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Figure 1. Extreme 1-bit Quanta Reconstruction. Lower bit-depth leads to higher downstream hallucinations, detrimental to any image
restoration task, thereby motivating the need for 3-bit inputs or nano-bursts.

1. Extreme 1-bit Quanta Reconstruction

In Fig. 1, we relax the constraint or the requirement of nano-
bursts altogether and demonstrate an extreme version of our
key paradigm shift in quanta reconstruction by using just a
single binary quanta frame for reconstruction.
It is worth noting that hallucinations increase significantly,
as visible in the cropped regions in Fig. 1. This led us to the
use of nano-bursts or 7 binary frame averages to slightly re-
duce noise or increase the input SNR throughout the main
paper. This additionally leads to a dowstream increase in
fidelity, as observed quantitatively in Tab. 1. Relying solely
on a generative prior in this extreme regime of single binary
frame input could prove harmful for true-to-scene recon-
struction.
We consider quantifying this or providing a confidence in-
terval for the generated output’s trueness as future work.

Table 1. 1-bit vs 3-bit Monochrome gQIR Fidelity. We relax the
constraint of also needing nano-bursts by directly utilizing single-
bit binary frames. However, this comes at the cost of more hal-
lucinations leading to lower overall fidelity. We evaluated both
variants on the same 334-image test set used in the main paper ta-
ble for single frame quanta reconstruction.

gQIR PSNR ↑ SSIM ↑ LPIPS ↓
1-bit 25.03 0.76 0.43
3-bit 27.28 0.84 0.32

2. Different SPAD Simulators

Realistic FPS-preserving simulation. When 7 i.i.d binary
frames are sampled from 1 GT, motion-blur is completely
eliminated. In a realistic setting, the reconstruction algo-



Table 2. Quanta Video Datasets. Legend: Sim = Simulated from conventional CMOS sensor, Syn = Synthetically rendered, Min. Res. =
Minimum Resolution of each sample. Note that we resize all our datasets to 5122 due to VRAM limitations.

Dataset Characteristics Dataset Complexity

Dataset Videos Sim/Real/Syn fps Min. Res. Color GT Non-Rigid Text Faces

QBP [29] 15 Real (Indoor) ∼100k 512×512 ✕ ✕ ✕ ✕ ✕

Ma et al. [21] 137 Real ∼100k 512×256 ✕ ✕ ✕ ✓ ✓
QUIVER [5] 280 Sim (Outdoor) 2000 512×1024 ✓ ✓ ✕ ✓ ✓
bit2bit [19] 7 Real ∼100k 512×512 ✕ ✕ ✕ ✓ ✓
VisionSim [13] 50 Syn 100 800×800 ✓ ✓ ✕ ✕ ✕

Ours 390+44135+50 Sim+Real+Syn 24 - 100k+ 512×512 ✓ ✓ ✓ ✓ ✓

rithm/ISP would only have access to a photon-cube and a
3-bit 11 frame burst can only be realized by averaging 77
binary frames into 11 non-overlapping windows of 7 tem-
poral frames each. This results in scene-fps preserving and
much more challenging inputs due to motion-blur, as shown
in Fig. 2. gQIR was trained to work with a realistic simula-
tor but it also enjoys the SNR boost of QUIVER-like sim-
ulations thus setting a new benchmark on the I2-2000fps
dataset, as shown in Tab. 3.

Figure 2. SPAD Simulators - Realistic vs. QUIVER. Realis-
tic nano-bursts have motion-blur in each window making the re-
construction task significantly more challenging but closer to real-
world operation settings.

3. Training Datasets

We provide comprehensive categorization and statistics for
image and vieo datasets used for training our method, while
comparing with popularly used quanta datasets in Tab. 2.

4. Stage 2 - Training Stability & Implementa-
tion Practices

It is essential for any adversarially trained framework to
demonstrate training curves that oscillate around the nash
equilibrium [10] instead of converging/collapsing. This
provides essential cues for gauging mode or diversity col-
lapse.

4.1. GAN Loss Stabilized At Nash Equilibrium

We visualize the sequential training phases of Stage 2
(GLoRA): adversarial-only, reconstruction-only, and joint
training in Fig. 3.. Clearly, the discriminator and genera-
tor are oscillating around or have reached an equilibrium
state. See top row in Fig. 3

4.2. Small Initial Gradients Verification

See Fig. 4 for grad norm curves ensuring stability of the
GAN training or no vanishing/exploding gradient condi-
tions. This is guaranteed by the diffusion prior weight ini-
tialization.

4.3. Architecture Details.

Glora’s Specifications. The LoRA [11] rank r and αr are
set to 256 adding a total of 0.26B parameters to the 0.8B
U-Net backbone. We add LoRA modules to the follow-
ing layers of the latent diffusion U-Net backbone, similar
to [18]:
[to k, to q, to v, to out.0, conv, conv1,
conv2, conv shortcut, conv out, proj in,
proj out, ff.net.2, ff.net.0.proj]
ConvNext Pyramid Discriminator Modification. We
modify HYPIR’s [18] Multilevel ConvNext-Large [20]
backbone Discriminator’s topmost level to accomodate dif-
ferent (smaller) input resolutions dynamically instead of
fixed ≥ 5122 px. We achieve this by adding a 1×1 bias-free
convolutional projection layer followed by spectral norm
and LeakyRelU activation, similar to the rest of the pyra-
mid levels. The projection layer dynamically sets the output



Figure 3. Stage 2 Training Loss Curves. We train Stage 2 (Glora) in a hybrid fashion. First, purely adversarial, then purely reconstruction
to reduce hallucinations/increase fidelity for the reconstruction task and then combined training to regain any lost generative prowess.

Figure 4. Stable grad norms due to small initial gradients guar-
anteed by diffusion prior initialization of Glora. Shown are the
grad norms of the discriminator, generator and lpips models on
the VRAM during training.

projected channels to be: max(96, cin/2), where cin is the
features channels coming from ConvNext-Large.

5. Stage 3 - Burst Extension

5.1. Architecture Details.

FusionVIT. For Stage 3, FusionViT’s uses patches of size
2 × 4 along the temporal volume with 8 attention heads
per MHSA block and a total of 3 temporal MHSA blocks
that feed the volume into 2 spatial MHSA blocks in win-
dow sizes of 8×8 for Swin [16]-like attention computation.
This only amounts to 13.23M parameters for the Fusion-
ViT. RAFT [25] runs for 20 iterations per flow calculation
and then downsamples O by a factor of 256/64 = 4 to warp
the 4× 64× 64 latents.

6. More Qualitative Results
6.1. Single Image Reconstructions

Monochrome. See Fig. 22, Fig. 23, Fig. 24 and Fig. 25 for
more comparisons, similar to main paper Fig 3.
Color. See Fig. 26, Fig. 27, Fig. 28 and Fig. 29 for more
comparisons on our test set (similar to main paper Fig 3).
Facial Reconstruction. Including FFHQ-dataset [14] with
70,000 high quality faces helps improve facial reconstruc-
tion for our method. Notice the detail in hair, which is hard
to reconstruct and is a sub research field within facial recon-
struction community [28].

6.2. Comparing With A Color-Burst Baseline

Color-QBP [22] proposed color filter arrays (CFAs) over
monochrome SwissSPAD 512 and demonstrated simulated
results of color burst reconstructions using their proposed
RGBW filter. Our real color SPAD prototypes use the con-
ventional Bayer pattern, instead of the RGBW pattern pro-
posed by [22]. Hence, to maintain fairness, we compare
against Color-QBP [22] with our Color Burst-gQIR on true
prototype Bayer pattern color, 3-bit 11 frame realistic burst,
in Fig. 6, using a .

6.3. Real Color SPAD Capture Reconstructions

Our method is sensor-agnostic and light-level agnostic
within a certain range (as shown in Fig. 14). This in com-
bination with the generative prior leveraging capabilities,
leads to successful, finetuning-free transfer to real world
settings. We show more qualitative results without process-
ing the input (to account for dark count rates and hot pixels)



Figure 5. More Qualitative Real World Testing We turn on/off the Christmas lights to verify if the lighting + vase physics is implicitly
understood and the reconstructions stay plausible. The third column is color-alignment/testing scene while the fourth and last column
shows reconstruction on non-lambertian surfaces (zoom in at the metal sphere and motorcycle helmet’s visor)

Figure 6. Color Burst Reconstructions - Color-QBP [22] vs Ours. As σ for BM3D [8] is increased, the noise reduces for Color-QBP
at the cost of blurring. Our method fails to reconstruct text due to the prior’s text-drawing inability but excels in creating a perceptually
pleasing output, without tweaking any hyper-parameters. We used the realistic burst simulations on the static JapanAlley Blender scene.

in Fig. 5. Automatic white balancing with gray world as-
sumption is applied.

7. More Quantitative Results

7.1. I2-2000fps Full Benchmark

See Tab. 3 for our method’s performance on slightly out-of-
domain PPP (3.25 instead of train-time 3.5), QUIVER [5]-
style simulations of the I2-2000fps test set. We include
all the baselines, designed or adapted for the quanta recon-
struction task so far. Our method sets a new top score.

7.2. Burst Reconstruction - Scene by Scene Metrics

Our method suffers from ’content-drift’ due to the inherent
reliance on generative prior to retain perceptualness; lead-
ing to a slightly poorer E∗ error compared to learning based
methods as shown in Tab. 4. However, our method achieves
superior fidelity, both visually and quantitatively.

Table 3. Burst Reconstruction Fidelity on I2-2000fps. Despite
being trained on a slightly different photon-per-pixel level (3.25
instead of 3.5), gQIR operates out-of-domain while reconstructing
superiorly. gQIR sets a new benchmark high score.

Method PSNR ↑ SSIM ↑
Transform Denoise [2] 21.317 0.718
QBP [29] 21.548 0.703
Student-Teacher [7] 18.720 0.401
RVRT [17] 19.412 0.354
EMVD [23] 20.019 0.587
FloRNN [15] 21.034 0.679
MemDeblur [12] 19.488 0.387
Spk2ImgNet [27] 20.395 0.564
QUIVER [5] 26.214 0.790
QuDi [6] 28.641 0.811

(Ours) Burst-gQIR (3.25 PPP) 30.811 0.868



Table 4. Burst Reconstruction: Test Sequence-wise Fidelity and Video Coherence. We slide the burst window to reconstruct the entire
video except the first 5 and trailing 5 frames to compute the temporal stability or warping metric (E∗ = 103.Ewarp).

QBP [29] QUIVER [5] Burst SD2.1-gQIR

Video GT fps PSNR↑ SSIM↑ E∗↓ PSNR↑ SSIM↑ E∗↓ PSNR↑ SSIM↑ E∗↓
XVFI boat 1000 10.978 0.491 0.7 20.811 0.639 0.9 27.594 0.716 1.7
XVFI train 1000 13.049 0.249 0.3 25.191 0.862 1.8 24.050 0.707 3.4

I2-2k test-14 2000 13.286 0.532 0.6 26.092 0.857 1.5 30.221 0.830 1.8
I2-2k test-20 2000 18.631 0.707 1.9 23.338 0.917 2.8 32.089 0.945 1.2
I2-2k test-21 2000 18.255 0.485 0.7 23.495 0.867 1.1 32.089 0.892 1.2
I2-2k test-31 2000 14.001 0.470 0.7 27.318 0.858 1.5 30.458 0.845 1.8

XD jetengine 2000 14.706 0.162 0.2 20.588 0.861 1.7 30.121 0.853 2.5
XD tank 12,000 8.870 0.479 2.3 22.391 0.853 2.2 26.116 0.864 3.0
XD explosion 50,000 19.783 0.161 0.4 17.456 0.573 2.1 28.976 0.880 4.4
XD padlock 80,000 11.278 0.546 0.5 24.826 0.945 1.6 34.685 0.964 1.4
XD moreguns 100,000 9.262 0.696 2.4 15.219 0.718 1.9 31.758 0.915 1.1

Cumulative: 13.380 0.448 1.0 22.429 0.814 1.7 29.832 0.856 2.1

8. More Ablations
8.1. Running RAFT Directly on 3-bit SPADs
Directly running RAFT [25] on noisy but still easier demo-
saiced toy inputs still leads to incorrect flow estimates O as
shown in Fig. 7. This led us to the recursive design of using

Figure 7. We try to solve the toy problem of aligning and merg-
ing (much easier) demosaiced RGB inputs. However, notice the
highly erroneous optical flow measure that leads to ghosting arti-
facts on naively aligning and merging the 11 frame input burst.

our Stage 2 first to completely reconstruct every frame in
the burst for a cleaner optical flow estimate (O).

8.2. Effect of Boundary Convolution in FusionViT.
Due to the ViT’s unpojection of patches, a grid-boundary ar-
tifact persists through the pipeline which the decoder recon-
structs as is, resulting in a patch-y reconstruction, as shown
in Fig. 8. We fix this issue by introducing a critical Group-
Norm [26] and 3×3 2D convolutional layer.

8.3. Latent Fidelity Visualization. Stage 1 vs 3
We qualitatively compare Stage 1: qVAE and Stage 3:
qVAE+FusionViT in Fig. 10. Clearly, adding the fusion-

Figure 8. FusionViT - Boundary Convolution Ablation. With-
out the boundary convolution, the fused tokens forming the clean
merged latent representation, do not smooth out along the bound-
ary of each patch resulting in the shown grid-like artifact in the
latent code which the VAE decoded similarly.

ViT and the extra context from the burst frames leads to a
higher alignment with the GT latent.

8.4. Spatial vs Temporal Fidelity - S1 vs. S2 vs. S3

In Fig. 19 and Fig. 9, we also show the visual fidelity dif-
ference between all 3 stages (using QUIVER sim) and s2
vs s3 (using realistic sim) respectively. Often, Stage 2 de-
viates from the ground truth or introduces blur due to the
motion-blur present in the realistic nano-burst. Whenever it
deviates due to the inherent generativeness of the network, it
amplifies overall perceptualness at the cost of scene fidelity.

9. Text Problem With SD 2.1
It is a common and widely known issue with T2I priors to
draw coherent and meaningful text [3, 4]. We are afflicted
by the same problem due to our selection of Stable Diffu-
sion 2.1 [24]. However, since we adapt the prior to a recon-
struction task, this issue is observed only in regions made



Figure 9. Stage 2 (gQIR) vs Stage 3 (Burst-gQIR) On Realistic Burst of Nano-Bursts. Motion-blur ridden nano-bursts result in Stage
2 to replicate motion blur in the output due to lack of any temporal context.

Figure 10. Insets show the encoded latents just by the qVAE in the
first column, the qVAE + FusionViT in the second and the frozen
SD2.1 VAE for the GT in the last column.

Figure 11. Text Limitation of SD2.1 T2I prior. The qVAE fails
to reconstruct text in ambiguous regions that can not be further
corrected by the LoRA UNet due to the prior’s inability to draw
meaningful text [3, 4]. Zoom in for better detail.

ambiguous due to shot noise, as shown in Fig. 11.
The generative prior excels in these ambiguous regions, as
shown in Fig. 12 but completely breaks down when text
is present due to the T2I prior’s limited representational
power. Instead of fully understanding the text, it generates
some artifacts with text-like structure.
Scaling Latent Dimensionality of qVAEs. Stable Diffu-
sion 3 ([9]) increases the representation power of the VAE
by increasing the number of latent channels by 4×. We fix
the text problem for our use case (as shown in main paper

Figure 12. Prior’s Ability in Ambiguous Regions. The prior pro-
vides, even better than GT sometimes, when the ’to-reconstruct’
region is supported by the learned natural image manifold but sig-
nificantly suffers when text is present, owing to the lack of text-
focused pre-training of the chosen (SD2.1 [24]) prior. This can
happen simultaneously in the same scene as shown.

figure 7) by aligning SD3.5’s VAE (Stage 1). In Fig. 18,
we demonstrate the higher recovery of high-frequency de-
tails due to the 4× larger latent. Tab. 5 shows quantitative
consistency.



Table 5. Ablation - qVAE Replacement. Comparison of SD2.1
and SD3.5 qVAEs after quanta alignment training. Increasing la-
tent capacity 4× yields a pronounced perceptual gain, consistent
with visually sharper text and high-frequency content.

Model # Params PSNR ↑ MUSIQ ↑
SD 2.1 qVAE 83.65 M 26.320 31.649
SD 3.5 qVAE 83.82 M 26.443 36.845

Figure 13. Prompts for semantic guidance. Reconstruction in
ambiguous regions can be guided during inference for free (null-
prompt trainings), owing to the rich text-image cross-attention fea-
tures in our base prior: Stable Diffusion 2.1 [24]. Our method gen-
eralizes to real color SPADs as well.

10. Prompts for Semantic Guidance
Photon-sparse regions are inherently ambiguous, often
causing the generative prior to hallucinate details. Incorpo-
rating additional modalities can help guide and constrain the
reconstruction. For instance, the rich semantic and textual
understanding acquired during the prior’s large-scale pre-
training is preserved due to the addition of only LoRA pa-
rameters to the base latent diffusion U-Net. This allows the
pretrained embeddings to be leveraged without additional
textual training or prompt engineering, for free.

We present results for a simulated SPAD color scene
(Row 1) and a real-world SPAD color acquisition captured
by our system (Row 2) in Fig. 13. Aligning the scene’s am-
biguous regions with a true content description can signifi-
cantly boost reconstruction fidelity or enable novel creative
applications (e.g., Column 3).

The guiding signal exploits the basic fact that the task
is inherently ill-posed or probabilistic in nature thereby al-
lowing multiple plausible outcomes. This property also
makes our framework future-proof and extensible to addi-
tional control modalities.

11. Generalizability
We show more qualitative results across two challenging
axes that our model was never trained on: i) varying light
levels (≤ 3.5 PPP) and ii) Deforming scenes.

11.1. Extreme Low Light

We vary the light levels all the way from extreme low
light to brighter than training photons-per-pixel (PPP) level
in Fig. 14. Our (stage 2) method can generalize to low-light
regimes as well, barring the brightness of the output due to
constant PPP training. One can train our method on varying
PPP levels to fix this issue.

11.2. Deforming Scenes

We test the scene-rigidity constraint that most prior work
assumes due to the inherent limitation of pre-trained or tra-
ditional optical flow estimators in their pipelines.

As a result of the generative prior’s extensive pre-
training, which encodes strong physical inductive biases,
our method can operate in deforming conditions without
the need for long temporal context. We show realistically
simulated burst outputs using stage 3 on deformable scenes
in Fig. 15. Additionally, we show an extremely challenging
glass shattering video originally captured at 375,000 fps, re-
constructed by sliding the burst window across in Fig. 16

12. A Small Note on Latency.
All network latencies are measured at an input resolution of
5122 and averaged over 10 iterations. See Tab. 6.

Table 6. Reconstruction Speed. Times are averaged over 10 runs
on an RTX 4090 at 5122 resolution. FLOPs are computed for neu-
ral components using fvcore. FusionViT (S3) contributes a meager
74 GFLOPs from its ∼ 13M parameters, thereby adding minimal
latency.

Method Input Frames Recon. Time TFLOPs

(S1) qVAE 1 (3-bit) 0.147s 1.784
(S2) gQIR 1 (3-bit) 0.269s 2.315

QBP 11 (3-bit) 13.860s 1.331
QUIVER 11 (3-bit) 1.338s 20.53
(S3) Burst-gQIR 11 (3-bit) 2.890s 29.23

13. Discussion & Open Questions
The entire quest to design a Quanta ISP begins from the
failure of pre-trained RGB denoising methods, as shown
in Fig. 17. However, quanta literature has only seen burst
denoising/imaging pipelines. We present gQIR that brings
a two-front paradigm shift in quanta imaging. First, it en-
ables single quanta frame reconstructions instead of rely-
ing on long temporal bursts. Second, it utilizes an internet-
scale generative prior to enable reconstruction for the first



Figure 14. Varying Light Levels. Our method generalizes well to non-training photons-per-pixel regimes as well. However, since it is not
trained on the shown PPPs, it fails to correct for the output brightness. Focus on the butterfly’s antenna to see increasing output fidelity
with the ground truth.

Figure 15. Burst-gQIR Generalizes to Deforming Scenes. This emergent behavior is due to the inherent understanding of physics learned
during the prior’s (large) internet-scale pre-training.

time, serving as a bridge between generative techniques and
quanta sensors.

gQIR achieves the highest fidelity and perceptual scores
in photon-starved regimes, compared to adapted as well as



Figure 16. Realistic Deformable Video Reconstruction using Burst-gQIR at 375,000fps. Due to the averaging for each nano-burst
frame and the extremely fast motion of the bullet, it completely fades into the scene and is un-recoverable.

prior works, to the best of our knowledge. However, gQIR
comes with its own limitations and poses several open-
ended questions:
1. Is it possible to quantify hallucination levels or provide

a confidence interval for true-to-scene reconstruction?
2. Can a +prompt training aid fidelity? Also, could text-

based reasoning solve occlusion-disocclusion for video
reconstruction?
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Figure 19. Ablation - Perceptual Fidelity Difference between Stage 1, 2 and 3. We use QUIVER simulations for these reconstructions.



Figure 20. Color Facial Reconstruction. We notice the perception-distortion trade-off [1] with conventional baselines keeping the
distortion low by oversmoothing. This is detrimental to the facial reconstruction task. Our method is also limited by the fact that it does not
preserve the identity of the subject completely. However, notice the background in row 3, showing our method’s superior attention-to-detail
in completely lost regions due to shot-noise.



Figure 21. Monochrome Facial Reconstruction. We notice the perception-distortion trade-off [1] with conventional baselines keeping
the distortion low by oversmoothing. This is detrimental to the facial reconstruction task. Our method is also limited by the fact that it does
not preserve the identity of the subject completely.



Figure 22. Mono Single Frame Reconstruction Comparison (1/4).



Figure 23. Mono Single Frame Reconstruction Comparison (2/4).



Figure 24. Mono Single Frame Reconstruction Comparison (3/4).



Figure 25. Mono Single Frame Reconstruction Comparison (4/4).



Figure 26. Color Single Frame Reconstruction Comparison (1/4).



Figure 27. Color Single Frame Reconstruction Comparison (2/4).



Figure 28. Color Single Frame Reconstruction Comparison (3/4).



Figure 29. Color Single Frame Reconstruction Comparison (4/4).
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