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Supplementary Notes

1 Frame correlation definition

Given a video represented as a sequence of frames, we compute the Pearson correlation coefficient
(PCC) between all pairs of non-zero frames. The correlation matrix is then accumulated across
different video samples belonging to the same class. Let x; and xs be the vectorized pixel
intensities of frames ¢t and s. The Pearson correlation coefficient between two frames is defined
as:

Zi(xm - Mt)(xs,i - MS) (1)
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where:
® X;; is the intensity of pixel 7 in frame t.
e 1; and s are the mean pixel intensities of frames ¢ and s, respectively.

e The denominator normalizes the covariance, ensuring the correlation values are within the
range [—1, 1].

For each class label y, the accumulated frame correlation matrix is computed as:

Oyt = S p(Ls) (2)

néeclass y

where p"(t, s) is the correlation coefficient between frames ¢ and s in the n-th video sample.
Since different frame pairs appear with varying frequencies in the dataset, the final averaged
correlation matrix is computed as:

- Cy(t,s)

Cy(t,s) = N,(t,s) + e (3)

where:
e Ny(t,s) is the number of times the correlation between frames t and s was computed.
e ¢ is a small positive constant (e.g., 107%) to avoid division by zero.

This ensures that correlation values are normalized by their respective occurrence counts, pro-
viding an unbiased estimate of frame-wise dependencies.

2 Analysis of frame correlation patterns

A particularly notable deviation occurs around frame 320 in Domain 1, where frames exhibit
high mutual correlation but lower correlation with subsequent frames. Upon examining the raw
data (Fig. 3), we found that among the few binding events lasting over 300 frames, the longest
event (655 frames) displayed two closely positioned spots between frames 308 and 334. This
interference caused a fluorescence pattern distinct from the typical single-fluorescence pattern
observed in other frames, leading to a drop in correlation with later frames, especially when
fewer binding events followed.

To illustrate these fluorescence features, we sampled representative inter-frame correlation
images (Fig. 3). Beyond the correlation variations, subtle differences in fluorescence images
can also be observed. For example, Domain 1 (8nt-10nt) exhibits slightly greater fluctuations
in peak positions and shapes compared to Domain 2 (10nt-10nt). Frames such as 198 and 620
in Domain 1 show a fluorescence shift toward the right, reducing their correlation with other



frames. The shorter binding duration in Domain 1 also minimizes the impact of photobleaching.
In contrast, the first long binding event in Domain 2 undergoes noticeable photobleaching in its
later stages, reducing the contrast between the fluorescence spot and the background. However,
peak positions and shapes remain relatively stable compared to Domain 1, providing a basis for
differentiation. The final two blue lines in the Domain 2 inter-frame correlations result from
transient blinking (signal loss) near the end of the longest binding event.

3 Multi-class experiments

Settings. Single-molecule experiments often involve two or three target types. To evaluate the
method’s performance in multi-class settings, we introduced an additional 6nt-6nt R1 strand
binding type. As shown in Main Text Fig. 5(a), we shorten the target strand from 8nt to 6nt.
However, due to the short binding duration of a 6nt strand with the original 10nt P3 imager, we
instead used a complementary 6nt R1 strand as both the docking and imager strand. Notably,
the 6nt R1 imager carries the same ATTO532 dye to enable multiplexing.

Data analysis. Main Text Fig. 5(b) presents the distribution of experimental data, cor-
rected for background and blinking, for three binding types across six experiments. We con-
trolled the concentration so that each binding site exhibited a similar number of binding events
within the same 20k frames (10 fps), with most sites showing 1-9 binding events. The detected
binding sites for the three binding types were 19,457, 6,073, and 10,888, respectively. Their
binding durations increased sequentially, primarily ranging from 0.1 to 10 seconds.

To further investigate the discriminability of binding events based on brightness, we plotted
both the integrated intensity and the mean frame intensity distributions in Main Text Fig. S4b.
The integrated intensity distribution primarily reflects the underlying distribution of binding
durations, as expected given the relatively stable per-frame intensity within each binding event.
Consequently, CNN models need to distinguish binding types by learning from the full fluores-
cence video dynamics rather than relying on static intensity metrics. This involves leveraging
temporal features such as inter-frame correlations (Main Text Fig. 2b) and other temporally
correlated statistics (Main Text Fig. 2c¢). For the 6nt R1 imager, the average frame intensity
was lower (approximately 50 and 100 for training and testing sets, respectively), likely due to
short binding durations that sometimes result in incomplete fluorescence accumulation within
a single frame.

Workflow. Main Text Fig. 5(b) illustrates the workflow for image-based multi-class classi-
fication of binding types. When a binding event is detected (typically lasting 0.1-10 seconds),
its fluorescence signals undergo background and blinking correction to eliminate background in-
tensity variations and transient disappearances. The processed signals are then sliced, padded
to a uniform length, and input into image-based binding classification models, including 3D
ResNet-18 [11], Video Transformer [31], ED-TCN [21], SqueezeTime [1(], and the proposed
T2C CNN.

Results. After training, T2C CNN achieved the highest test accuracy (88.15+1.86%), fol-
lowed by Video Transformer (68.884+2.54%). These models classify each detected signal into
one of three binding types (6nt-6nt, 8nt-10nt, or 10nt-10nt). Using these predictions, we differ-
entiated targets labeled with distinct docking strands in the final super-resolution (SR) image,
generating a three-color SR image, as shown in Fig. 4. T2C CNN consistently demonstrated su-
perior classification accuracy across accumulated time points, with its advantage becoming more
pronounced over longer durations. This makes it a powerful tool for accurate single-fluorophore,
three-color SR imaging.

When multiple fluorophores are available, T2C CNN can first distinguish fluorophores frame
by frame (will be discussed in Supplementary Note 8) and then leverage accurate single-
fluorophore classification ability to multiply the number of identifiable targets. This significantly
enhances both analysis capacity and speed.



4 Analysis on fluorescence spots and T2C CNN convolutional outputs from
distinct binding events

Main Text Fig. 6d and 6e show that T2C CNN can accurately classify short binding events,
including single-frame events. Does this imply that temporal information contributes little to
the classification? To explore the answer, we tracked the response of T2C CNN’s top kernels
to fluorescence spots over time in Fig. 5 and 6, corresponding to the DNA origami and cell ex-
periments, respectively. Overall, we found that the accumulated convolutional output becomes
more pronounced and distinguishable as more frames are included, indicating that temporal
information does contribute to the prediction. However, accumulating outputs across frames
within a binding event does not always enhance previously observed patterns. For example, in
the cell experiment (lower right of Fig. 6b), the Top-3 kernel’s accumulated output at frame 3
for Domain 2 weakens the pattern accumulated in frames 1 and 2. This is consistent with the
input fluorescence spot at frame 3, which appears slightly smaller and dimmer, with a noticeable
change in shape and intensity distribution compared to the first two frames.

When comparing across domains, we found that the accumulated convolutional outputs
generally share a similar overall style—due to similar input spot characteristics and the use
of the same convolutional kernels—but differ in detail. For instance, in the Top-1 kernel’s
accumulated output in the DNA origami experiments (second row in Fig. 5a and 5b), both
domains show low values at the center. However, Domain 1 exhibits a horizontally extended low-
value region, while Domain 2 shows a lower-right clustered pattern, especially as more frames
are accumulated. These distinct patterns are not readily apparent from the input fluorescence
spots alone. This suggests that local mismatches between kernel patterns and specific regions
of the fluorescence spots contribute to the observed convolutional differences.

When comparing across experiments, we observed that convolutional kernels in the DNA
origami experiments (first three columns in Fig. 5) contain more negative values than those in
the cell experiments (first three columns in Fig. 6). Kernels with clustered negative values can
produce stronger responses to certain peripheral patterns in fluorescence spots. In the DNA
origami experiments, these peripheral regions are typically cleaner and more circular. When
these regions exhibit domain-specific differences, the T2C CNN is likely to focus on them rather
than the more random center intensity. This observation may help explain the phenomenon in
Main Text Fig. 6a, where the periphery appears to contribute more to T2C CNN’s predictions.
In contrast, the fluorescence spots in the cell experiments display more irregular or complex
periphery and center intensity, leading to more variability. In this case, the Top-1 kernel tends
to emphasize peripheral regions (more negative values), while the Top-2 and Top-3 kernels focus
more on center intensities (more positive values).

When analyzing single-frame binding events (Fig. 7), we found that their convolutional
outputs are generally as weak as the first frame of longer events in Fig. 5 and 6. Despite
being weak, these outputs can still differ between domains, e.g., through differences in value
distributions. The output patterns are driven by the fluorescence inputs and do not form
consistent intra-domain features. However, the trained top kernels act as fixed templates that
highlight differences in domain-specific spot characteristics. For example, the Top-1 kernel
in the DNA origami experiments (second row in Fig. 7a and 7b) shows a peripheral gradient
pattern, such as a medium—high—low intensity transition in the first row of the kernel. In the cell
experiments, the Top-1 kernel (second row in Fig. 7c and 7d) exhibits a center-focused pattern,
characterized by a high-intensity pixel located at the upper-right of two adjacent high-intensity
pixels within the same row. These kernel patterns serve as templates to measure the degree of
alignment in the input fluorescence spots. Higher convolutional layers and fully connected layers
then use these measurements to abstract more high-level representations for final classification.

From the above analyses, we found that temporal information plays an important role in
T2C CNN'’s decision-making by changing the final convolutional patterns. Misclassifications of
rare long events may arise from diluted or inconsistent temporal patterns. Single-frame events,



while weaker in response, can still be distinguished by domain-specific convolutional patterns.
The increased complexity and variability of fluorescence spots in cell experiments contribute to
lower classification accuracy. In contrast, the cleaner and more regular peripheral regions of
DNA origami spots encourage the model to focus on periphery-based patterns for more reliable
classification.

5 Robustness test of image-based binding-type classification models

In single-molecule fluorescence binding experiments, nonspecific binding, background intensity
noise, and camera defects are common issues, making it crucial to evaluate the robustness of
various methods under noisy conditions. This section assesses the robustness of image-based
binding-type classification models (3D ResNet, Video Transformer, ED-TCN, SqueezeTime,
and the proposed T2C CNN) by simulating these three types of noise interference.

Robustness test settings. (a) Light interference with Poisson distributions: Non-
specific molecular binding events generate short, weak fluorescence signals, which can overlap
with specific signals [15] and disrupt accurate classification. Considering the discrete nature of
photon detection [30] and a radial intensity drop-off based on physical optics [11], we simulated
interference signals using Poisson distributions with Gaussian decay. As shown in the first three
images of Main Text Fig. 7(a), an artificial light spot is overlaid on the original signal, producing
the third image with interference. Despite increasing the signal-to-noise ratio (SNR) (defined
as the ratio of the image mean to its standard deviation [%]), the added spot is not fluorescence
from molecular binding. To mimic experimental fluorescence images, we set the interference
spot radius and Gaussian decay standard deviation to 5 and 1.8, respectively. The interference
spot’s peak intensity is varied from 0.1 to 1.2 times the original signal’s peak intensity in incre-
ments of 0.1 or 0.2, with positions randomized near the original signal to test the robustness of
the classification models.

(b) Gaussian noises: Fluorescence images often suffer from Gaussian noise caused by
detector electronic noise, such as thermal and readout noise [14]. We simulated Gaussian noise
with a mean of 0 and variances ranging from 0.1 to 1.2 times the original signal’s mean intensity.
The fourth image in Main Text Fig. 7(a) displays an example with Gaussian noise variance set
to 0.1 times the original signal’s mean intensity, reducing the SNR from 3.94 to 3.79.

(c) Hot pixel noises: Prolonged camera usage can cause sensor defects, producing pixels
with abnormally high intensity (hot pixels) [12]. To evaluate the robustness of classification
models against hot pixel noise, we randomly introduced 1, 3, 5, 7, 9, 10, and 12 hot pixels with
intensities equal to the original signal’s peak intensity. The last image in Main Text Fig. 7(a)
shows an example with 5 hot pixels, which mask parts of the original signal.

Robustness test results. Main Text Fig. 7(b) records the average classification accuracy
of the tested models (3D ResNet-18 [11], Video Transformer [34], ED-TCN [21], SqueezeTime
[16], and the proposed T2C CNN). For SqueezeTime and 3D ResNet-18, we used the default 48-
frame input, which achieves comparable accuracy to the 512-frame input but with significantly
higher efficiency.

(a) Light interference with Poisson distributions. Poisson noise has the most signif-
icant impact on classification performance, as it can result from specific or nonspecific binding
events occurring in close proximity, causing signal overlap. When the interference spot’s peak
intensity exceeds 0.5 times that of the signal, all models show a marked performance decline.
Increasing the interference intensity from 0.5 to 0.7 times results in accuracy drops of 2.78%
to 12.54%. SqueezeTime (2.78%) and T2C CNN (2.88%) exhibit the greatest resilience. Both
models employ temporal-to-channel transformations, highlighting the effectiveness of this op-
eration in enhancing robustness against interference spots. One possible reason is that the
temporal-to-channel transformation captures long-term fluorescence variations within channels,
helping the model focus on the primary signal.



(b) Gaussian noises. The models display polarized performance under Gaussian noise.
Video Transformer and ED-TCN, which extract image features before temporal operations,
are the most vulnerable. In contrast, 3D ResNet-18 and T2C CNN, which feature residual
connections and cross-block concatenation, show the strongest resistance. Residual connections
and cross-block concatenation pass low-level features from earlier layers directly to deeper layers,
helping retain structural and spatiotemporal information and making it easier to denoise the
signal. This is because Gaussian noise typically affects fine-grained details rather than structural
patterns. Conversely, models that first extract image features propagate Gaussian noise into
later temporal operations, exacerbating its effect.

(c) Hot pixel noises. 3D ResNet-18 and SqueezeTime, both with large model parameters
(>100 MB), show the highest resilience to hot pixel noise. Smaller models (T2C CNN, ED-TCN,
and Video Transformer, with parameters from 1.65 to 7.80 MB) are more susceptible, with T2C
CNN being the least affected among them. Large models can memorize fine-grained patterns,
making them less sensitive to small-scale disruptions such as hot pixels. In contrast, smaller
models, with limited parameter capacity, are more susceptible to pixel losses. Despite having
the fewest parameters, T2C CNN stands out among small models due to its high parameter
efficiency (long temporal kernel and equal-length stride), which enhances its resistance to hot
pixel noise.

Based on the above robustness test results, we recommend maintaining the interference spot
intensity below half of the signal spot intensity and using cameras with an effective pixel ratio
above 93% (tolerating up to 7 hot pixels per 100 pixels) when applying the T2C CNN.

6 Hyperparameter analysis of the T2C CNN

To evaluate the impact of hyperparameter choices in T2C CNN, we analyzed its key hyperpa-
rameters, including network depth, width, and slice length, as shown in Main Text Fig. 8.

Experimental settings. (a) Depth: Depth is a critical attribute of deep neural networks,
significantly affecting performance [37]. The proposed T2C CNN, as shown in Main Text Fig. 8,
comprises eight hidden layers (convolutional or fully connected), evenly distributed across four
blocks. To investigate the minimum required depth, each block was sequentially assigned 1 to
3 layers, increasing the total depth from 4 to 12 while maintaining the four-block structure.
For the first block, which condenses spatial-temporal features, the convolutional kernel size
was adjusted for configurations with one or three layers. Main Text Fig. 8b illustrates the
corresponding architectures.

(b) Width: Like depth, network width (the number of convolutional kernels or hidden
units) plays a critical role in CNN performance [23]. The default T2C CNN configuration uses
64 kernels or hidden units per layer. To explore the effect of width, we tested variations ranging
from 16 to 512, including commonly used widths such as 16, 32, 48, 100, 128, 256, and 512.

(c) Slice length: The slice length, which determines the interval at which fluorescence
frames are input into the T2C CNN, is critical for capturing long-term temporal patterns in
fluorescence videos. As shown in Main Text Fig. 2e, most binding events occur within 50 seconds
(500 frames), with the longest binding duration not exceeding 2000 frames before averaging.
Therefore, the default slice length of 512 frames was varied by halving or doubling to explore
alternatives of 64, 128, 256, 1024, and 2048 frames.

Experimental results (Main Text Fig. 8a). (a) Depth: Among the tested depths
ranging from 4 to 12 layers, the top-performing configurations were depths of 8 (94.76%),
4 (94.00%), and 12 (93.27%), all multiples of 4. These results indicate that performance is
optimal when each block in the T2C CNN contains an equal number of hidden layers, with two
hidden layers per block yielding the best results, followed by one layer per block. Notably, at a
depth of 4, the first block of T2C CNN required a larger convolution kernel (increased from ”3
x 3” to 710 x 10”) to condense all spatial-temporal features within a single hidden layer. This



adjustment increased the parameter count approximately 11-fold, significantly contributing to
the model size.

(b) Width: Among the tested widths of 16, 32, 48, 100, 128, 256, and 512, a width
of 128 slightly outperformed the default 64 (94.76% — 95.38%). However, this improvement
came with a 2.62-fold increase in model size (1.65 MB — 4.32 MB) and a 2.04-fold increase
in computational cost (0.48 GFLOPs — 0.98 GFLOPs). From an efficiency perspective, the
default width of 64 strikes a good balance. If computational resources and latency are not
constraints, a width of 128 is also recommended. Widths smaller than 64 or greater than 128
consistently underperformed compared to the default, with performance generally declining as
the width became too wide.

Interestingly, even with an unusually small width of 16, T2C CNN maintained performance
above 90%. This resilience can be attributed to the unique block design of the T2C CNN, as
breaking the balance of hidden layers within blocks or removing blocks led to performance degra-
dation, even with an optimal width of 64. Remarkably, this suggests that when a fluorescence
video spanning 512 frames is condensed into 16 channel dimensions, most discriminative infor-
mation is retained. This highlights the substantial redundancy in fluorescence videos, much of
which stems from identical optical properties of the same fluorescence type. The key discrimina-
tive signals arise from subtle changes in the fluorescence microenvironment caused by binding
to different targets. These subtle variations are condensed into a small set of discriminative
features by the T2C CNN, which is fundamental to its functionality.

This also explains why performance significantly declined at widths of 256 and 512. The
increased number of hidden nodes likely led to overfitting on redundant information, impairing
generalization to test data from different experiments.

(c) Slice length: As the slice length input to T2C CNN increases up to 512 frames,
classification accuracy improves significantly. This is because the longer slice length enables the
T2C CNN to capture a more complete binding event, aiding in determining the binding type.
However, beyond 512 frames, the performance plateaus, as only a small fraction of binding events
extend beyond this duration. In practical applications, we recommend setting the slice length
to encompass the majority of binding durations (e.g., the maximum binding time excluding
outliers) to achieve optimal efficiency.

Comparison with baselines. This section compares the proposed T2C CNN with two
closely related baseline methods: the classical temporal convolutional network ED-TCN [21]
and SqueezeTime [16], which compresses the temporal dimension into the channel dimension.
For a fair comparison, we used the same 512-frame input length for SqueezeTime as T2C CNN
(its default input is a 16-frame or 48-frame video clip). This adjustment significantly increased
SqueezeTime’s model size (28.7 MB — 113.3 MB) and computational cost (5.5 GFLOPs —
19.56 GFLOPs). SqueezeTime achieved classification accuracies of 71.72% with the default
16-frame input and 72.98% with the 512-frame input on fluorescence videos, indicating that
increasing the number of input frames yields only marginal improvement. This is likely because
the repeated transformations between channel and temporal dimensions, along with weighted
convolutions in SqueezeTime, risk losing discriminative spatiotemporal details, regardless of the
input length.

For ED-TCN, we tested both its default 64-frame input and a 512-frame input matching T2C
CNN. Its classification accuracies on fluorescence videos were 70.53% and 58.53%, respectively,
demonstrating its unsuitability for long fluorescence video inputs. A key limitation is that ED-
TCN’s fragmented frame-wise spatial features hinder the capture of long-term spatiotemporal
patterns in fluorescence videos. The top-performing ED-TCN and SqueezeTime models are
placed in Main Text Fig. 8a.

In contrast, the proposed T2C CNN is tailored for fluorescence video analysis. Its shal-
low cross-layer connections retain multi-scale spatiotemporal features, while long-term spatial
convolutions are employed to capture extended spatial frequency patterns. Additionally, the



integration of shallow cross-connected blocks with a pooling-free design facilitates efficient spa-
tiotemporal information fusion. All spatiotemporal features are compressed into the channel
dimension and jointly processed within the T2C layer. The individual and combined contribu-
tions of these three components are systematically evaluated in the Ablation Study section. For
reference, 3D ResNet-18 and Video Transformer are included in Main Text Fig. 8a. These two
models are widely adopted in computer vision for video classification and generally outperform
lighter architectures such as SqueezeTime and ED-TCN due to their strong representational
capacity. However, as discussed in the “Motivation” section of the Main Text Method section,
they are still suboptimal for fluorescence video classification, which demands a domain-specific
architectural design.

7 Ablation study of the T2C CNN

To investigate the impact of T2C CNN’s architectural components, we conducted an ablation
study focusing on its core building blocks and components. Three key components (long-term
spatial convolutions, skip concatenations, and pooling-free) were selected for a detailed
evaluation of their individual and combined contributions, as presented in Main Text Fig. 8 and
Table 3.

Experimental settings. (a) Blocks: T2C CNN consists of four blocks, with two being
fundamental: the Temporal-to-Channel (T2C) block for condensing spatial-temporal features
and the Feature Classification block. To assess the importance of the remaining blocks—the sec-
ond (Hidden Transformation) and third (Multi-Scale Feature Fusion)—we individually removed
each and evaluated the impact.

(b) Components: The proposed T2C CNN is specifically designed for fluorescence video
analysis. It employs long-term spatial convolutions to capture extended spatial frequency
patterns. The combination of skip concatenations and a pooling-free design enables effec-
tive spatiotemporal information fusion across the network. For evaluation, we compared the
optimal configuration (slice length of 512, all skip concatenations enabled, no pooling) with a
baseline configuration (slice length of 64, no skip concatenation, average pooling), corresponding
respectively to the presence and absence of the three proposed components.

Experimental results (Main Text Fig. 8a). (a) Blocks: Removing the second and
third blocks from the T2C CNN architecture reduced classification accuracy from 94.76% to
88.80% and 90.33%, respectively. This significant performance drop indicates that both blocks
are integral components of T2C CNN. Among the two, the second block (Hidden Transforma-
tion) plays a more critical role. It consists of two 1x1 convolutional layers that transform the
condensed global spatiotemporal features into more discriminative representations, facilitating
the differentiation of binding types. Notably, when the third block (Multi-Scale Feature Fusion)
operates without the transformed features from the second block, its fusion-based features result
in lower accuracy (88.80%) compared to using only the transformed features from the second
block (90.33%). This demonstrates the importance of the second block in preparing features
for effective multi-scale fusion.

(b) Components: Table 3 presents a systematic evaluation of the key components of T2C
CNN—Ilong-term spatial convolutions, skip concatenations, and the pooling-free strategy—on
both single-event and single-molecule classification accuracy, with all results averaged over five
cross-validation trials.

Among individual components, long-term spatial convolutions contribute the most signifi-
cant performance gain, boosting class-wise single-event and single-molecule accuracies to 84.14%
and 88.86%, respectively, compared to the baseline’s 72.01% and 79.87%. This highlights their
pivotal role in capturing extended spatial-frequency patterns essential for distinguishing binding
types in fluorescence videos. In contrast, skip concatenations (72.58% / 78.13%) and no-pooling
(70.73% / 77.60%) result in slightly lower class-wise accuracies than the baseline, suggesting
that their benefit emerges primarily when combined with other architectural elements to sup-



port multi-scale feature fusion and preserve spatiotemporal information. The overall single-event
accuracy follows a similar trend, with long-term convolutions providing the most substantial
standalone gain (89.07% vs. 72.95% baseline).

When components are combined, their effects are complementary. Integrating long-term
convolutions with skip concatenations increases class-wise single-event accuracy to 86.33%, while
pairing long-term convolutions with no-pooling pushes it to 87.34%. In contrast, combining skip
concatenations with no-pooling without long-term convolutions yields only a modest 72.51%,
reinforcing the central importance of long-term spatial convolutions.

The full T2C CNN, incorporating all three components, achieves the best performance:
94.76% class-wise single-event accuracy, 96.99% single-molecule accuracy, and 96.78% overall
accuracy. Notably, it also exhibits the lowest standard deviations across all metrics (£0.47%,
+0.46%, and +0.50%, respectively), indicating stable and consistent predictions across cross-
validation folds. This demonstrates that the proposed architectural combination of existing
elements enables not only optimal spatiotemporal information fusion and feature preservation,
but also robust generalization, tailored specifically for high-precision fluorescence video analysis.

8 Single-frame discrimination of different dye-labeled binding events

As a fluorescence classification model, T2C CNN can be used for multiplexing using the wave-
length dependence of the emission PSF. This is an alternative to multi-fluorophore experiments
using spectral separation [3, 13]. Spectral isolation typically reduces the signal by avoiding spec-
trally overlapped regions, and increases noise due to cross-channel bleed-through [26]. Some of
these issues can be solved by sequential imaging, but only at the expense of longer measurement
times [29]. And spectral unmixing strategies require a sufficient signal to properly separate dif-
ferent fluorophores [19]. We demonstrated the feasibility of this approach by applying T2C
CNN to two fluorophore data sets (green and red) without spectrally isolating their emission,
but using purely spatial features of the emission profiles as differentiating factors. The success
of this strategy allows us to perform the classification of two or more spectrally different signals
in any SMLM method, such as PALM and STORM in addition to DNA-PAINT.

To discriminate different dye-labeled molecules from diffraction-limited images, many ef-
forts have been made, including spectral imaging and unmixing [15, 2], fluorescence lifetime
imaging microscopy (FLIM) [20, 11], super-resolution fluorescence microscopy (SMFM) [16],
and machine learning methods. Spectral imaging and unmixing separate fluorophores based on
their emission spectra, with the reliance on spectrally resolved microscopy [15, 2]. Fluorescence
lifetime differences between dyes have been used to discriminate them in FLIM, but require
prolonged observations [20, 11]. Super-resolution techniques like PALM [5] and STORM [31]
are frequently used to distinguish fluorophores based on their blinking and emission proper-
ties. However, themselves generally cannot discriminate different dyes in a single frame because
these techniques rely on temporal separation, where individual fluorophores are stochastically
activated and imaged one at a time across many frames [1, 35, 13]. Machine learning, or deep
learning, methods have been employed to act as automatic SMFM trace selector [22], distin-
guish the true signal of fluorescently labeled molecules from background fluorescence and noise
[42, 10], classify binding events based on blinking kinetic [22, 40], spectrum [17], or statisti-
cal features [7], reconstruct a super-resolution image [9], de-overlap fibrils through fluorescence
lifetime imaging [27], among others [I, 24]. However, there has been limited work focused on
distinguishing different dyes from single-frame diffraction-limited fluorescent spots. Therefore,
we apply T2C CNN to classify the dyes corresponding to these fluorescent spots.

Here, we aim to leverage the point spread function (PSF) characteristics of emission wave-
lengths to distinguish multicolor data at the single fluorophore level. In this experiment, we used
the same 8-nucleotide docking and 10-nucleotide imager sequences, where the imager was alter-
nately tagged with green (Atto532) and red (Atto647) dyes (as shown in Fig. 8a). We collected
20,000 frames for each dye, using the binding events from the first 10,000 frames for training
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and the last 10,000 frames for testing. To avoid duplicated frames from the same binding site,
we only selected the first frame of each site for classification by the model. For comparison, we
evaluated several commonly used CNNs on the dataset, including (1) lightweight models: Mo-
bileNetV2 [32], SqueezeNet [19], ShufleNetV2 [25], EfficientNetV2 [39], and (2) standard-weight
models: ResNet-18 [15], ResNet-50 [18], VGG16 [36], and DenseNet-121 [17]. We measured the
classification accuracy, computational cost, and model sizes for T2C CNN and these commonly
used CNNs across five cross-validation experiments. The results are presented in Fig. 8b.

Our T2C CNN demonstrated superior classification accuracy (92.88%), comparable to larger
models like VGG16. This outcome confirms the ability to differentiate multicolor data at the
single fluorophore level by analyzing the PSF patterns of emission wavelengths. This finding
lays the groundwork for future multicolor microscopy techniques that do not require wavelength-
specific analysis. Notably, single-frame fluorophore classification is a relatively easier task com-
pared to classifying binding types from single-fluorophore videos. This difference in difficulty
stems from the fact that PSF characteristics differ more prominently across fluorophores with
distinct emission wavelengths (Fig. 8a), whereas in the binding-type classification task, the same
fluorophore is used and the emission patterns are only subtly affected by different DNA strand
bindings (Main Text Fig. 1). As a result, models like ResNet-18 achieve higher performance in
multicolor classification (Fig. 8) than in the more challenging single-fluorophore task (Main text
Fig. 3). Importantly, the T2C CNN achieved this accuracy with a very small computational
cost—only 0.02 Giga Floating Point Operations per Second (GFLOPs)—which is even lower
than ShuffleNetV2 (0.07 GFLOPs). This efficiency stems from T2C CNN’s compact architec-
ture: it has only six convolutional layers, one-third the number in ResNet-18, with the last
four being 1x1 convolutions—requiring one-ninth the operations of ResNet-18’s 3x3 convolu-
tions. Additionally, its hidden transformations operate on a 64x64 width—1/64 of ResNet-18’s
512x512 transformations—and its fully connected layers are only 192x64, approximately 1/40
of ResNet-18’s 512x1000 configuration. Consequently, the total computational cost of T2C
CNN is less than one-thousandth of ResNet-18, making it deployable on lightweight computing
devices.

9 T2C CNN blocks

1. Temporal2Channel block: This block integrates the spatiotemporal information of a
video by transforming a temporal sequence of grayscale fluorescence images into a channel-
rich image representation and applying convolutions with large strides. This design effec-
tively captures long-term spatiotemporal variations in fluorescence videos. The block is
defined as follows:

ll :T2C<f,(U1,")/1,61), (4)
lo = ReLUoBNOConV(QD)(ll7w2,72752)7 (5)

where

Wiernel—1 Hgernet—1 Cin—1

ConV(ZD)(Z, w)(i,j, d) — Z Z Z wd(u, v, c). (6)
u=0 v=0 c=0

f(sw i+ u—=puw, sp-j+v—Dpnc).

Here, I;, w;, v;, and [ represent the output, weight, and two learnable parameters of
batch normalization (BN) for the i-th layer, respectively. The convolutional kernels in
these two layers have strides of 2 and 5, respectively, to capture the spatial features of
diffraction-limited fluorescent spots over a long time span. They abstract the 512-frame
(51.2s) temporal features of the same binding event into 64-dimensional channel features.
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2. Hidden transformation block: This block transforms the hidden layer features element-
wise by pointwise convolution (1x1 kernel) with an equal-dimensional output. These
transformations improve feature representation for binding type classification. They are
defined as:

I3 = ReLU o BN 0 Conv®P) (15, w3, v3, B3), (7)
Iy = Cat [ReLUoBNoConv(2D)(l3,w4,74, Ba), l2:| ) (8)
The output of Iy is the concatenation (denoted by Cat[-]) of current convolution result

with the output from l5, which is the previous Temporal2Channel block’s output. This
operation provides multi-scale convolutional features for subsequent feature fusion.

3. Multi-scale feature fusion block: This block integrates features before and after trans-
formations and prepares them for the final step of binding type classification. The defini-
tions are as follows:

l5 = ReLUoBNo COHV(QD) (l4, w5, V5, 65), (9)
l¢ = Flatten (Cat [ReLU oBNo COHV(QD)(Z(;, ws, Y5, O5), l4]) . (10)

The function “Flatten(-)” reshapes the input tensor into a one-dimensional vector for each
sample, making it compatible with the subsequent fully connected (FC) layer.

4. Feature classification block: This block consists of two fully connected (FC) layers: the
first refines the features processed by the preceding blocks through fusion, transformation,
and abstraction, while the second performs the final classification. They are defined as
follows:

l7 = RGLUOBNOFC(Z(;,W7,b7,’y7,ﬁ7). (11)

Then, the activated hidden features are passed to the final fully connected layer for clas-
sification:

Jslice = Softmax o FC(l7,ws, bg), (12)
1

] = el . 13

Yy Nyjice Yslice ( )

The output ggice from the final layer represents the predicted probabilities for each tem-
poral slice, normalized using the Softmax function [6]. For multiple temporal slices from
the same binding event, we take the average () of their predictions.
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Supplementary Figures

Supplementary Figure 1: Survival curves of dwell times by domain

Survival curves of dwell times by domain (log scale)
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Supplementary Figure 1: Survival curves of dwell times by domain. Survival curves

were derived from the raw experimental data corresponding to Main Text Figure 1. Source data
are provided as a Source Data file.
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Supplementary Figure 2: Binding kinetics and CNN embedding visualization
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Supplementary Figure 2: Binding kinetics and CNN embedding visualization. Scat-
ter plots show the a) mean binding time and off time (n=6,160 independent binding sites)
and b) A 2D uniform manifold approximation and projection (UMAP) plot of T2C
CNN embeddings (n=25,530 independent binding events) with different domain types plot-
ted last to ensure visibility. Each subplot highlights one domain by rendering it above the other,

enabling clearer inspection of the distribution overlap. Source data are provided as a Source
Data file.
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Supplementary Figure 3: Abnormal correlation patterns
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Supplementary Figure 3: Sampled fluorescence spots from the Top-3 longest bind-
ing events in each domain, selected based on typical inter-frame correlation pat-
terns. Domain 1 is shown above and Domain 2 below, with inter-frame correlation maps
displayed in the upper right corner of each domain, highlighting the temporal fluorescence vari-
ations associated with binding stability. The same phenomenon was observed in five randomly
selected sets of frames. Source data are provided as a Source Data file.
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Supplementary Figure 4: Multi-class predictions
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Supplementary Figure 4: Multi-Class Predictions. Pseudo-colored super-resolution im-
ages reconstructed at 5 s, 1 min, 12 min, 24 min, and 33 min 20 s using image-based binding
type classification models. The numbers of detected binding sites and correctly classified sites
are shown on the right. Note that due to the higher concentration of 6nt and 8nt, they exhibited
an increasing number of observed binding sites over time. Source data are provided as a Source

Data file.
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Supplementary Figure 5: Example fluorescence spots and temporally accumulated T2C-
CNN convolutional outputs corresponding to distinct binding events in DNA origami ex-
periments
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Supplementary Figure 5: Example fluorescence spots and temporally accumulated T2C-CNN
convolutional outputs corresponding to distinct binding events in DINA origami experiments. The
T2C CNN applies distinct convolutional kernel groups synchronously to each frame within a predefined slice
length. Convolutional (Conv) outputs from kernels within the same group are summed across accumulated
frames of an event. The top-3 kernel groups were selected globally for visualization, each showing distinct
responses to fluorescence spots associated with different domain events. Subfigures a and b present representative
examples from Domain 1 and Domain 2, respectively. The right and left legend labels indicate the original and
normalized value ranges, respectively, which are consistent across both domains for comparability. Fluorescence
spot intensities were mean—standard deviation normalized within each event. For clearer visualization, a global
range truncation was applied to both fluorescence spot intensities and convolutional output values. Similar results
were observed in five randomly selected sets of fluorescence spots.
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Supplementary Figure 6: Example fluorescence spots and temporally accumulated T2C-
CNN convolutional outputs corresponding to distinct binding events in cell experiments

a Cell experiment, Domain 1, Batch 1, Sample 48
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Supplementary Figure 6: Example fluorescence spots and temporally accumulated T2C-CNN
convolutional outputs corresponding to distinct binding events in cell experiments. The T2C CNN
applies distinct convolutional kernel groups synchronously to each frame within a predefined slice length. Convo-
lutional (Conv) outputs from kernels within the same group are summed across accumulated frames of an event.
The top-3 kernel groups were selected globally for visualization, each showing distinct responses to fluorescence
spots associated with different domain events. Subfigures a and b present representative examples from Do-
main 1 and Domain 2, respectively. The right and left legend labels indicate the original and normalized value
ranges, respectively, which are consistent across both domains for comparability. Fluorescence spot intensities
were mean—standard deviation normalized within each event. For clearer visualization, a global range truncation
was applied to both fluorescence spot intensities and convolutional output values. Similar results were observed
in five randomly selected sets of fluorescence spots.
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Supplementary Figure 7: Example fluorescence spots and T2C CNN convolutional outputs
from distinct single-frame binding events

a DNA Origami experiment, Domain 1, Batch 1, Sample 59 b  DNA Origami experiment, Domain 2, Batch 237, Sample 5
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Supplementary Figure 7: Example fluorescence spots and T2C CNN convolutional
outputs from distinct single-frame binding events. The T2C CNN applies distinct con-
volutional kernel groups synchronously to each frame within a predefined slice length. Convo-
lutional (Conv) outputs from kernels within the same group are summed across all frames of an
event. The top-3 kernel groups were selected globally for visualization, each showing distinct
responses to fluorescence spots associated with different domain events. Subfigures a and b
present representative examples from Domain 1 and Domain 2 in DNA origami experiments,
respectively, while subfigures ¢ and d show examples from cell experiments. The right and left
legend labels indicate the original and normalized value ranges, respectively, which are consis-
tent across both domains for comparability. Fluorescence spot intensities were mean—standard
deviation normalized within each event. For clearer visualization, a global range truncation was
applied to both fluorescence spot intensities and convolutional output values. Similar results
were observed in five randomly selected sets of fluorescence spots.
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Supplementary Figure 8: Single-frame
binding events
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Supplementary Figure 8: Single-frame classification of different dye-labeled binding
events. a) Experimental setup and example images of two dye types: green (Atto532) and
red (Atto647), both using the same 8nt-10nt binding. b) Comparison of classification accu-
racy, computational cost, and model sizes for single-frame discrimination of dye-labeled binding

events.

GFLOPs (Giga Floating Point Operations per Second) quantify the computational

power required, indicating the hardware demands for processing. Source data are provided as

a Source Data file.
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Supplementary Figure 9: Data preprocessing and distribution
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Supplementary Figure 9: Data preprocessing and distribution. a) Background in-
tensity of the microscope videos in each experiment. b) An example of background intensity
correction. c¢) Illustration of fluorescence blinking correction. d) Drift trajectories of the slides
read by Picasso [33] in each experiment. e) The quantity and duration distribution of binding
events in each experiment. Violin plots show the full distribution of the data. The embedded
boxplots indicate the 25th—75th percentiles (bounds of the box), the median (center line), and
the minima and maxima (whiskers). Source data are provided as a Source Data file.
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Supplementary Figure 10: The temporal-to-context convolutional neural net-
work (T2C CNN)
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Supplementary Figure 10: The temporal-to-context convolutional neural network
(T2C CNN). a) Comparison of T2C CNN with 3D CNN. b) T2C CNN architecture. “Aggr.”,
“[-,-]”, and “}_" denote aggregation, concatenation, and summation, respectively.
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Supplementary Tables

Supplementary Table 1: Classification accuracy on scrambled fluorescence
image sequences under varying information constraints

Supplementary Table 1: Classification accuracy on scrambled fluorescence image sequences
under varying information constraints. Source data are provided as a Source Data file.

Contained information?
Experiment ~ Method type!  Scramble type - Accuracy (%)3
Lengths Images Images in event Image order

Length-based - v - - 83.884+0.21

Random-length - v - 78.984+2.04

DNA Origami Cross-event v v - - 87.66+4.73
Image-based In-event v v v - 89.47+1.41

- v v v v 94.76+0.47

Length-based - v - 66.34+0.37

Random-length - v - 62.64+1.18

HER?2 Cell Cross-event v v - 70.254+3.31
Image-based In-event v v v - 71.5941.96

- v v v 4 74.09+4.54

1 We take the proposed T2C CNN and probability density function (PDF) as representatives
of image-based and length-based methods, respectively. ? This indicates the type of
information retained or lost in different scrambling strategies. “In-event”: Scrambling image
sequences within an event destroys temporal order but retains event integrity. “Cross-event”:
Cross-event scrambling mixes frames from different events, disrupting both temporal order
and event-level coherence, while preserving individual event lengths. “Random-length”:
random-length scrambling groups frames arbitrarily, eliminating both temporal and
event-level information. The length-based method uses only the lengths of multiple events as
input. 3 For image-based methods, we report 5-fold class-wise accuracy for single-event
classification (requires ~5 s of measurement). For length-based methods, we report 5-fold
class-wise accuracy for single-molecule classification (requires ~10 min of measurement), using
all observed events per molecule. Accuracy is reported as mean + standard deviation across 5

folds.
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Supplementary Table 2: Hyperparameter evaluation summary for baseline
models

Supplementary Table 2: Hyperparameter evaluation summary for baseline models.

*

Depth (width=128)! 1 2 3 4 5 6 7

Accuracy? 66.74 70.16 71.91 69.53  71.61 71.07 69.81
Video Transformer o401, depth=3) 16 32 48 64 100 128 256
Accuracy 71.01 6723 7021 7118 7178 71.91 70.48

Depth (width=>512
or 2048)? 10 18 34 50 101 152 200
. Accuracy 64.20 67.07 67.61 71.27  67.87 69.01 66.28

SqueezeTime
Width (depth=50) 64 128 204 612 2048 3072 4096
Accuracy 56.01 47.52  55.65 70.38 71.27 67.15 63.48
Depth (width=64) 2 4 6 8 10 12 14
Accuracy 70.78 73.56  73.34 57.37 7258 67.25 71.28
ED-TCN :

Width (depth=4) 16 32 48 64 100 128 256
Accuracy 68.51 70.12 68.24 73.56 69.24  70.38 69.45

Depth (width=>512
or 2048) 10 18 34 50 101 152 200
3D ResNet Accuracy 74.80 79.73 7835 7647 7340 79.15 73.25
Width (depth=18) 32 64 128 256 512 1024 2048
Accuracy 75.02 7820 75.02 73.68 79.73 76.58 77.61

Model depths and widths were evaluated near their default configurations. 2Class-wise
accuracies for single-event classification were recorded. 3For 3D ResNet and the ResNet-based
method (SqueezeTime), a width of 512 was used when the depth was below 50; otherwise, a
width of 2048 was used. “Bolded values indicate the optimal hyperparameters identified in the
trials.
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Supplementary Table 3: Ablation study of T2C CNN components

Supplementary Table 3: Ablation study of T2C CNN components’. Source data are provided
as a Source Data file.

2

Long-term . Class-wise accuracy (%) Overall
Settings spatial Skip No i ; single-event
Hes - concatenations pooling Single- Single- meieeven 3
convolutions event molecule  accuracy (%)
Baseline - - - 72.01£2.76  79.87+2.70 72.954+2.33

- v 70.73+£1.69 77.601+2.66 74.66+£3.59

Individual

- v - 72.5843.36  78.13+£3.96  76.224+3.09

component v/ — ~ 84.14+3.80 88.86+4.07  89.07+2.44
. ~ v v/ 72.5143.82 79.86+3.19  74.96+4.56
Combined v v - 86.3345.16 91.11+4.21  90.70+3.65
components v - v 87.34+1.89 92.02+2.38 91.59+1.75

All components v v v 94.76+0.47 96.99+0.46 96.78+0.50

'Bach component is removed or included to assess its individual and joint contribution to
classification accuracy. ?Class-wise accuracy at the single-event and single-molecule levels.
Single-molecule predictions are derived by confidence-based voting over associated single-event
predictions. 2Overall single-event accuracy is calculated across all events without class-wise
averaging. Reported values are mean + standard deviation over five cross-validation trials.
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Supplementary Table 4: 5-fold single-event class-wise accuracies of all tested

methods and their average ranks

Supplementary Table 4: 5-fold single-event class-wise accuracies of all tested methods and

their average ranks.

Methods Fold1 Fold2 Fold3 Fold4 Fold 5 Avera‘gel
ank (1)
T2C CNN (ABC2) 94.76  94.28  94.36  95.60  94.78 1
T2C ONN (AC)  90.91 86.68 86.85 87.01 85.26 2.8
PDF (All event)  83.88 84.42 8426 8442  84.42 4
T2C CNN (AB)  79.35 89.59 86.33 93.97 82.40 4.4
PDF (2 event)  83.80 83.90 83.92 83.90 83.90 5
T2C CNN (A)  81.84 80.70 88.11 89.38  80.69 5.2
PDF (3 event)  82.09 82.18 82.00 82.18 82.18 6.6
3D ResNet-18  80.17  72.58 8279 80.45  83.72 7.4
PDF (1 event)  75.27 7527 7516 7527 75.27 9.6
T2C CNN (B)  70.22 72.64 69.69 78.98 71.38 12
Video Transformer 74.67 70.85 69.76 72.44 70.85 12.4
T2C CNN (BC)  68.66 68.01 73.26 78.40 74.22 12.4
T2C CNN None ~ 71.61  70.00 69.55 71.61 77.28 12.6
T2C CNN (C) 7049 69.75 70.35 73.97  69.09 13.2
SqueezeTime 7172 69.18  71.27  69.55 66.34  13.6
ED-TCN 62.19 63.63 76.01 67.43 71.84 13.8

'Ranks were computed within each fold using Friedman ranking and then averaged across
folds. These ranks were used in the Friedman test and post-hoc analyses reported in the main
text. All 16 methods and their variants were sorted in ascending order based on their average

ranks. 2The letters “A”, “B”, and “C” following “T2C CNN” indicate the inclusion of
long-term spatial convolutions (A), skip concatenations (B), and no-pooling (C) components,
respectively. Combinations of these letters represent variants that include the corresponding
components. The suffix “None” denotes the variant in which none of these three components
are included.
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Supplementary Table 5: Comparison with methods most related to the pro-
posed T2C CNN

Supplementary Table 5: Comparison of methods that are most related to the proposed T2C

CNN.

Feature ED-TCN [21] SqueezeTime [46] T2C CNN (Ours)
Input Pre-prepared image features Short (16 frames), fixed-length Variable-length video

video clips
Channel Stack image features in chrono-  Stack original image channels in ~ Stack single image channel in
composition  logical order chronological order chronological order
Channel ag-  Aggregated by a hierarchy of  Aggregated by applying  Sliced and aggregated by equal-
gregation temporal convolutions temporal-adaptive weights length temporal kernels

Predictions t= 16 Conv .
o Padtot=1024
‘ CTL {|]|cTL]. ..

t=1 Block Block|
Architecture
uniqueness

Frame features

Uses hierarchical temporal se-
quence convolutions (”Conv”),
pooling, and upsampling on
frame features for fine-grained
action segmentation or detec-
tion.

CTL Block

Short video clips are pro-
cessed through hierarchical and
iterative channel-to-time ("C —
T”) and time-to-channel ("T —
C”) spatial convolutions, along
with channel weighting (w) and
temporal encoding, to capture
sequence temporal dynamics.

Processes variable-length videos
via spatial convolutions on large
channelized temporal slices;
utilizes four evenly distributed
blocks with cross-connected
convolutional and fully con-
nected layers to capture subtle
spatial frequency variations over
a broad temporal domain.

Fitness to
fluorescence
spot videos

Fragmented associations be-
tween frame-level features
hinder the capture of long-
term variations in fluorescence
videos:

. Feature-based frames:
Challenging to perceive the
spatiotemporal characteristics
of fluorescence videos.

2. Hierarchical temporal con-
volutions: Low-level detail
features are less likely to be
retained in high-level represen-
tations.

3. Pooling and upsampling:
Impede the preservation of
subtle  fluorescence features
and the restoration of detailed
fluorescence characteristics.

Repeated conversions be-
tween  channel-to-time and
time-to-channel with weighted
convolutions risk losing critical
spatiotemporal details:

1. Weighted convolutions: May
disrupt the original temporal
variation patterns in fluores-
cence videos.

2. Iterative channel-to-time
conversions: In hidden layers,
reducing channel dimensions
to match time length may not
adequately represent temporal
sequence information.

3. Multi-level convolutions
without cross-links: Pose risks
of over-parameterization [28]
and gradient vanishing [3§]
during training.

A small number of cross-
connected, long-term spatial
convolutions enhance the ability
to capture long-term detail
variations in fluorescence spot
videos:

1.  Shallow cross-connections:
Help preserve multi-scale
spatiotemporal features in fluo-
rescence videos.

2. Long-term spatial convo-
lutions: Facilitate capturing
long-term frequency patterns in
fluorescence videos.

3. Pooling-free design: Enables
all spatiotemporal features to
be condensed into channels
through large-stride convolu-
tions, maximizing spatiotempo-
ral information integration.
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