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Abstract

Quanta image sensors record individual photons, enabling ca-
pabilities like imaging in near-complete darkness and ultra-
high-speed videography. Yet, most research on quanta sensors
is limited to recovering image intensities. Can we go beyond
Just imaging, and develop algorithms that can extract high-level
scene information from quanta sensors? This could unlock new
possibilities in vision systems, offering reliable operation in ex-
treme conditions. The challenge: raw photon streams captured
by quanta sensors have fundamentally different characteristics
than conventional images, making them incompatible with vi-
sion models. One approach is to first transform raw photon
streams to conventional-like images, but this is prohibitively
expensive in terms of compute, memory, and latency.

We propose quanta neural networks (QNNs) that directly
produce downstream task objectives from raw photon streams.
Our core proposal is a trainable QNN layer that can seamlessly
integrate with existing image- and video-based neural networks,
producing quanta counterparts. By avoiding image reconstruc-
tion and allocating computational resources on a scene-adaptive
basis, ONNs achieve 1-2 orders of magnitude improvements
across all efficiency metrics (compute, latency, readout band-
width) as compared to reconstruction-based quanta vision, while
maintaining high task accuracy across a wide gamut of chal-
lenging scenarios including low light and rapid motion.

1. Vision Without the Image

Much of computer vision today begins with an image—the de-
facto representation of light, driven by the proliferation of digital
cameras. A nascent class of sensors, called quanta image sen-
sors [5, 18, 19, 60] is challenging this status quo by providing
the ability to sense light at its fundamental level of discretization:
individual photons. Sensing raw photons facilitates imaging in
extreme scenarios spanning very low light [4, 52] to extremely
fast motion [0, 73]. Quanta sensor hardware has evolved tremen-
dously in the past 5 years, going from single-pixel prototypes
to megapixel-resolution arrays sensors [19, 21, 47, 53, 54, 69],
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making computer vision from photons an increasing possibility.
However, do we have the algorithms and models for performing
high-quality computer vision and perception from photons?

Quanta cameras capture photon detections as a series of
binary-valued frames. As seen in Fig. 1 (first row), a single
quanta frame is quite different from a conventional image; it is
heavily quantized and very noisy, making it incompatible with
off-the-shelf computer vision algorithms. Fortunately, quanta
cameras can run at very high speeds (~100 kHz), so we can
aggregate multiple frames over time by aligning them and re-
construct images that are interpretable by existing vision mod-
els [6, 8, 51, 61]. Unfortunately, intensity reconstruction from
quanta frames can be an expensive undertaking that can severely
strain the compute, memory, and latency of an edge-computing
platform by around 2-3 orders of magnitude, precluding the
adoption of quanta sensors in resource-constrained applications.

In this work, we design quanta neural networks (QNNs) that
directly transform photon detections to downstream task objec-
tives, eschewing intermediate image reconstruction. Our core
contribution is a learnable temporal layer, or QNN layer, that can
be incorporated throughout the design of many (feedforward)
deep neural networks, yielding their photon-level equivalents
(illustrated in Fig. 1 (second row)). QNNs can directly benefit
from the state-of-the-art techniques developed by the broader
computer vision community today, and possibly even in the fu-
ture. As case studies, we provide quanta neural network designs
for one image-based and two video-based neural networks.

Central to our design philosophy is computational efficiency.
QNN layers produce outputs with reduced latency and constant
memory footprint, even when operating on long temporal du-
rations, by employing streaming and recursive computations.
A second property of QNNss is their scene-adaptive resource
allocation: expending more computations when rapid motion is
involved, and suppressing computations otherwise. We achieve
this using two complementary inference modes. Eventful com-
putations reduces floating-point operations by an order of mag-
nitude by updating QNN feature maps incrementally, exploiting
temporal redundancy at the neuron granularity. Change-driven
inference automatically runs the entire network at slow or brisk
rates as per the scene dynamics, allowing QNN output rates to
vary across a spectrum of 20 Hz to 100 kHz.
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Figure 1.Quanta neural networks. (Top row)A quanta image sensor captures individual photon detections at very high speeds. However, a
single quanta frame contains too little information to directly run perception on. One approach is to first reconstruct images, but this approach is
computationally demandin¢Second row)his work converts image-baseeld, DepthAnything-v2 16]) and video-basede(g, Pips++ BJ)

neural networks to quanta neural networks (QNNSs) by suitably interspersing QNN layers that perform temporal aggregation. QNNs directly
transform photon detections to downstream tasks without reconstructing images, which coupled with our proposed scene-adaptive inference modes,
improves efficiency (across compute, latency, and reado®)dsgiers of magnitud€Third row) As case studies, we demonstrate the capabilities of
point-tracking and depth-estimation QNNs on scenes involving fast motion and low light. Insets show a single quanta frame from each sequence.

Readout considerations: sensor-proximal QNN layeiSens-  low-light [4, 50, 52], high-dynamic range3p, 33], and high-

ing raw photons, in addition to its core computational difficulty, speed imagingd, 51]: thereby serving as “all-scenario” imaging
also introduces nearl$000 more data compared to a con- devices. Such reconstruction techniques may involve motion
ventional camera. A promising approach to tackle this datacompensating and merging quanta frandgs 35, 51], deblur-
deluge is to move compute closer to the sensor, via near-sensaing using motion-adaptive integration windov#s[ 39, 61], or
processing. We devise a lightweight instantiation of our generalmore recently, learned neural networks [8].

QNN layer that uses operations comparable to near-sensor alg@jrect perception with quanta sensorsPrior works that look
rithms [66, 67]. This sensor-proximal QNN layer can compress  at reconstruction-free perception with quanta sensors are mainly
photon detections by orders of magnitude. designed for Jot-based quanta sensors and process &-few (
Can quanta cameras and QNNs run on my phoneMNot 8) quanta frames2, 40]. A few works consider high-speed

yet. Allin all, QNNs provide50-200 reduction in compute, quanta frames like this work for direct perception, but assume no
latency, and readout over reconstruction-based quanta vigion [ motion during capture?l], or produce feature-bank responses
51, 67]. Using a creative analogy, this reduction is the difference that are compatible with (handcrafted) phase-based computer
between needing a beefy NVIDIA A100 GPU versus a relatively vision algorithms 26]. In contrast, our work provides a broadly
inexpensive Jetson Nano processor. However, there is anothapplicable recipe—based on a temporal integration or QNN
order of magnitude or two reductions left for QNNs to achieve layer that aggregates high-speed quanta frames over long tem-
edge-device photon perception. Part of this reduction couldporal histories 100G of frames)—to transform many image-
come from increased support for sparse operations, that ouand video-based neural networks to quanta-sensor counterparts.

inference modes utilize on commodity processors. Practical imaging with quanta-image sensorsQuanta-sensor

2 Related Work readout can be significantly reduced by compressing photon
detections on near-sensor processors before data transmission,

Imaging capabilities of quanta sensorsBy reconstructing im-  e.g, using event-camera-inspired selective readaiytd/] or

ages from photon detections, quanta sensors have demonstratettetching using exponential smoothiid] While these works



Figure 2.Transforming image-based neural networks to quanta neural networks(left) We insert QNN IayersRE symbol) between the layers

of an image-based (or video-based) neural network, which are depicted as red blocks. QNN layers use scalar state-space equations to temporally
aggregate feature maps. These layers may operate at a freqeign€yHz) that differs from the quanta camera's framerate and can be altered at
inference time, owing to the QNN layer's continuous-time formulatjoenter)The first QNN layer used at the sensing stage is a simple instantiation

of the more general layer, consisting of a single scalar recurrence that operates on photon detections (quanta frames). With particula; choices for
andh, the sensing QNN layer adaptively accumulates photons based on the level of sceng(rightipintermediate QNN layers employ multiple

scalar equations, depending on the number of “heads” used, that operate on feature map tensors (spatial and channel dimensions).

improve the bandwidth efficiency of quanta sensors, their down-whereas too much integration causes severe blur (Kigp3
stream processing costs remain high. In comparison, our prorow)) resulting in loss of visual information. It is therefore
posed QNNSs reduce inference costs by more than an order ofritical to integrate photonadaptively as a function of the
magnitude while featuring similar modest readout numbers. level of motion and scene content. Given these, we propose an

o adaptive integratdragaprthat performs time-varying exponential
3. Building Quanta Neural Networks smoothing [15, 68] at each pixel location:

At the heart of a quanta neural network is a temporal integra- | y.os (0) = ' 1(p) lagap 2(P)+ (1 1 ¢(P)Bi(p); (2)

tion layer, or QNN layer, that can be flexibly introduced in the

design of a deep learning architecture—enabling it to operatevhere0 't 1determines how agapiweighs recent history.
directly on photon detections. Fig. 2 provides a high-level illus- For example, setting; (p) to be a constant value corresponds
tration of QNN design. The first agensor-proximaQNN layer to regular exponential smoothing which leads to the noise-blur
aggregates photons, while subsequent QNN layers temporalljradeoff described earlier. Our goal is to desigip) that
aggregate feature maps. In fact, the first layer is a Iightweightidea”y overcomes this tradeoff. There is a causality dilemma to
special case of the more general QNN layer. All QNN layers this problem: to derivé ((p), we must robustly measure flux
provide streaming feature representations that can be queried dfriations, but these measurements in turn depertd (g).

any time and are amenable to the efficient inference modes that 0 address this challenge, we turn to an online Bayesian al-
we present in Sec. 4. We begin our exposition with the sensorgorithm [1] that estimates the time since the last abrupt change,
proximal layer, whose temporal modeling can be interpreted asPr therun lengthr(p), of a Bernoulli time series. Specifically,

a motion-aware approach to integrating photons. at each pixel locatiop, we maintairS (typically 5-10) fore-
casters s(p)gs.; that are initialized at timeftsg, and whose

3.1. Background: Photon Detection Model values denote the probability of the run length at tirbeing
A quanta image sensor operates as a high-speed photon detectbr, ts. Using these forecasters, we estimate run length
capturing 1-bit frames at high speeds, at arolddkHz or 56 ! 56

higher. LetN;(p) be the average number of photons incident re(p) = s(P)(t  to) s(p): ©)
on a quanta sensor at pixel locatprand frame index. The o1 o1

sensor outputs a binary valBg(p), corresponding to whether
at least one photon was detected at the pixel location, which cal
be modeled as a Bernoulli random variable [75]:

r{Each forecasters(p) is associated with a uniform Beta prior,
e, Betd s(p)=1; s(p)=1g. As more photon detections
are processed, the associated prior is updated;@®
PriB,p)=1g=1 e N®: @) s(P)+ Bi(p)and s(p)  s(p)*1 Bi(p). Intumn, the
forecaster is updated as:
The techniques in this work can carry over, with suitable modi-

fications, to quanta sensors that output few-bit values [47-49]. s (@ ) s : By + : 1 By 5 4
S S S S

3.2. A Sensor-Proximal Layer where we drop the pixel indgx for brevity, and0 1

A key function of the first layer is to aggregate photons over controls the responsivity of run-length modeling (higher bi-
time—which sounds simple at first glance, but is a challenging ases towards shorter run lengths). We provide details on fore-
problem. If the layer integrates too little, it leads to severe noise;caster initialization and updates in the supplementary. From the



Figure 3.Adaptive aggregation modulates per-pixel exposuregtop
row) Without adaptive integration (or settihg to a constant), there is

Motivated by this connection, in the next section, we will apply
state-space models as a learnable temporal iagiethe QNN
layer that operates on neural-network feature maps.

3.3. Intermediate QNN Layers

While our first QNN layer operates on quanta frames, inter-
mediate QNN layers operate on time-varying feature maps
ur 2 R(MWO  whereHandWare the spatial dimensions, a@ib

the channel dimension. Like Mamba<Z]], we associate each
element, with a recursively-updated statie 2 R(HWO:

t+ b (7)

Here, a; andhy are functions of the inputi; as specified

h; = h;

Ut :

a strong tradeoff between preserving motion and reducing photon noiseby (a broadcasted version of) Eq. (6)t is the number of

(bottom row)! adapt picks per-pixel exposures according to the level

of scene motion. To reduce blur, we resort to min-pooling run-length

estimates using a kernel sizesof 5 and stridel. Insets plot the run
lengths,.e., the exponential-smoothing time constdntlog(1=! ;).

run-length estimate, we set the smoothing paranefern) =
e () In words, we set the time constant of exponential
smoothing at each instant as per the estimated run length.

Fig. 3 compares adaptive to fixed aggregations, that is, set-

ting!  dynamically or to a constant value. In practice, for more
responsive motion modulation, we find it beneficial to “min
pool” run-length estimates using a kernel siz&of 5or7 7
before setting the smoothing parameiter, use the minimum
run length across a neighborhood (Figb&ttom row). Our
adaptive aggregator-based QNN layer preserves scene moti

putational and communication efficiency (Sec. 4).
Adaptive exponential smoothing is a selective state space

R
while substantially reducing photon noise, which provides more
information for downstream processing, and translates to com

guanta frames since the previous state update, aruk-
notes the Hadamard (element-wise) product. We spécify
andg in Eg. (6) using learnable linear parameterizati@es,
f(u) = ReLW(ws uy + bx) andg(uy) = wgly + by, where
wr , Wy, x andly are learnable scalars, and additiof ' is
broadcasted. Finally, we output

hi; where ¢ = w,

U + b )

andw; andb. are learnable scalars. Overall, the QNN layer
operates in a broadcasted manier, each element of the input
u; is point-wise transformed to an element of the output

To increase layer capacity, we channel expantbefore
applying the state-space model, produein@ RHWEY where
is the channel expansion factor. We use a linear projection
layer operating in the channel dimension to rGapannels t&€N
channels, akinto & 1 convolutional layer. Further, we stack
D copies, or “heads”, of these state-space models—Iike multi-

head attention—and operate on a channel dimensionality of

Zt = G

model. It turns out that there is an intriguing connection between CNpchannel stacking and multiple heads are depicted in Fig. 2

our adaptive aggregatdriap) and state space models that are

(right). We treatD (nominally set tad) as a hyperparameter that

the workhorse of several recent time-series models such agan be used to alter the deep network's model capacity.

Mamba [L0, 23]. Among these, a scalar state space matddl [
maps an input time series 2 R to state & 2 R:
ht = a{ht (5)

t + bug;

Can we design QNN layers based on recurrent neural net-
works (RNNs)?Although a valid choice, RNNs lack key proper-
ties that we shall exploit to facilitate efficient inference. First, the
state-space layer involves point-wise operations and is consid-

where t is the time since the state-space model was last run€rably cheaper to compute than other layers in a deep network,
anda, andh denote time-varying state-space scalars that are®-9, convolutions or spatial transformer blocks. Thus, for boost-

parameterized as.

) h=(1 (6)
wheref : R'! R* andg : R! R are learnable func-
tions. This particular form of Eq. (6) results from the zero-order
hold discretization of an underlying continuous-time differential
equation (which we show in the supplementary material).
The proposed agaptiS a selective state space model thaer-
ates on Bernoulli time serid3; (p) using the parametegs =
lip)=e ¥t®Plandh =1 !(p)=1 e ¥P) Here,
r«(p) is the estimated runlength, a functionf® (p)g' -, .

a = e a)g(Ur);

ing the inference efficiency of QNNs, we can focus on reducing
the inference cost of these convolutional and transformer layers.
This observation is also true for certain RNN variants where
state updates involve diagonal matrix multiplicatiornd,[ but

not for vanilla RNNs featuring dense matrix multiplications.
Second, the state-space model has a continuous-time interpre-
tation, allowing us to train QNN layers at a particular frame
rate, but infer at a different cadence or at irregularly spaced time
instants. We also inherit some auxiliary benefits from using
(scalar) state-space modelsj—including GPU-parallelizable
algorithms for training, unlike RNNs that suffer from slow se-
quential training.



4. QNNs On-a-Budget

Sec. 3 explains the basic building blocks of QNNs, and how

they aggregate information temporally for robust perception.

However, consider a quanta sensor runnintatkHz. Incur-

ring even a cost df ms to process a single frame, an acceptable

latency for many edge-deployed neural networks, would imply

taking 10Gs to process one second of quanta-sensor acquisition.

Thus, we simply cannot run QNNs directly on quanta frames

as is. How can we achieve the benefits of QNNs while staying

within practical resource and latency envelopes? Our key obfigure 4.Eventful computation using a topt0% policy, visualized
servation is that while the sensor-proximal QNN layer acceptsfor the sensor-proximal stage and intermediate feature maps. For
photon streams at extremely high speeds, later QNN layergransformer models (depth estimation), gating operates in the spatial
transform those into feature maps and eventual task objectiveslimensions. For convolutional models (point tracking), channel sparsity
which typically do not vary at such high speeds—resulting in is also used. The event policy reduces FLOP coun bfor both

an inherent temporal redundancy across the QNN layers. models. Features are visualized using their top-3 principal components.

One direct approach to exploit this temporal redundancy,i., - accumulate layers sum up the result of linear operations

Wht')Ch for:ns our bascfa |rr]1ference mode or I"IQ'NN ﬂeqs_e_”,l|s 0 on increments and present dense versions to subsequent layers.
subsample outputs of the sensor-proxima r?mer,t e initial Please see the supplementary material for more detailed descrip-
layer consumes quanta frames e_lt the sensor's frame_ rate a_nd tht'?ons of gating and accumulation. Finally, since QNNs operate
rest of the QNN stackubsamplegis outputs. We achieve this . sa1v e apply eventful computations after an initial number

by altering  t used in the state-space equations Eq. (7). OWING ¢ ¢ anta frames (200, or about2 ms) have been processed,
t_o their condt!?fuous—?me mtgrpr_etatlon, QNNs can generalize to allowing QNN states to filter out photon noise.
time gaps difterent from train-time settings. Eventful computations can reduce FLOP count§H\0 |,

However, this direct approach IS scene-agnosﬂc, which Candepending on the level of mation, without appreciably lowering
be wasteful for slow-moving scenes and detrimental when there erformance. Fig. 4 shows eventful computations in transformer

'S fast_ motion. We design two compleme_ntary approaphes tha depth-estimation) and convolutional (point-tracking) QNNs;
exploit temporal redundancy by allocating computational re- architecture details are provided in Sec. 5.1. By altering the

soutrcels na scfe ne—ada;ptwe malmﬁc:\zntfs I computit|ﬁ10p- th event policy (value oK), we can gracefully trade performance
erates fayers of a quanta neural network incrementally, on th§, .o ,;cq compute costs—we show this in Sec. 5.2.

changes to its input feature maps. Eventful computation also . ]
leads to parsimonious motion-dependent readout, which is remiSparse readoutApplied to the sensor-proximal QNN layer,

niscent of event camera [15]. Change-driven samplirgjlows eventful encoding can help reduce readout costs. We transmit
us to flexibly choose output times that can be irregularly spacedSParse matrices using compressed-sparse column/row formats

instants and driven by the underlying scene dynamics. (sincel agapt2 RMY) along with the time-stamp information
_ (per encoded matrix). As we show in Sec. 5.2, eventful QNN
4.1. Eventful Computations and Readout readout leads to a superior rate-performance tradeoff than pre-

Many deep neural network layers combine a linear operatorvai””g bandwidth-efficient quanta-imaging techniques [67].
(denoted by, e.g, fully connected layers, convolutions, matrix-
vector products in self-attention) and a point-wise non-linear
activation €.g, ReLU, sigmoid) that is more lightweight to  Eventful computations are an effective tool to reduce floating-
compute. Linear operators can be updated incremeritally,  point operations but require specialized sparse-workload accel-
L(x+ x)= LX)+ L(x). Thus, ifL(x) is cached€.g, erators (or neuromorphic hardware) to fully realize wall-time
the output at a previous instant), and runriif{gx ) is cheap,  speedups. We now propose a complemerthange-driven
then computind. (x + X ) can be cheap. Non-linear activations samplingmode that offers substantial run-time advantages by
continue to be run densely, by accumulating changes into valuesadaptively determining output rates.

QNN layers employ lightweight element-wise computations, ~ We let inference be driven by significant changes in the
so we run their core recurrence (Eq. (7)) on dense values (insensor-proximal stage, thereby automatically adjusting resource
stead of increments). We sandwich linear operations in QNNs—costs according to the level of motion. Specifically, we run the
including operations that drive the selective parametery QNN stack (beyond the initial layer) whenever the fraction of
andc (Egs. (6) and (8))—between “gating” and “accumulate” significant changes in the adaptive integrat@pp(p),
layers [L3, 86]. Concisely, gating selects significant changes X X
in an input tensor using an event polieyy, highestK % of il agep(P) | wef(P)i O 1: )
values in the input tensor, which we term as a "o’ pol-

4.2. Change-driven (Irregular) Sampling



Figure 5.Monocular-depth estimation of a stress-ball deforming at high speeds.ong and short exposures (insets) are too blurred or noisy to
accurately estimate relative depths. Explicit-image restoration, here using video derddisifufi¢wed by depth estimation succeeds, but with
high compute§02 GFLOP/output), readou®75 bits/pixel/sec or bps) and latend000ms) costs. Our DepthAnything-v2 QNN with dense
computations accurately estimates depth %8G FLOP/output an@8 ms latency; however, readout is unchanged. With eventful computations and
readout, costs further reducea® GFLOP/output and70bps. Efficiency metrics are presented as a ratio to the QNN eventful approach.

exceeds a critical valueeg, 5%). Here,l is the indicator
function, | (¢ is the previously-stored value bfgap: and is

a threshold (set betwedhl-0:2). Further, we set t to be

the gap between the irregular inference times. Change-driven
sampling can provide substantial speedups when a scene consists
of a wide range of motion speedsg, when capturing high-
speed dynamics, the phenomena of interest may only last a
short duration. In Sec. 5.3, we demonstrate how change-driven
inference adapts between a std@Hz to an ultra-fasp4000Hz

without knowing any scene-specific information ahead of time. Figure 6.Tracking points on a spinning prize wheel in low light. The

. L light level here is3 lux (on the sensor side), 6r07 PPP (quanta frame
5. Experimental Validation of QNNs shown in thetop-left inset. We use QUIVER §] as our restoration-

. I based point-tracking baseline. Our (eventful) QNN cons.866s
We demonstrate the inference capabilities of quanta neural net,, o, £ ops compared to restoration-based computer vision.

works on three computer vision tasks whereliftémage- and
video-neural networks to photon-level equivalents by introduc-a Blender-simulated dataset consisting of quanta frames with
ing QNN layers. These tasks can be seen as example casen average photons-per-pixel (PPP) in the rafdg@s; 0:5),
studies; QNN layers are compatible with a broad swath of neu-and paired depth maps. Further, we employ a combination of
ral networks. To demonstrate the real-world applicability of scale-and-shift-invariant and gradient-matching loss tefrs [
the proposed approaches, we show results on real data acquired Fig. 5 shows a scene with non-rigid deformations of a stress
with a SwissSPAD2¢] quanta sensor. The sensor consists of pall which are challenging to capture without high-speed ac-
an array o256  512pixels which we operate 86:8 kHz. quisition. The acquisition compris8892quanta frames from

. which we output depth maps &# time instants. Running
5.1. QNNs In-the-Wild DepthAnything-v2 directly on summed photons results in either
Using three example tasks, we showcase the versatility of QNNsthe dynamics being missed (strong blur due to long exposure)
in enabling computer vision across a spectrum of illumination or erroneous depth (short exposure). We could run image recon-
and motion scenarios, spanning a dimly lit room to sports-struction from quanta frames sequence before depth estimation,
photography speeds. These results involve inference acrosbut it comes with extremely high computational costs. More-
quanta-frame sequences, but for brevity, we show results at @ver, since we have to wait for reconstruction to finish before
single-frame index; please see the supplementary material forunning depth estimation, the latency, or time to the first output,
multi-frame outputs. When comparing to baseline methods,is prohibitively high. In contrast, the proposed QNN approach
we assume evenly-sampled inference instants: we analyze theequires20  fewer computations antb0 lower latency, by
utility of change-driven irregular inference in Sec. 5.3. running in a streaming (or recurrent) fashion, while achieving
high accuracy depth estimation even in this challenging scene
with high-speed non-rigid deformations. With eventful com-
blocks. To retain the original model's strong generalization putations.e., by updating feature maps incrementally, we can

capabilities, we initialize with its weights and only finetune the TUrther reduce FLOP counts By and readout b0 .
QNN and the depth-prediction layefsy. When finetuning, we  Multi-frame point tracking. We employ the Pips++ modei§]
assumd28 subsampling at the sensor-proximal layer and use which tracks a set of query points throughout a video. We insert

Monocular depth estimation. We pick the DepthAnything-v2-
small model 6] and insert QNN layers between its transformer



Figure 7.Videography of a traffic scene.We compare our method to
a bandwidth-efficient videography methdi]. QNNs improve by as
much ass0 on the compute, latency, and memory metrics, and offer

matching bandwidth numbers when using their sparse readout mode.
Figure 8.Rate- and compute-performance tradeoffas evaluated for

QNN layers between the feature-extractor blocks of Pips++ andthe depth-estimatiofiop row)and point-trackingbottom row)tasks.
leave the track-refinement block as is. For a training datasetOur QNN approach offers better performance for both tasks (higher is
we simulate quanta sequences of lergB2with annotated bette_r for b_oth metrlc_s) across a sweep of readout rates,_ while reducing
fracks Using the Kubric simulato8T]. During training, we set floatlngjpom;[1 ope(rjatlons b;_/ one to two orders of magnitude. Marker
the subsampling factor 66 , sample PPP values in the range annotations here denote GigaFLOP count per output.
(0:05,0:5), and use the weightdd, loss objective [27]. 5.2. Compute- and Rate-Performance Tradeoff

We perform point tracking on a spinning tabletop wheel in
low light (3 lux). Using the SwissSPAD2, we captut@96
guanta frames, and we track points act®égvenly spaced

In this section, we study the trade-off between the resource
requirements of QNNs and their task performance on depth
instants. We consider QUIVER][for our reconstruction-based gst|mat|on and point tracking. We compare agalns_t tW 9 b.a Se-

lines that we use for reconstruction-based quanta vision: video

pol nt tracking baseline. As seen in Fig. 6, running Pips on denoising and bandwidth-efficient videography. The latter can
noisy short exposures leads to erroneous tracks. Reconstruction-

based point tracking produces reliable tracks but involves highvarw;sn:zzgog Z\r:I? ug;gfr::ﬁézg:tﬁgrgge;ﬁis of the datasets
inference costs. Since QUIVER is a recurrent network, we esti- u P Pl

mate its latency as the processing time for a single sum imag simulated for the depth estimation and point-tracking tasks.

(of 80gquanta frames), which we note is lower than the latency ofeEaCh data point featuré@96quanta rames simulatedétkHz

our previous video-denoising baseline. Our QNN approach pro-" ith an average 00:3 PPP. For depth estimation, we use a

duces high-accuracy streamlined tracks while incur3bg rsne:r?sgzrsoi)r:lmtilrzzgz?(;nsgggrgt ' (aggcgrizszrec);astl)(ir?tiﬁv(\)/gere
lower FLOP counts an80 lesser data readout. 9 y P 9 P

the estimated and ground truth depths differ by not more than

Intensity restoration. While not our main objective, we vali- - 2g5y4) For point tracking, we subsample 8§6 , and calculate
date the proposed QNN approach on intensity restoration as afne average Jaccard index when trackiigquery points per
example end task. We compare against a bandwidth-efficienisequence with the most motion; this measures the percentage
quanta videography techniqu’], by adopting its restoration  of predicted tracks that lie within a threshold distance of the
network; we replace its time-domain transformer layers with ground truth. Following Harley et d27], for (quanta) frames
QNN layers (of similar number of heads and head dimensional-of spatial resolutio256 256, we average the Jaccard index
ity), and 3D convolutions with 2D convolutions. During training, - over the thresholdsL; 2; 4; 8; 16g.
we subsample the sensor-proximal QNN laye68y . . As Fig. 8 shows, QNN offer more than one order of mag-

For a training dataset, we simulate quanta frames using thé,jyde FLOP reduction with the option to gracefully trade-off
XVFI high-speed video datasety] We logarithmically sample  performance to reduce computational costs—a flexibility that
the average photons per pixel (PPP) in the r{0di5; 0:5) and  the paselines do not possess. Our method simultaneously pro-
train for 40 epochs using thee; loss objective. _ vides a rate-performance tradeoff superior to current bandwidth-

Fig. 7 shows intensity reconstruction on a traffic sequence efficient restoration methods; this is particularly pronounced for
spanningt2ms and al500FPS. The long exposure depicts the  gepth estimation, partly because QNNs model temporal dynam-
range of motion. While the bandwidth-efficient reconstruction jcs throughout their architecture, while the baselines estimate
method offers modest readout, it involves large compute a”ddepths on a per-frame basis.
!atency costs. In comparison, QNNSs run recurrently, res_ulting We also present preliminamyall-time savinggor event-
in4 lower FLOP counts and2 lower latency. Further, with  f jnference, when running on CPU, in the supplement. Re-
gvgntful computations, we see an order of magnitude reductlonanzing GPU speedups requires carefully minimizing sparse-
in inference FLOP count and low readout costs. computation overheads and is an important next step.



) ) Dense compute Eventful compute (tbpy9
Sensor-proximal Intermediate P pute (

integrator type QNN Layers PSNR  AJ" o' PSNR  AJ acc'
dB % % dB % %
Fixed 7 29.2 59.8 50.8 28.7 52.3 49.4
Adaptive 7 30.3 60.1 53.2 29.9 54.6 52.1
Fixed 3 350 761 69.1 32.7 70.3 64.6
Adaptive 3 36.7 759 712 34.7 70.7 65.5

Table 1.Ablation study. We study the impact of including intermediate
QNN layers and our choice of the sensor-proximal integrator. We see a
marked improvement in performance when including learnable QNN
layers {op twovs bottom twarows). Adaptive integration is less noisy
than fixed integration that preserves comparable motion, resulting in
better performance when using eventful computat{dghkt column)

As Tab. 1(first row) shows, using no adaptivity in temporal
Figure 9.Change-driven inference instants(Top row)We run infer- aggregation hampers task performance. Using just the sensor-
ence based on significant changes in the sensor-proximal stagg.(  proximal stage is a better choice, but is subpar to incorporating
Dotted-gray bars indicate the quanta frame indices when inferenceptermediate QNN layers. As the last two rows of Tab. 1 sug-
occurs. We run_inf_erence more r_apdily as the balloon pops than be'gests, the general QNN layers can make up for performance in
fore and after, yielding a50 run-time speedup over evenly-spaced the absence of a first adaptive layer. However, when we apply
mference_thgt can capture the same dyngr(ﬁm:tom row)We further eventful computations with a tafB%selection [,Jolicy (as an
note quality improvements over uniform inference of comparable cost. example), fixed aggregation, which is noisier in slow-moving
5.3. Change-driven Sampling regions, leads to weaker performance than adaptive aggregation.

High-speed dynamic phenomena tend to be ephemeral, making ) )
it wasteful to run an inference model on an entire sequence ap. Limitations and Discussion

.h'gh (_)_utpu.t rates. Instt_aad, change-driven sampling aUtOInn"’lt'ca'IyQuanta neural networks perform computer vision with photon
identifies times when inference should be run.

. : . detections and forego image reconstruction—with their efficient
Fig. 9 shows an example of change-driven sampling when. ; . .
: inference modes, this leads to ovsorders of efficiency im-
reconstructing a balloon-burst sequenc&3#000frames. As . .
provements over reconstruction-based quanta vision. However,
the person moves the thumbtack to pop the balloon, the QNNour work is not without its limitations. The causal, point-wise
outputs a0 Hz. When the balloon ruptures, the QNN jumps as : . P

much a4000Hz, before dropping down BO0Hz as the latex QNN layers have less expressive temporgl modell_ng than simi-
. , lar transformer layers. Eventful computations, while a promis-
material flies out of the person's hand. Overall, our quanta net-

oS 12 Tnrenc eps, win160 e speed 0 e L eueng ol ort aperatonsnecesae
and 240 less readout over inferring all outputs 2 kHz. P prop P pS-

Change-driven output fidelity is also higher than uniform in- Tasks limited by (labelled) dataset availability. We adopt a
ference at comparable cost (running wi®24 subsampling). sup_er\nse_d training setup for QNNS in this work, which limits
As highlighted previously, we can combine change-driven sam-their application to computer-vision tasks where quanta-sensor
pling with eventful computation and readout; using a2686 datasets with paired groundtruth are available, possibly using
selection policy, the former reduces theoretical FLOP counts bySimulation enginese(g, we use a Blender-based simulation

5 , while the latter reduces readoutdrp . pipeline for obtaining high-quality groundtruth depth and paired
guanta-sensor data). To broaden the capabilities of quanta vision

5.4. Is the Sensor-Proximal QNN Layer Suf cient?  to tasks such as object detection and semantic segmentation, a
In this section, we evaluate the effect of the location and natureSe!f-Supervised learning setup that can use unlabelled real-world

of information aggregation performed by the QNN layers. We guanta-sensor acquisition would be an enticing next step.
evaluate whether photon aggregation just at the sensor-proximaBlurring the sensing-processing boundaryAs the affordances
layer is sufficient or do later QNN layers increase performance of near-sensor processors evolve, more QNN layers may be com-
and whether adaptive integration improves performance. Inputed on sensor. Quanta neural networks of the future could
both ablations, for a fixed aggregator, welset 255=256in operate in a split-computing setups] 17, 28, 42, with sim-

Eg. (2). We measure performance across the intensity imaginglar kinds of computations occurring before and after sensor
depth estimation, and point tracking tasks by training models in readout—breaking down the distinction between upstream sens-
a similar manner as our overall approach. Further, for intensitying and downstream processing. As an example of the ensuing
imaging, we benchmark on the recently proposed i2k datéset [ implications, we could imagine sparse or eventful readout oc-
by interpolating ground truth frames frorkHz to 64 kHz and curring at intermediate QNN layers; thus, the produced events
then simulating quanta framesGaB PPP. would depart from encoding intensities to feature-map elements.
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forms the basis of our QNN layers. Recent state-space mod-
. els [LO, 23, 24, 64, 65] offer temporal modeling capabilities

Appendlces with a subquadratic (in sequence length) complexity. Several

works examine their potential as a replacement for vision trans-

formers [13, 46, 55. State-space models have also been utilized
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semantic segmentatior]], and even processing event-sensor
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first layer, like we do for intermediate layers), may be applied

Secs 3.2, 3.3: Zero-Order Hold Discretization13

Sec 4: Inference Mode Specifications 13
Eventiul C i 13 to other temporally-oversampled sensors. An example of such
ventiur -omputation . . . . . . .. . a temporally-oversampled sensor is a spike canrasf],
Sparse Readout . . ... ....... 15

which outputs binary-valued responses at arat@kHz; the
sensor continuously accumulates photons and fires a “1” when
a certain threshold is exceeded (the accumulator is reset shortly
o after). There have been several works that reconstruct images
Depth Estimation . ... .. ... .. 16 from spike streams, by exploiting their statistical propertiss [
PointTracking . . . . ......... 16 84), and optionally using learned neural network to improve
Intensity Restoration . . .. . ... .. 16 output image fidelity 7, 78, 82, 85). Quanta neural networks
may be applied for image reconstruction from spike camera
outputs—and more broadly for other computer vision tasks—by
integrating temporal information over longer context windows.

Summary of QNN Inference Modes . . 15

Sec. 5.1: Quanta Neural Network Detalils 16

Sec 5.1: Expanded Visualizations 17

Sec 5.1: Choice of Reconstruction-Based

Quanta Vision Baselines 17 While we do not study QNN's applicability to spike streams in
this work, such a study would be informative but subject to the
Sec 5.1: Warmup Steps 18 public availability of suitable (spike camera) datasets.
if,;fjt'ecpu Run-time Speedups of Eventfmlg Sec 3.2: Adaptive-Exponential Smoothing
Sec 5.2: Rate-Distortion Analysis of Intensity- The goal of Bayesian run-length estimation, as employed in the
Restoration QNN 19 Bayesian online change-point detection algorithm (BOCHP [
is to determine the time since the last change occurred. Changes
Sec 5.3: Change-driven Sampling 19 can be detected in BOCPD by flagging time instances where
the forecaster associated with run length zero has a greater
Comparison to Direct-Perception Methods 19 value than the forecaster that predicts that the run length has

been incremented from its previously known value. Sundar
In the following appendices, we provide more technical and et al.[67] use BOCPD to set the window lengths of cumulative

experiment-specific details—and some interesting practical conmoving averages.e., whether to continue updating the stored

siderations and asides. We categorically list each title accordingcumulative mean or to reset it when a change is detected. In

to the section in the main text that they correspond to. contrast, our formulation of the adaptive integrator in Sec. 3.2
Please note: citation numbers in the appendices point to thedoes not rely on change detection; we use run length estimation
main paper's references. to modulate the adaptive exponential smoothing operator.
In the following, we provide more details regarding the fore-
Sec 2: Extended Related Works casters s(p)gS., , whereS is the (constant) number of fore-

We now provide an expanded discussion of works that areCaSters maintained per pixel, gpaienotes the pixel location,
related to quanta neural networks either in terms of its technicalUsed in Bayesian run-lgngt_h estimation. _':°"°W'_”9_the main
components or pertinent techniques that have been applied X1, we now drop the pixel index to describe the |_n|t|aI|zat|on,
other sensing modalities beyond quanta image sensors. pruning, and updates of the forecaster more concisely.

State-space models in computer visiorOur work presents  Forecaster initialization and update rule. Each forecaster
a connection between integrators that perform motion-aware s is associated with a Beta prior, which is parameterized by
aggregation of photon detections and state-space models, whictwo values ¢ and 5. At each time step, we initialize a new



forecaster- as: Renaming variables, we can discretize Eq. (11) as

x* he = ah, ¢+ bug; 13
_ . +s B, + +s 1 By : (10 t = ahe ¢+ hug (13)
s=1 0 0 where,
The newly initialized forecaster is associated with a uniform ot t B _
prior, i.e, Bet{~ = 1;~ = 1). Next, we update existing & =€ »o =0 a)g(u): (14)
forecasters

Notice that we can also choose to obtain an update rule for
hit o fromh; ¢, which we do when altering inference rates
of the SSMs, as long ag is constant betwegft ~ t;t+ t9
o ] (implying that the zero-order hold assumption persists). Since
which is just Eq. (4) restated. We nominally use= 10 * our sampling of the input feature maps is event-driicen based
and take it up to = 10 S for highly dynamic scenes. The o sypstantial changes in the input, this is a valid assumption if
terms in parentheses that involve, s, andB; correspondto 5y event-driven thresholds are not too large.
the predictive likelihood, which intuitively measures how accu-
rately the prior model (the Beta distribution) accounts for the Sec 4: Inference Mode Specifications
incoming photon-detection distribution. The forecaster whose
initialization time is closest to the previous abrupt change (or In this section, we provide more implementation details regard-
changepoint) will have the highest forecaster value—up until ing the efficient QNN inference modes proposed in Sec. 4.
the next abrupt change comes along.

The newly initialized forecaster is included if ~ >
argming s and discarded otherwise—thus, at any given time Gating layers operate slightly differently between convolutional
instant, onlyS forecasters are held in memory. Finally, using and transformer layers. For convolutional layers—which operate
the forecasterk g, we estimate the run length as described ~ on tensoray; 2 RO e, a 3-dimensional time-varying
in Eq. (3). While we can use the run length to drive the adap-tensor with height, width, and channel dimensions—gating first
tive smoothing parametér, from here, we find it beneficial ~ subtracts the current tensor from a previously stored reference
to first “min pool” the run length estimates usingpa 5 or value:

7 7kernel. Our intent behind this choice is to benefit from U Ug  Uper. (15)

the additional information in a patch of pixels (over.individugl Then, the event policy is applied onu:,
_pl_xels) _and encourage run lengths to be conservative at a pixelg|acts the top fraction ofu
if its neighborhood witnesses an abrupt change.

Algorithm 1 provides a detailed listing of our proposed
adaptive-exponential integrator. Uef  Urft+ EventPolicy u): (16)

s @ )s — B+ —2>—( B ;
S

S+ S S

Eventful Computation

e.g, a policy that
values. Then the reference is
updated for the changes that are indeed propagated:

Secs 3.2, 3.3: Zero-Order Hold Discretization The first time eventful compute is used, the reference tensor is
) . . ) setto zero and all values of are propagated. In other words,
In this section, we derive the discrete state-space model as ifyq first step involves dense operations. Further, note that gating

arises from applying zero-order hold discretization to the under-, yhe convolutional layer exploits sparsity across both channel
lying continuous-time system. We assume that the underlying, 4 spatial dimensions.

continuous-time system to the selective state-space model de- For transformers, we work with 2-dimensional tensgre

scribed by Eq. (5) is R(C) whereL is the token length dimension, which can vary
dh(t) _ depending on the resolution of inputs that are processed by the
at f(u(®)h(t) + glu(®)u(t): 11) (spatial) transformer layer. For instance, when working with
vision transformers that involve an initial patch-embedding stage

Now assuming zero-order hold discretization, which implies ..o o1 < 956 512image down to patches &6 16 pixels
that the inputi(t) is constant between sampling instances, 5% the token length would b&12 Notably, vision transformer have

(G ]: a variety of operations that are applied token-wise, including
dh(t) _ the token-wise multi-perceptron layer (MLP) and query-key-
g = @)h(®+ glut))uly); (12)  value generation. We adopt the design of Dutson df.4].

and apply gating for token-wise operations using a gather and
scatter routine. The overall operation is quite similar to Egs. (15)
ht)= e CICPICIRTEN and (16), except that rather than w<_)rk with sparse tensays
)t ) _ the non-zero values are packed into a smaller dense tensor
+1 e PR g(ult )udt ): (gather operation). After computing relevant token-wise blocks,

which yields the update



Algorithm 1 Adaptive-exponential smoothing. Typical ranges for the decay facioe[10 ©; 10 4], with larger values resulting a
more responsive motion modeling, and thus, less blur. Further, we nominglly=s&d andk = 5.

Require: Quanta sensor respongg(p)
Decay factor,
Number of forecaster§
Pixel locationsP
Total bit-planesT
Min-pool kernel sizek
function ADAPTIVEEXPONENTIALSMOOTHING(B(p;t), )

1:

2 Forecasters,s(p) withl s S.

3 1(p) 1, s(p) Oforalls>1p2P.

4: Forecaster time instanf&(p) withl s S;p2P.

5 Ti(p) 1, Ts(p) Oforalls>Lp2P.

6: Alphas (of a Beta prior), s(p) withl s S;p2P.

7 1(p) 1, s(p) Oforalls>21,p2P.

8 Betas (of a Beta prior),s(p) withl s S;p2P.

9 1(p) 1, s(p) Oforalls>1L,p2P.

10: Adaptive EMA,| a4ap{p) Oforallp 2 P.

11 fort2f1;:::;Tgdo

12: forp 2P do . p

13: L reP)=( < sE)Xt TsP)) ( < s(P) . run-length estimation, E@3)
14: forp 2P do

15: 'min pool(p) It (p)

16: for g 2 Neighborhoog(p) do

17: L L I'min pool(p) minf I'min pool(p); rt(Q)g . Min pooling run Iengths
18: forp 2P do

19: I(p) = e ¥ mnpoolP) . modulating the exponential smoothing, E).
20: lagapt (P) ! t(P)agapt 1(P)+(1 ! ¢(P))Bi(P) . recursive update, Eq2)
21: ~p) O

22: for s such that ¢(p) > Odo

23: Definels(p) = ( s(p)Bi(p)+ s(P)@ Bi(p))= s(p)+ s(p) . compute predictive likelihoods
24: s(P) @ ) s(p)ls(p) . update older forecasters, E@)
25: s(P)  s(p)+ Bi(p)

26: s(p) s(p)+1 Bi(p) . update Beta priors
27: - ~(p) ~(P)+ Is(p) s(p) . new forecaster, Eq10)
28: if ~(p) > ming ¢(p) then . check if the new forecaster can replace an stale one
29: Denotesmin(p) = argmin ¢ s(p)

30: s 4P)

31: TSmin(p) t

32 TS Y S | . initialize uniform prior

33: return | adap(P)

the updates are scattered back. To exploit eventfulness in th€hange-driven Inference
core computations of self-attention, we further follow the design
of eventful transformers [14].

To keep track of significant changes, we adopt a similar mecha-
nism as a (convolutional) gating layer. The policy, however, is
not topK ; instead, as written in Eq. (9), we threshold the differ-
Accumulation layers, for both transformer and convolutional ence betweehagaprand the reference value. When the fraction
models, simply store the sum of changesi{) over time and of significant changes as defined by this threshold exceeds a
transmit the summed value. certain value, we run the rest of the QNN stack.



Sparse Readout

For the sensing stage, we compute output bits at each query
time as the minimum transmission entailed between the dense
(transmit a data point regardless of it being zero or nonzero),
compressed sparse column (CSC), and compressed sparse row
(CSR) formats. Additionally, we assume that each data point
is represented by0 bits and shares H0-bit timestamp infor-
mation across the encoded packet (which negligibly affects the
bits/pixel/second or bps).

While not our main consideration, the sparse readout can
be applied to QNN layers beyond the sensor-proximal QNN
layers. For intermediate stages, which outpdimensional
tensors (channels, height, and width dimensions), we cannot use
CSC and CSR encoding—since these apply to sparse matrices
only—so we resort to the morema coordinate-list encoding
(COO0). COO encodes each non-zero element and its position
in the tensor. We do not use COO for sparse matrices (when
encoding the readout of the sensor-proximal stage), since this
format is less space-efficient than CSC or CSR.

Summary of QNN Inference Modes

Tab. 2 provides a summary of QNN inference modes that arise
from combining eventful computation and irregular sampling, as
well as the sequential and parallel forms of the core state-space
recurrence (Egs. (5) and (7)) employed by QNN layers.

First-layer sampling Computatioh Utility

Evenly-spaced Parallel Throughput (batched)
Evenly-spaced Sequential | Constant memory usage
Evenly-spaced Eventful Low FLOP count
Change-driven Sequential | Reduced runtime
Change-driven Eventful Reduced runtime & FLOP count

Table 2.QNN inference modeslUsing state-space duality that con-
verts the recurrence of Eq. (5) to a matrix-vector product [10], we can
parallelize QNNs during training. Whereas, their sequential inference
features constant memory consumption. Eventful computations can sig-
nificantly lower floating-point operations, but may require specialized
sparse-workload accelerators. Change-driven perception, a comple-
mentary mode, runs QNNs at sporadic and irregularly-spaced instants.

Eventful computations and change-driven samplingThese
inference modes present complementary ways of allocating
compute resources according to the level of motion in a scene.
Eventful computations, involving neuron-level control flow, is

an enticing north star, especially as hardware support for sparse
operations grows. Change-driven inference operates at the net-
work level, providing a direct realization of run-time benefits,
but with a coarser resource adaptivity. The latter's utility is
conspicuous in real-world high-speed acquisition that benefits
from the “temporal foveation” of change-driven sampling.



Sec. 5.1: Quanta Neural Network Details Dataset generationWe generated multi-frame point tracking
data for quanta-image sensors using synthetic datasets similar
to Tap-Vid [L1]. We first generate high-speed sequences cor-
responding to the motion speed800FPS, each lasting 128
?rames, with every frame labeled. We then use learned inter-
polators to upsample the frames and simulate binary frames.
Depth Estimation This approgch prc?v_ides tracking annotations for eldéginary

_ frames during training.
We convert the DepthAnything-v2 model, whose objective is ¢ generate tracked points, we modified the Kubric sim-
relative-depth estimatiori.¢., depth maps are estimated up ,jator [37], a physics-based engine that models object mo-
to an unknown scale and shift factor) from a single image 10 tjon with forces such as gravity, friction, and restitution.
its quanta equivalent by inserting a QNN sensing layer andyye ysed the Movi-e subset, which features objects from
QNN layers after every vision transformer (Vi block. We  Google Scanned Objects. By default, Movi-e runs at tens
highlight that the DepthAnything-v2 model uses DINO-#2][ o frames per second. To simulate high-speed scenes, we
as a pre-trained encoder, which is a family of feature encodersy|wed the virtual world by scaling down gravity (reducing

that have been trained in a self-supervised manner on largg,|| speed), restitution (weakening collisions), and friction
corpus of data and subsequently distilled into smaller mOdels'(minimizing rebound effects), settingbj.friction=0.1

thus, our depthje.sftimation QNN case study also speaks to th%bj.restitution=0.2 , and gravity=1 . This force
broader compatibility of QNN layers with a slew of DINO-based  caling ensures that both the frames and annotations are appro-
computer vision models. priately synchronized.

Dataset generation\We use Blenderd] to generate a synthetic In terms of motion, half of the dataset includes object motion
dataset consisting d500unique sequences froB0 indoor along with randomized linear camera movement, while the other
scenes. Specifically, we render about a quarter second of groundralf features a static camera to isolate local motion. Kubric's
truth frames and depth maps for each sequers@this. We default outputs do not include 2D point tracks, so we adapted
further interpolate the ground truth frames by a fact@f processing functions from the Kubric Long-Term Point Tracking
using RIFE B1] and then sample these using the quanta-image challenge to project 3D coordinates into 2D points. Each scene
sensor's response model described in Eqg. (1) to produce binangenerates a video with randomly sampled points, tracking
frames atl6kHz. This yields129ground truth depth maps and their (x, y) positions over time along with occlusion flags.
4097binary frames per sequence, all at a resolutidsil@ 512 Finally, we apply deep interpolation using RIFE], increas-
pixels. A single sequence takes ab8ut 5 minutes to render,  ing the frame rate by »6while keeping annotations at their orig-
interpolate, and sample on a single RTX 3090, depending on thenal rate. Computation occurs on all consecutive binary frames,
scene complexity, resulting in a total simulation time of roughly but targets are evaluated only at annotation timestamps (every
5-GPU days. 16 binary frames). Figure 11 illustrates an example of simulated
Training details. We train the DepthAnything-v2 QNN on our 2D tracked points and binary frames. In total, we generated
simulated dataset f@&0 epochs using the Adam optimized 2,000 training clips (128 frames each) and 40 test/validation
with initial learning rate10 © that is annealed to a value of Clips. Videos have a resolution of 28856, and generating a

10 ° using a cosine learning-rate schedule. We also finetunel28-frame sequence takes approximately 10 minutes on an Intel
the pre-trained image-based DepthAnything-v2 model on theXeon Platinum 8260 CPU.

same dataset (we train only its DPT he@d) for our compute-  Training details. We train the Pips++ QNN on our point-

We now provide architecture-specific details of our proposed
QNNs—the modifications involved in converting image- and
video-based neural networks to quanta versions—and detail
specific to dataset simulation and neural-network training.

performance and rate-performance comparisons. tracking dataset fot0 epochs using the Adam optimizer with
_ _ initial learning ratel0 “ that is annealed to a value b0 °
Point Tracking using a cosine learning-rate schedule. We also finetune the

pre-existing image-based Pips++ on the same dataset for our

We start with the Pips++ modeb§] which tracks a set of query ;
compute-performance and rate-performance comparisons.

points throughout a video. The model first computes feature
maps for each video frame using a 2D residual convnet, pos
which feature vectors are extracted at the query points and use
to compute multi-scale correlation cost volumes. Pips++ invokesWe adopt the same video restoration architecture as Sundar
a zero-velocity assumption for the output tracks at initialization. et al.[67] which consists 08 space-time factorized densely-
The initialized tracks are iteratively refined along with the cost- connected blocks7[l] and operates on feature maps whth
volume correlations to yield a final trajectory estimate. For the channel dimensions. We replace the transformer modules that
“lifted” QNN, we focus on the feature extractor and insert a operate in the time domain with QNN layers of similar parame-
QNN sensing layer, and QNN layers after each 2D residualter count (identical number of heads and dimensions per head).
block. We leave the iterative track-refinement network as-is. We also replace the 3D convolutions in each dense block with

Lntensity Restoration



Figure 10.Example scenes from the generated depth dataset.

Figure 11.Dataset samples from our generated multi-frame point-tracking dataset.

2D convolutions, discarding convolution in the time dimension. expanded point-tracking result here. Further, we provide more
As before, we also insert a first (sensor-proximal) QNN layer. QNN inference results in Fig. 14.

Training details. We train the intensity-restoration QNN using N Fig. 15, we show a version of the resultin Fig. 6, but with a
the XVFI dataset, from which we simulate quanta frames after logarithmically-scaled x-axis. We used linear scaling in the main
interpolating the original videos fro000Hz to 64000Hz ~ Paper to ensure consistency with Figs. 5 and 7, but the order of

using the learned RIFE model. From each interpolated videomagnitude compute improvements over reconstruction-based
we simulate quanta frames by treating pixel values as linearduanta vision makes it difficult to discern our QNN approaches
intensities and assuming an average photons-per-pixel rate thdp the plot.
is randomly sampled in the ran@@05; 0:5) (per quanta se-
quence). We train foB0 epochs using the Adam optimizer with  Sec 5.1: Choice of Reconstruction-Based Quanta
an initial learning ratd0 “ that is annealed to a value b ° Vision Baselines
using a cosine learning-rate schedule.
We include the following reconstruction-based methods as base-
Sec 5.1: Expanded Visualizations lines in Sec. 5.1, b){ f.irst runr?ing reconstruction and then the
relevant computer-vision task:
Fig. 12 and Fig. 13 show multiple-time instant (multi-frame « Video denoising(in Fig. 5): the network architecture is from
visualizations) of Fig. 5 and Fig. 7 respectively. For Fig. 6, Lietal.[41] andis trained using the interpolated XVFI dataset
we overlaid the cumulative tracksg, the trajectory of each to denoise a stack df6-64 frames. Each frame is the (tempo-
guery point) on the final frame, so we do not present a similar  ral) average 064 quanta frames. This architecture processes



Figure 12.Visualization of Fig. 5 across multiple time instants Efficiency metrics are included in the caption.

the input burst en masses., not sequentially. So the latency restoration QNN to QBP, using the same gquanta-frame sequence
cost for a downstream task is the cost of reconstruetihg  as Fig. 7, in Fig. 16.
frames plus the latency for running the relevant task.

* QUIVER (in Fig. 6): is a recent burst-restoration architecture Sec 5.1: Warmup Steps
which operates recurrently. So we estimate its latency as the
time taken to process a single input; in the case of QUIVER, Since QNNs are causal, they must see an initial number of
this is the average @0 quanta frames. (We tried to closely ~Photon detections before QNN layers reach a steady state and
match the settings of Chennuri et&l], where the average ~ can filter out photon noise. For our results in Sec. 5.1, warmup
of 8 quanta frames Captured ata Speemm{Hz is used as involved 256 binary frames (0264 mS). We pl’esent results
the input—we commensurately scale this number up for ourand compute efficiency metrics after the warmup phase.
guanta-sensor frame-rate.)

« Bandwidth-efficient videography [67] (in Fig. 7): arecent ~ Sec 5.2: CPU Run-time Speedups of Eventful
event-inspired videography technique for quanta image senCompute
sors that uses an architecture similarid] for image recon-
struction from the method's eventful readout. Like the video We present CPU speedups when using eventful inference with

denoising method, the reconstruction approach here is noft top10%and top20%event policy on CPU across all three
recurrent, which leads to high latencies. QNN architectures (intensity reconstruction, depth estimation,

and point tracking). For convolutional layers, we use the custom
While we haven't provided a comparison to Quanta Burst sparse and dense Cpp implementations corresponding to Dutson
Photography (QBF1]) in the main paper, we provide a latency et al.[13]. For transformer layers, no custom backend was
(time to produce the first output) comparison of our intensity- needed since Pytorch includes gather and scatter primitives. As



Figure 13.Visualization of Fig. 7 across multiple time instants Efficiency metrics are included in the caption.

seenin Tab. 3, we se?a4 speedup over dense computations One way to do this would be to incorporate continuous-time

when resorting to eventful or sparse computations. models, such as the state-space models QNN layers use, for its
track refinement network, but we leave this for future work.

Sec 5.2: Rate-Distortion Analysis of Intensity-

Restoration QNN Comparison to Direct-Perception Methods

Fig. 18 presents a rate-distortion analysis that compares thé&oyal and Guptd2?] consider SPAD-based quanta sensors
QNN-based video reconstruction to a quanta restoration techthat run at high speeds, but assume no motion; nonetheless, we
nique, Generalized Event§7, that aims to reduce sensor Ccompare against this method on depth estimation. We finetune
readout—and so is closest to the QNN approach along thethe DepthAnything-v2 model using the photon-space consis-
(readout) efficiency axis. The QNN uses a similar restoration ar-tency loss (stack of sums &6, 64, 256quanta frames). We run
chitecture as the video-restoration network used in Generalizednference on the sum @6quanta frames, which provided the
Events, but replaces the time-domain non-causal TransformeR€st noise-blur tradeoff for the scene shown in Fig. 19.

based decoder wittausal QNN layerghereby achieving an

order of magnitude compute reduction, with minimal loss in

reconstruction quality (Fig. 18). There are other intensity recon-

struction approaches.@, Chennuri et al[8], Ma et al.[51])

which require reading off the entire sensor data, and are thus

prohibitively expensive both from bandwidth and compute per-

spectives.

Sec 5.3: Change-driven Sampling

We provide an additional example of change-driven sampling
in Fig. 17, where we run our DepthAnything-v2 and intensity-
restoration QNN irregularly. Unfortunately, we cannot run our
Pips++ QNN irregularly without making modifications to its

iterative track-refinement module, which is based on temporal
1D convolutions, to work on irregularly sampled feature maps.
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