlined.
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Figure 11. Qualitative results on DIV2K across 4–256×. The
zoom follows hanging cloth on a market stall. OSEDiff gradu-
ally loses the garment structure and produces a flat texture, while
CoZ smooths the region into a largely uniform gradient. ORA-
CLE ZOOM better preserves the visible weave, fiber structure, and
seam-like boundaries through the deeper zooms; colored boxes
mark the next enlarged region.

Scale Method NIQE↓ MUSIQ↑ MANIQA↑ CLIPIQA↑

4×

HiT-SR [93] 8.05 37.1 0.395 0.366
MambaIR [20] 8.00 38.5 0.412 0.377
SwinIR [40] 5.85 49.4 0.512 0.447
SeeSR [83] 4.66 63.9 0.612 0.610
OSEDiff [82] 4.88 60.6 0.596 0.639
CoZ [31] 4.67 67.0 0.638 0.697
Ours 4.48 67.3 0.648 0.736

16×

HiT-SR [93] 13.27 19.0 0.314 0.318
MambaIR [20] 13.42 19.8 0.315 0.334
SwinIR [40] 7.21 29.2 0.388 0.391
SeeSR [83] 6.49 53.0 0.528 0.535
OSEDiff [82] 5.79 53.5 0.550 0.611
CoZ [31] 6.32 58.9 0.602 0.663
Ours 5.85 61.6 0.605 0.735

64×

HiT-SR [93] 16.55 22.0 0.370 0.408
MambaIR [20] 17.09 21.8 0.369 0.418
SwinIR [40] 8.62 22.9 0.474 0.460
SeeSR [83] 8.89 43.8 0.509 0.524
OSEDiff [82] 7.04 47.7 0.537 0.580
CoZ [31] 7.78 52.0 0.584 0.630
Ours 7.23 55.6 0.597 0.726

256×

HiT-SR [93] 17.52 26.3 0.419 0.487
MambaIR [20] 18.43 26.4 0.417 0.497
SwinIR [40] 10.01 27.3 0.504 0.473
SeeSR [83] 10.79 37.6 0.505 0.510
OSEDiff [82] 8.25 44.0 0.528 0.551
CoZ [31] 8.83 48.6 0.577 0.608
Ours 8.07 51.8 0.593 0.710

Table 13. Per-scale no-reference quality on DIV8K. ORACLE
ZOOM achieves the highest CLIPIQA at every scale and leads
MUSIQ and MANIQA from 16× onward. Best is bold; second-
best is underlined.
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Figure 12. Qualitative results on DIV8K across 4–256×. The
zoom follows the carved folds of a sandstone statue. OSEDiff
introduces regular mesh-like patterns, while CoZ smooths the sur-
face into broad wavy structures. ORACLE ZOOM better retains
the carved relief and irregular stone texture across recursion; col-
ored boxes mark the next enlarged region.

Scale Method NIQE↓ MUSIQ↑ MANIQA↑ CLIPIQA↑

4×

HiT-SR [93] 8.72 41.0 0.429 0.377
MambaIR [20] 8.63 42.8 0.446 0.382
SwinIR [40] 6.51 54.6 0.542 0.482
SeeSR [83] 5.85 66.9 0.640 0.639
OSEDiff [82] 5.59 59.3 0.587 0.636
CoZ [31] 6.14 67.2 0.642 0.670
Ours 5.71 67.1 0.642 0.704

16×

HiT-SR [93] 13.37 19.5 0.321 0.354
MambaIR [20] 13.73 20.6 0.322 0.375
SwinIR [40] 7.37 35.9 0.398 0.435
SeeSR [83] 7.34 57.2 0.540 0.583
OSEDiff [82] 6.57 52.3 0.523 0.608
CoZ [31] 7.28 59.2 0.574 0.649
Ours 6.63 61.9 0.580 0.739

64×

HiT-SR [93] 16.60 22.4 0.359 0.420
MambaIR [20] 17.20 22.0 0.359 0.432
SwinIR [40] 8.43 26.4 0.466 0.462
SeeSR [83] 9.31 48.0 0.514 0.553
OSEDiff [82] 7.99 46.0 0.525 0.582
CoZ [31] 8.22 53.1 0.563 0.634
Ours 7.29 55.7 0.580 0.735

256×

HiT-SR [93] 17.95 25.1 0.411 0.477
MambaIR [20] 18.78 24.8 0.409 0.492
SwinIR [40] 10.51 27.1 0.487 0.459
SeeSR [83] 11.94 36.6 0.490 0.505
OSEDiff [82] 9.03 41.8 0.522 0.542
CoZ [31] 9.27 48.1 0.572 0.590
Ours 8.04 52.8 0.595 0.709

Table 14. Per-scale no-reference quality on DRealSR. ORACLE
ZOOM achieves the highest CLIPIQA at every scale and leads
MUSIQ and MANIQA throughout the target-unavailable zooms.
Best is bold; second-best is underlined.
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Figure 13. Qualitative results on DRealSR across 4–256×. The
zoom follows the surface of an unglazed stoneware planter. Both
baselines progressively lose the original surface variation and ap-
proach a nearly flat field at deeper scales. ORACLE ZOOM retains
a granular, directionally varying surface structure through 256×;
colored boxes mark the region enlarged at the next step.

Scale Method NIQE↓ MUSIQ↑ MANIQA↑ CLIPIQA↑

4×

HiT-SR [93] 9.55 42.4 0.407 0.542
MambaIR [20] 9.44 42.8 0.407 0.561
SwinIR [40] 5.56 52.1 0.503 0.570
SeeSR [83] 4.79 65.6 0.597 0.709
OSEDiff [82] 4.76 64.2 0.594 0.726
CoZ [31] 5.22 65.6 0.616 0.741
Ours 5.48 66.8 0.611 0.777

16×

HiT-SR [93] 15.95 22.2 0.327 0.358
MambaIR [20] 16.11 21.7 0.325 0.362
SwinIR [40] 6.93 27.8 0.482 0.478
SeeSR [83] 7.76 43.8 0.509 0.523
OSEDiff [82] 6.40 50.4 0.556 0.536
CoZ [31] 7.46 47.3 0.561 0.541
Ours 7.01 51.2 0.584 0.692

64×

HiT-SR [93] 17.93 29.2 0.393 0.508
MambaIR [20] 18.60 28.3 0.390 0.518
SwinIR [40] 8.16 35.1 0.514 0.470
SeeSR [83] 10.59 39.5 0.506 0.514
OSEDiff [82] 6.92 53.0 0.554 0.516
CoZ [31] 7.78 50.2 0.572 0.554
Ours 7.74 54.7 0.606 0.736

256×

HiT-SR [93] 17.85 29.9 0.438 0.523
MambaIR [20] 19.13 29.8 0.433 0.530
SwinIR [40] 9.20 34.5 0.513 0.467
SeeSR [83] 12.66 38.6 0.506 0.541
OSEDiff [82] 7.35 52.4 0.552 0.514
CoZ [31] 8.10 51.4 0.585 0.579
Ours 8.78 56.0 0.617 0.771

Table 15. Per-scale no-reference quality on FFHQ. ORACLE
ZOOM achieves the highest CLIPIQA at every scale and leads
MUSIQ and MANIQA from 16× through 256×. Best is bold;
second-best is underlined.
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Figure 14. Qualitative results on FFHQ across 4–256×. The
zoom moves from the nose bridge toward the cheek. OSEDiff de-
velops a regular canvas-like pattern and color smearing, while CoZ
produces increasingly smooth skin with isolated artificial-looking
structures. ORACLE ZOOM better preserves connected skin tex-
ture and local pore-like variation as recursion deepens; colored
boxes mark the region enlarged at the next step.

Scale Method NIQE↓ MUSIQ↑ MANIQA↑ CLIPIQA↑

4×

HiT-SR [93] 7.95 36.4 0.402 0.362
MambaIR [20] 7.88 37.6 0.418 0.367
SwinIR [40] 5.74 49.0 0.513 0.427
SeeSR [83] 4.62 63.2 0.611 0.590
OSEDiff [82] 4.81 59.5 0.587 0.620
CoZ [31] 4.64 66.8 0.642 0.685
Ours 4.45 66.4 0.645 0.722

16×

HiT-SR [93] 13.12 17.8 0.306 0.301
MambaIR [20] 13.29 18.5 0.309 0.319
SwinIR [40] 6.78 27.1 0.378 0.375
SeeSR [83] 6.46 50.4 0.512 0.509
OSEDiff [82] 5.57 53.5 0.543 0.597
CoZ [31] 6.08 58.8 0.602 0.656
Ours 5.63 61.9 0.601 0.735

64×

HiT-SR [93] 16.44 21.4 0.362 0.394
MambaIR [20] 17.01 21.2 0.362 0.403
SwinIR [40] 8.06 22.5 0.476 0.459
SeeSR [83] 8.40 42.5 0.500 0.511
OSEDiff [82] 6.72 48.4 0.542 0.571
CoZ [31] 7.51 52.8 0.583 0.629
Ours 6.85 57.0 0.598 0.730

256×

HiT-SR [93] 17.50 26.1 0.417 0.479
MambaIR [20] 18.31 26.1 0.415 0.489
SwinIR [40] 9.05 28.4 0.510 0.454
SeeSR [83] 10.45 37.7 0.503 0.500
OSEDiff [82] 8.02 45.7 0.540 0.556
CoZ [31] 8.40 50.5 0.582 0.602
Ours 7.73 54.1 0.599 0.719

Table 16. Per-scale no-reference quality on Flickr2K. ORACLE
ZOOM achieves the highest CLIPIQA at every scale and leads
MUSIQ and MANIQA from 16× onward, except MANIQA at
16× by 0.001. Best is bold; second-best is underlined.
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Figure 15. Qualitative results on Flickr2K across 4–256×. The
zoom follows dried seed pods surrounded by grass. OSEDiff in-
troduces regular repeated texture before becoming increasingly
smooth, while CoZ fragments and smears the pod structure at
deeper scales. ORACLE ZOOM better preserves the pod bound-
aries, curled husk structure, and nearby leaf blades through the
recursive zoom; colored boxes mark the next enlarged region.

Scale Method NIQE↓ MUSIQ↑ MANIQA↑ CLIPIQA↑

4×

HiT-SR [93] 9.22 34.7 0.372 0.346
MambaIR [20] 9.29 35.0 0.381 0.364
SwinIR [40] 6.78 50.4 0.510 0.447
SeeSR [83] 6.41 61.1 0.588 0.557
OSEDiff [82] 5.83 57.7 0.578 0.612
CoZ [31] 6.18 64.3 0.619 0.643
Ours 5.95 63.5 0.602 0.687

16×

HiT-SR [93] 13.95 19.5 0.320 0.360
MambaIR [20] 14.45 19.6 0.322 0.377
SwinIR [40] 7.20 33.3 0.422 0.439
SeeSR [83] 7.70 52.5 0.527 0.533
OSEDiff [82] 6.75 53.7 0.543 0.603
CoZ [31] 7.60 57.3 0.578 0.626
Ours 6.92 59.4 0.580 0.702

64×

HiT-SR [93] 16.65 23.8 0.387 0.457
MambaIR [20] 17.30 23.5 0.387 0.470
SwinIR [40] 8.31 25.6 0.484 0.470
SeeSR [83] 10.34 44.2 0.499 0.513
OSEDiff [82] 7.64 47.0 0.527 0.557
CoZ [31] 8.66 50.0 0.560 0.585
Ours 7.86 54.0 0.575 0.708

256×

HiT-SR [93] 17.58 26.2 0.429 0.479
MambaIR [20] 18.67 25.9 0.429 0.495
SwinIR [40] 10.78 28.4 0.497 0.454
SeeSR [83] 12.27 34.2 0.495 0.490
OSEDiff [82] 8.39 43.1 0.521 0.517
CoZ [31] 9.83 45.2 0.556 0.540
Ours 8.72 49.1 0.585 0.667

Table 17. Per-scale no-reference quality on RealSR. ORACLE
ZOOM achieves the highest CLIPIQA at every scale and leads
MUSIQ and MANIQA throughout the target-unavailable zooms.
Best is bold; second-best is underlined.
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Figure 16. Qualitative results on RealSR across 4–256×. The
zoom follows a garment hanging on a clothing rack. At deeper
scales, OSEDiff and CoZ increasingly reduce the garment to
smooth or regularly patterned regions. ORACLE ZOOM retains
more of the garment structure and fine fabric variation, with the
clearest difference appearing at 256×; colored boxes mark the re-
gion enlarged at the next step.
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