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Figure 1.gQIR: Photorealistic single image and burst reconstruction from ultra high—speed color SPADs Our pipeline reconstructs
high-quality RGB images from 3-bit color-SPAD CFA nano-bursts (left) and merges SPAD photon cubes into temporally consistent bursts
(right). From photon-starved inputs captured at 10k-50k fps in extreme, out-of-domain scenes, gQIR recovers sharp textures, accurate
color, and coherent structure by leveraging a generative prior. For burst sequences up to 100k fps, FusionViT aligns and dynamically
merges quanta latents, outperforming traditional and learning-based methods in both delity and perceptualness under motion.

formation or ultra—high-speed conditions. ¢ A learning-based method to jointly denoise, demosaic,
To address these challenges, we propose a modular and align bursts from color single-photon sensors, and

three-stage framework that adapts latent diffusion models a latent-space spatio-temporal transformer that enhances

for quanta burst reconstruction. The rst stage jointly de- temporal consistency and mitigates content drift.

noises and demosaics single or nano-burst quanta frames The rst real-world color SPAD burst dataset and a new

by netuning the variational autoencoder (VAE) for la- eXtreme motion + Deforming (XD) video dataset.

tent space alignment while mitigating catastrophic forget- This work takes a rst step toward adapting internet-scale
ting [26]. The second stage enhances perceptual delity generative priors to photon-limited sensing with quanta
through adversarial netuning of the Low-rank adaptated cameras, enabling high-quality color and monochrome re-

(LoRA [18]) latent U-Net. Finally, the third stage extends constructions under ultra high-speed motion.
the framework to bursts by generalizing the classical align-
v 9 g g 2. Related Work

and-merge operation to latent space. A lightweight spatio-
temporal transformer [74] re nes the center-frame latent Denoising for Conventional Cameras State-of-the-art de-
using context from surrounding frames, thereby mitigating noising networks [7, 73] set strong baselines for conven-
temporal artifacts such as icker and content drift. tional image restoration. NAFNet [7] adopts a minimal-

A key design goal of our method is to reconcile two com- ist residual design without nonlinear activations, prioritiz-
plementary paradigms in image reconstruction. Classicaling spatial delity and ef ciency, while Restormer [73]
guanta burst pipelines follow an align-and-merge strategy employs transformer-based long-range modeling to capture
(e.g., QBP, QUIVER). In contrast, recent generative image complex noise characteristics. Although effective on Pois-
restoration methods leverage large pretrained text-to-imageson—Gaussian noise typical of standard sensors, these mod-
models as strong natural-image priors but typically operateels are not directly applicable to SPAD imagery, where pho-
on a single frame. Our approach uni es these perspectiveston shot noise, binary quantization, and extreme sparsity
Main contributions are as follows: fundamentally alter the noise distribution. To provide repre-

« A modular approach that adapts large-scale generativesentative baselines, we adapt and netune both architectures
priors (e.g., Stable Diffusion [47]) to the extreme regime for SPAD denoising and demosaicing.
of quanta burst reconstruction. Quanta Burst Reconstruction. Quanta Burst Photography



Figure 2.0Overview of gQIR. Three-stage framework for quanta burst reconstruction: (S1) a quanta-aligned VAE for joint denoising and
demosaicing of SPAD nano-bursts, (S2) an adversarially netuned LoRA [18] latent U-Net initialized with Stable Diffusion [47] weights
for perceptual enhancement, and (S3) a latent burst FusionViT for motion-aware spatio-temporal fusion of burst of nano-burst inputs.

(QBP) [78] introduced an of ine burst-denoising pipeline space of a pretrained diffusion model to a target degrada-
combining block-matching temporal alignment with frame tion via lightweight netuning or adapters. Unlike conven-
merging and Wiener Itering. A subsequent work [37] ex- tional diffusion sampling pipelines, our method performs
tended this framework to color, analyzing Iter design for deterministic single-step restoration. The generative prior is
SPAD sensors and proposing a color-QBP variant to re-incorporated through LoRA-adapted diffusion weights and
construct RGB images from mosaiced bursts. Later recon-adversarial training, allowing reconstructions to follow the
struction methods incorporated learned components whilelearned natural-image manifold without iterative sampling.
retaining the align-and-merge philosophy. QUIVER [8] 3. Methodology

uses an 11-frame window of 3-bit bursts, applying light pre- . ; L
. . . S Our architecture is structured as a 3-stage pipeline to pro-
denoising to stabilize optical- ow estimation (SpyNet [46]) . )
) ; .. gressively bridge the gap between sparse photon mea-
before recurrent fusion, while QuDI [9] replaces QUIVER's ; i
surements and natural-image priors. Stage 1 produces

recurrent denoiser with a time-conditioned U-Net, unrolling measurement-consistent latent codes by adapting the VAE
mljgn?aDa?]ZM(;;ge rglcgnz:zqcliilgzo[nl.o V;/(i]rka(:]r(; r::“t',}ggr _encoder to the statistics of Bernoulli photon detections.
q o . ' Y Stage 2 injects semantic knowledge from a pretrained dif-
to-multi-bit mappings [35] aiso use learned models for fusion model through a LoRA adaptation, improving per-
p?g;gﬂ_ef ggngz??jgl%elE:ﬁé\%:g!{’he; ctaor\r?]y—rc;r;?r:ed 32;“ ceptual quality. Stage 3 extends the reconstruction to burst
ge uences b'efore reconstruction oﬁ)érin F():om Ie?ncéntaraby performing motion-aware alignment. This stage general-
be(rqwe ts but addressing an ortho o,nal oalgto delli?[ Taken Yizes the classical align-and-merge paradigm of quanta burst
g 9 g Y. reconstruction to a generative latent representation. This

to.gether, existing met_hods remain task-speci ¢ and Operateframework, described subsequently, is shown in Fig. 2.
without largely-pretrained priors, a gap our approach ad-
dresses. 3.1. Image Formation Model

Generative Image Restoration. Diffusion-based gener-  Photon imaging fundamentally differs from conventional
ative models [17, 54] introduced iterative denoising to cameras: each pixel registers discrete photon arrivals rather
learn natural image distributions, and large text-to-image than analog intensities, with negligible read noise in SPADs.
(T21) diffusion models [6, 14, 32, 44, 47] have since be- A physically consistent probabilistic rendering pipeline is
come strong priors for a range of restoration tasks [13, used to synthesize a quanta observation from a clean sSRGB
59, 60, 62, 63, 66, 72]. Recent blind restoration meth- ground truth imagexq: 2 [0;1]7 W 3. First, xq is

ods [19, 33, 34, 70] demonstrate that such priors can bemapped to linear radiance space xig = X, Using a
adapted to diverse degradations while achieving high per- xed = 2:2, so that pixel intensities scale proportion-
ceptual quality. These approaches typically align the latentally with scene irradiance. Given this linear image, a SPAD



Figure 3.Qualitative comparison — single 3-bit frame reconstructions.Conventional netuned baselines over-smooth high-frequency
structures, especially in distant depth planes and textured regions, whereas gQIR preserves sharper details and more faithful facial features,
bene tting from the inclusion of FFHQ faces [24] in the training set.

records whether at least one photon arrives during the exjective:Le = kD(E (X.q)) D (E (Xot))K3, where
posure. Assuming Poisson arrivals with ratethe SPAD D denotes the frozen decodét, denotes the netuned
outputxspag follows a Bernoulli distribution [78]: encoder, and o , XgT denote the low-quality and ground

B B C xim truth images respectively. This step is commonly known as
Xspad = Bern(l e )= Bern(l € )i (1) degradation pre-removal [33, 70] which partially addresses

where = Xin , With  controlling the expected restoration. However, naively applying this step leads to

photon-per-pixel (PPP) level. The expected PPEJ[i§ = catastrophic latent-space forgetting in our case due to the
E[Xiin ]. In our setup, = 1:0 or an average PPP of 3.5 e€xtreme photon-shot noise in SPADs. The encoder eventu-

matches the illumination levels in [8, 9]. ally nds a smoothed shortcut solution to generate the same

To simulate a color SPAD, we apply a randomly sam- image, regardless of the input, as shown in Fig. 4. To ad-
pled Bayer pattern 2 f RGGB, GRBG, BGGR, GBRG; dress this, we introduce two key modi catiordeterminis-
yielding a mosaiced binary framag = M (Xspad). An tic mean encodingndlatent space alignment loss.

N -frame orlogz(N + 1) -bit mosaiced observation is: Deterministic Mean Encoding. Instead of stochastic sam-
N pling from the posteriog (zjxq) = N(  (Xiq); 2(Xiq))
Xig = M [Bern(1 e Xin)] 2 we use the deterministic mealy (;jx,) =  (Xiq) Ob-
i=1 tained from the frozen, pre-trained encoder This de-
. terministic formulation avoids stochastic variance ampli -
3.2. Stage 1: Quanta Aligned VAE cation, which is particularly important sineg, is severely

Generative restoration methods [33, 34, 70] make their corrupted by photon-shot noise and already exhibits heavy-
VAE's encoders degradation-aware by optimizing the ob- tailed statistics. Our objective is to maximize delity by
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Figure 5.Dynamic spatio-temporal latent burst merging. Naive
averaging of ow-aligned burst latents yields blur under scene mo-
Figure 4. Encoder collapse under predegradation removal tion. FusionViT instead adaptively weights latents by motion and
loss [34, 70]. The encodeE learns a perceptually meaning- proximity to the reference, producing a sharper output.
less shortcut thus producing constant outputs. Since the trainable
encoder controls both, the supervision and prediction terms, thedemonstrated a theoretical guarantee for stable GAN train-
training curve quickly converges to a degenerate optimum without ing by initializing the LoRA-initialized denoising network
our proposed modi cations. Gora With the prior's diffusion weightdJ , which ensures

) _ small initial gradients for a stable start of GAN training.
preserving the latent structure of the underlying clean sceneyye gesign a multilevel ConvNext-Large [36] backbone dis-
We achieve this by adding our new latent loss to modi ed criminator V. modied from [34] to adversarially train

reconstruction losses described as follows. Giora Using the standard min-max GAN objective [16]:
Latent Space Alignment (LSA) Loss. Since the decoder

remains xed throughout training to preserve its internet- min maxEyx p, o [logV (x)]+ Ex px " [log(AV (G(X)))]:

scale training learned manifold, the encoder | must per- @

form simultaneous denoising and demosaicing to produce

clean latent representation frory,. We enforce latent con-

sistency between the low-quality and ground-truth embed-

dings using the following alignment loss: LGea = Ladv+ Lperc + KD(Giora(  (XIq))) thkg;
Lisa=k (qu) (th)kg: 3 . C)

3.4. Stage 3: Latent Burst Imaging

It is worth noting that the second term, unlike [34, 70] uti- ) ,
lizes a frozen copy of the pre-trained Encoder. This Next, we extend our model with a burst window [8, 9, 78]

safeguards against the predegradation removal encoder xploit temporal information in a quanta burst sequence.
collapse as shown in Fig. 4. We generalize the classical align-and-merge philosophy of

Pixel Space Lossede also use MSE and LPIPS loss [75]: QBP [78] to the VAE's latent space. We rst compute op-
tical ow to align all burst latent maps to the center la-

8The generator is additionally updated [29] by the pixel
space reconstruction and the perceptual loss. Overall:

Lmse = KD( (x1g)) D ( (Xqt) K2: (4) tent mapz.. However, a pre-trained optical ow estima-
tor R cannot accurately warp the latent map despite the
Lperc = K( D( (Xiq))) ( D( (Xgv))) k3; (5) presence of rich semantic information. Moreover, apply-
ing pre-trained models directly to the low-quality sequence

where denotes a VGG-19 [52] backbone. X = (x?q; :::x}q; x:gl ::1) fails due to a signi cant domain
Overall lossis given by: gap (See supplementary). To bridge the gap, we rst recon-

(6) struct all frames:\( =D (G.o'ra(E .(X|q))) and then use
RAFT [57], pretrained on FlyingThings3D [39], to estimate
the ow O = R(Y), similar in spirit to pre-denoising [8, 9]
or temporal aggregation [78].

Once optical ow is estimated, all burst frames are
Stage 1's VAE alignment enables joint denoising and warped to the reference and merged. Naively averaging
demosaicing, recovering structural, chromatic, and low- these aligned latents produces signi cant blur due to mo-
frequency details. In Stage 2, we netune the pretrained tion (Fig. 5). To overcome this, we introduce a pseudo-3D
diffusion backbone to re ne the reconstruction, enhancing miniViT [74] (F) that applies sub-quadratic windowed at-
high-frequency details and improving perceptual quality.  tention across time and the spatial axis, enabling dynamic

Due to the extremely high data capture rate of SPAD sen-spatio-temporal burst fusion into a single high- delity latent
sors, reconstruction algorithms are often faced with hugecode. Furthermore, the output of the FusionViT is modu-
amount of data processing, motivating the design of single-lated and residually added to the center laignp as shown
step algorithms. Adversarial training has been establishedin Fig. 2. The modulation is a learned scalarinitialized
as an effective way of distilling the diffusion prior to a at0:05, to adaptively add or subtract the fused details prior
single-step model [23, 32, 49, 68, 69]. Speci cally, [34] to feeding the latent code into the generative netwgsks.

Leye = t1sabisa + mselmse *  perclperc;

where |sa, mse and perc are scalar hyperparameters.
3.3. Stage 2: Perceptual Enhancement



Table 1. Fidelity and perceptual quality of 3-bit nano-burst input single RGB frame reconstruction. Fine-tuned Restormer and
NAFNet attain higher PSNR due to optimization for lower distortion [2], leading to oversmoothing, while gQIR achieves higher perceptual
quality, consistent with visual results in Fig. 3.

Monochrome Color

Method Full-Reference Non-Reference Full-Reference Non-Reference
PSNR SSIM' LPIPSt ManIQA" CliplQA" MUSIQ" PSNR SSIM' LPIPS# ManIiQA" CliplQA" MUSIQ"

InstantIR [19] 10.787 0.178 0.651 0.187 0.346 36.651 7.928 0.101 0.736 0.197 0.358 32.211
ft-Restormer [73] 28.728 0.816 0.294 0.262 0.435 40.439 26.433 0.739 0.388 0.235 0.395 36.026
ft-NAFNet [7] 28.276 0.830 0.261 0.300 0.473 39.129 26.881 0.757 0.338 0.251 0.431 36.732
(Ours) qVAE 28.180 0.863 0.327 0.299 0.487 44.895 26.2800.791 0.435 0.272 0.432 38.613
(Ours) gQIR 27.281 0.839 0.318 0.331 0.547 45.614 25.480 0.766 0.361 0.313 0.490 42.038

QUIVER [8], with a burst size of 3-bit 11 frames. to the mismatch between Poisson—Gaussian and Bernoulli
Metrics. We evaluate all methods using full-reference: noise statistics. Fine-tuned Restormer and NAFNet yield
PSNR, SSIM [61], LPIPS [75] and non-reference metrics: reasonable but over-smoothed results, whereas the proposed
ManIQA [65], ClipIQA [58] and MUSIQ [25]. For video  gQIR restores ne details and enhances perceptual quality.
(sliding burst windows) comparisons, we evaluate temporal Burst Comparisons. Fig. 6 presents qualitative compar-
consistency using ow-warping metri€yarp [28]. isons for burst reconstruction. While QUIVER [8] is trained
Test Datasets We use 2 different curated testsets. The sin- and evaluated on motion-blur-free nano-bursts generated by
gle image reconstruction set consists of 334 images whilein ating 11 GT frames into 77 binary sequences (sampling
the burst set consists of 11 100-frame videos from XVFI- 7 binary frames per GT), we adopt a more realistic set-
test, 12-2000fps and XD-Dataset. We also evaluate our burstting by sampling a single binary frame per GT, introduc-
method on the entire test split of 12-2000fps. ing motion blur in each nano-burst. Due to this domain
4.1. Quantitative Evaluation gap, QUIVER fails to produce high-quality reconstruc-
tions. QBP, designed for bursts with hundreds of frames,
yields blurry outputs under fast motion. In contrast, Burst-
gQIR delivers sharp, high- delity reconstructions, effec-
tively handling motion while preserving perceptual quality.

Single Image Comparisons. Fidelity and perceptual
scores, evaluated at the netuned baselir@8% training
resolution, are provided in Tab. 1. It is well established
that a trade-off exists between perceptual quality and dis-
tortion [2]. While existing denoising methods optimize for
lower distortion as evidenced by full-reference metrics, the
input 3-bit frame contains extremely sparse information,
and optimizing for distortion leads to oversmoothing. By
leveraging a strong generative prior, gQIR achieves supe-
rior perceptual quality, re ected in no-reference metrics and
consistent with the qualitative comparisons in Sec. 4.2.
Burst Comparisons. We curate a subset of our entire test
set, grouping sequences by frame rate to evaluate methods
across a wide spectrum, unlike prior works with xed fps [8,
9]. Speci cally, we select 11 sequences from XVFI [51]
(1k fps), 12-2000fps [8] (2k fps), and XD (2k—100k fps).
Tab. 2 shows that Burst-gQIR consistently outperforms the
baselines, particularly on the challenging XD dataset, where
QBP and QUIVER exhibit substantial performance drop.
We further evaluate our method on the full 12-
2000fps [8] test set as shown in Tab. 3. Despite a minor . .
domain gap between a PPP of 3.5 (ours) and 3.25 [8], our4-3- Ablation Studies
method surpasses the previous best (QuDI [9]) by +2.17 dB.gage 1 Design ChoicesWe ablate the introduced combi-
nation of Latent Space Loss (LSA) and deterministic sam-
pling for quanta frames and observe that LSA provides a
Single Image Comparisons. Monochrome and color critical gradient to the encoder for convergence in Tab. 4.
SPAD reconstruction comparisons are shown in Fig. 3. In- VAE Scaling Solves the Text Problem [4, 5].Increasing
stantIR fails to produce high-quality reconstructions due the VAE's latent dimensionality, markedly improves capac-

Figure 7.SD3.5's VAE solves the text problem [4, 5]SD3.5 [14]
uses & larger latent space than SD2.1. This yields sharper high-
frequency details and legible text drawing capabilities.

4.2. Qualitative Evaluation






