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1 Supplementary Information

1.1 Irregular jet precession

The high-resolution of the kine video reconstruction of 3C 345 allows us to measure the direction
at which components are ejected from the core. From each frame of video, we computed the jet
launching direction angle by fitting an elliptical Gaussian to the core and identifying the angle with the
orientation of the Gaussian’s major axis. The direction is shown as a function of time in Supplementary
Information Fig. 1, where blue points indicate the measured direction, while orange points show the
average and standard deviation of a Gaussian Process regression to the data. The projected jet
launching direction spans a projected angle of 60°, with intermediate smaller oscillations and with
most material ejected towards -120° to -90° east of north. The variation of the direction angle is
irregular and no significant periodicity is observed in the ejection direction.

Two different binary black hole (BBH) models [1] were proposed to explain the optical and radio
variability of 3C 345 [2, 3]. The first one [2] assumes a precession period of 10 years and interprets
the quasi-ballistic motion of superluminal features within 1 mas from the core as the result of a non-
coplanar secondary black hole inducing torques in the inner parts of the disk. The second one [3],
instead, consists of an equal-mass BBH system, resulting in a precession of the accretion disk axis
with a 2570 years period. In this case, the yearly variability timescale observed in the light curve and
component ejection process are interpreted as the result of thermal and mechanical instabilities and
accretion rate variations.

What we observed instead is that the short-term variability of 3C 345 is directly linked to the
change in the orientation of the jet core, which, nevertheless, we find to be irregular instead of peri-
odic or quasi-periodic. The irregular jet precession was also observed in blazar 3C 84 [4] and could
be attributed to instabilities in the accretion disk surrounding the central black hole or a misalign-
ment between the angular momentum of the accretion disk and the black hole spin [5, 6, 7, 8, 9],
which may cause a warping of the disk and a stochastic variation of the jet’s direction. We note
that an irregular, non-periodic variation of the apparent jet direction does not necessarily require
changes in the launch orientation alone. Plasma instabilities developing within the relativistic jet it-
self, such as Kelvin—Helmholtz or current-driven (kink) modes, as well as asymmetric interactions with
the surrounding medium, can also induce local distortions of the inner jet ridge line and brightness
distribution that would manifest as stochastic changes in the measured core orientation. Our data
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Figure 1: Angle of the jet launching direction over time. The convention used for the angle is 0 pointing north,
with positive values in the north-west quadrant. (Left panel) Blue points indicate the angle computed from the frame
corresponding to each observed epoch, with error bars indicating one sigma. The orange line indicates the mean of a
Gaussian Process (GP) regression to the angle values, with the orange bands indicating one and three sigmas. (Right
panel) The average of the GP regression is plotted in angular coordinates, for a more intuitive representation of the
change in the launching direction. Red colors indicate the oldest epochs, while blue colors indicate the most recent
epochs.

do not allow us to unambiguously distinguish between intrinsic variability at the jet base and such
jet-side processes, but the absence of any clear periodicity disfavors models invoking a strictly peri-
odic precession mechanism. Regardless of interpretation, the variation of the jet launching direction
on a yearly timescale, shows that the short-term variability of the source is related to the irregular
jet precession. Therefore the short-term irregular orientation changes should be incorporated in the
variability models, which now only consider a long-term regular precession of the jet’s orientation or
assume a short-term periodic precession.

1.2 Optical Flow

Integrating the OF velocity field from the center of the first detection of a component yields trajectories
that coincide with those obtained from fitting Gaussian components [10] as shown in the middle row
of Fig. 2 in the main text. The trajectories of bright features tracked with OF and the trajectories of
those same features obtained from model fitting are in great agreement within the inner ~2 mas from
the core, where the Gaussian components are well localized. Further downstream from the core, where
model fitting struggles to constrain localized components in favor of diffuse ones, the two methods
are in agreement on the overall trajectory, though small discrepancies are present. Likewise, the
average component speeds from model fitting and the optical flow are also in agreement. We show a
comparison for two example components, C6 and C20, in the lower panels of Fig. 2 in the main text,
where the speed is plotted as a function of time. The optical flow analysis measures average speeds
of Bapp,c6 = 10.3 £ 0.2 ¢ and Bapp,c20 = 13.0 £ 0.3 ¢, which are similar to the previously reported
values of Bapp.ce = 11.79 £ 0.19 ¢ and Bapp.c20 = 13.16 £ 0.17 ¢ [10]. While these speeds are indeed
similar, for component C6, model fitting and the optical flow yield a difference of approximately 1 c.
We attribute this to the intrinsic differences in how these values are obtained (polynomial fitting of
model fitted Gaussians in the visibility domain versus feature tracking in the image domain). For the
other components, the OF velocity values have similar values that match the velocities obtained with
model fitting. Given the agreement between the optical-flow motion field and the lower-resolution
trajectories obtained from prior model fitting [10], the optical flow provides a reliable estimate of the
apparent plasma flow speed.

OF aims to accurately capture the apparent motion of features in any region of the jet, matching
the motion detected by human perception. However, because the algorithm relies on image gradients,



it can only track the motion of visible features. As a result, in the limit of a perfectly laminar flow the
optical flow would report a null velocity, whereas in the presence of turbulence the inferred velocity
is expected to be accurate. This explains why the velocity appears to be extremely low in the core
and its proximity (right panels of Fig. 1 in the main text and top left panel in Fig. 2 in the main
text). In the present case, we consider the OF to provide a reliable estimate of the jet velocity starting
from ~0.5 mas from the core. The velocity field map is also limited in resolution by the resolution
of the reconstructed video, which in this case is ~ 113 pas. Correlations that extend over the scale
of the effective resolution should be interpreted as the result of actual coherent motion in the jet.
The non-null velocity detected in the core region is caused by residual frame-to-frame misalignment.
We consider the time average of the average velocity reported for pixels contained in the core, as the
uncertainty on the individual instantaneous OF velocity measurements, since we believe this to be the
limiting source of uncertainty. The uncertainties we report are of the same order of those obtained by
component model fitting [10], showing that resolution is not the factor restricting the precision of the
measurements, which is instead limited by the irregular evolution and motion of the jet.

1.3 Post imaging alignment

When imaging with closure phases, the information about the absolute location of the source in the
frame is lost. Because of this, the reconstructed movie may show the source drifting smoothly across
the field of view. We solve this issue post-imaging, by re-aligning the frames to a chosen feature, such
as a jet core. The alignment process consists of shifting each frame by the amount that maximizes
its cross-correlation in the core region with respect to the reference frame. More specifically we align
frames according to the following steps:

1. We locate the peak brightness pixel in the core.
2. We mask out every pixel not included within a radius of 225 pas from the brightest pixel.

3. We blur the core with a 400 pas Gaussian beam so that no internal structure is distinguishable
in the core.

4. We upscale the number of pixels in the image by a factor of 10 to enable finer discrete shifts.

5. We shift the frame by the number of pixels that maximizes the correlation between the current
masked, blurred, and upsampled frame and the equally processed previous one.

6. We iterate the steps above for all frames.

1.4 Dynamic range tests

In VLBI, dynamic range is a measure of how faint of a structure the imaging method can reliably
reconstruct, in comparison to the brightest ones. The dynamic range (DR) is conventionally defined
as the ratio between the maximum value in the image (Imax) and the image noise level, which here
we defined as the root mean square error (RMSFE) of the image in a portion not containing any real
emission:

Imax

Dk RMSE(Lioise) (1)
kine’s dynamic range improvement is a result of the combination of two factors: kine’s resolution
improvement and the simultaneous imaging of multiple epochs. If the resolution of an image increases,
the maximum brightness of unresolved sources changes. Let’s consider an unresolved point source,
which is represented in the image by a Gaussian function g(z,y) = Ajexp (—(2? + y?)/207). By
increasing the resolution of the image, e.g. by deconvolving with a Gaussian kernel, the point source
will be represented with a narrower Gaussian go(z,y) = Asexp (—(2* 4+ y*)/203), while the total
flux of the source remains constant. By equating the source’s fluxes at the two different resolutions:



[ g1(z,y)dzdy = [ go(z,y)dzdy, we obtain the relation between the peak brightness in the low
resolution image and that in the high resolution image:
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Assuming that the background noise is dominated by thermal noise, and not imaging artifacts, the
noise level remains unchanged by a resolution improvement. This happens because regions of extended
emission or regions of no emission (i.e. regions where the emission is at the same level of noise) are
already resolved and therefore will only see minor increases of the present modulations. For single-
epoch static imaging, the fact that the noise level is unaffected by a resolution improvement is expected,
since there is no additional information that could lower the noise level. As a result, the dynamic
range is expected to improve by a factor equal to the square of the resolution improvement.

The DR also improves because of the simultaneous imaging of multiple epochs, under the reason-
able assumption of independent noise realizations and comparable sensitivity across epochs. Noisy
imaging artifacts don’t correspond to any real structure in the source image and, since the (u,v)-
coverage and noise change from epoch to epoch, they are not consistent from frame to frame and so
they are not recovered in a time-regularized video, which requires frame-to-frame consistency. Addi-
tionally, under the assumption of frame similarity across the video, imaging multiple epochs together
is similar to time averaging the data to improve the signal-to-noise ratio. Therefore, from multi-epoch
imaging alone, we should expect a dynamic range improvement up to vN where N is the number of
epochs. In the case of a static unchanging source, we should expect a DR improvement equal to this
limit, though for an evolving source we should expect a lower value.

We quantified the dynamic range achieved by kine on modell and model3A, which are the models
with diffuse structure of varying flux density, for both dynamic imaging reconstructions and individual
frame-by-frame “static” reconstructions. Estimating the dynamic range of our reconstructions using
Eq. 1 is however not ideal. Indeed the definition is highly sensitive to the peak brightness in the image,
which may be an unstable quantity and it is subject to the uncertainty in the selection of the area of
no emission. Additionally, it is not straightforward to establish that the faint emission reconstructed
in the supposedly dark parts of the image corresponds to the effective noise level. Our model does
not impose sparsity priors nor constrain the emission in the central parts of the frame, so the modeled
emission in the dark regions is unconstrained up to the effective noise threshold. Therefore, it is
reasonable to believe that such emission is representative of the effective noise in the image. To ensure
that that is the case, we compared the RMSE in the dark regions of the CLEAN images (which
include residuals) and the RMSE from the same regions in the static kine images. The estimates
yielded similar values (a median of 2 x 107 Jy/px for CLEAN and 3 x 1076 Jy/px for static kine),
which is what we would expect since, in the case of static imaging, there is no extra information
that might reduce the effective noise level, while at the same time kine’s resolution improvement
may marginally increase minor peaks in the dark areas. However, computing the noise floor from
modeled quantities subject to spatio-temporal correlations is not ideal, which is why we paired the
first estimate of the dynamic range with a second method that does not require an explicit definition
of the noise level, but rather allows us to determine it in practice. Dynamic range is a measure of how
faint the faintest structures that can be reliably detected are, compared to the brightest ones. Our
second method provides that information by comparing the reconstructions with the ground truth.
Specifically we rescale both the ground truth and the reconstruction images in the [0, 1] interval in
logarithmic scale, with a chosen dynamic range:

10g(I) B log(Imln) . Imax = maX(I)
I — th
108(Imae) —log(Inin) Imin = max(I)/DR (3)

and we clip image values outside the [0, 1] interval. We then compute the cross correlation between
the rescaled ground truth and reconstruction for different values of dynamic range. We expect the
correlation to be high for lower DR values and to decrease for DR values above the reconstruction
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Figure 2: Dynamic range tests. Dynamic range of kine reconstruction of synthetic data from jet geometric models.
(Top) Distribution across frames of the dynamic range computed with method 1 for modell (left) and model3A (right).
The vertical lines indicate the average value. (Bottom) Cross correlation between reconstructed video and ground truth as
a function of dynamic range for modell (left) and model3A (right). Vertical bands indicate the dynamic range computed
with method 2, horizontal dotted lines mark the 0.9 and 0.95 cross correlation thresholds.

dynamic static
method 1 method 2 method 1 method 2

modell 2.5 x 10° [2.3 x10°,4.9 x 10°] 3.5 x 10* [6.5 x 10%,1.9 x 10%]
model3A 2.7 x 10° [2.2x10%,7.0x 10°] 8.1 x 10* [1.4 x 10*,5.8 x 10%]

Table 1: Dynamic range tests. Effective dynamic range of the kine reconstructions of synthetic data for static and
dynamic reconstructions.

dynamic range, for which noise artifacts begin appearing in the rescaled image. So we estimate the
dynamic range of the reconstruction as the value for which the cross correlation decreases below a
set threshold. The advantages of this method are that it is not sensitive to fluctuations in the peak
brightness of the image and does not depend on computing the noise level directly from the image.
The downsides are the degree of arbitrariness in the choice of the threshold and the fact it requires a
ground truth image for comparison.

In Supplementary Information Fig. 2 we present results from both methods. The first row of
the figure shows the DR distribution across frames computed with method 1, for both the static
and dynamic reconstruction, with the average DR marked with a vertical line. We observe that
dynamic reconstructions not only provide an improvement in the average dynamic range but also a
lower variance of the dynamic range from frame to frame, overcoming the occasional decrease in data
quality, by propagating information from nearby frames. The second row displays the average cross
correlation between reconstruction and ground truth as a function of the dynamic range. The decrease
in cross correlation is gradual, so we considered values between 0.9 and 0.95 as suitable thresholds
to determine the dynamic range hence providing a range of possible values for the DR, instead of a
single value. The dynamic ranges of the kine reconstructions are reported in Table 1, from which we



can conclude that static reconstructions achieve a dynamic range between 6 x 10% and 8 x 10%, while
dynamic ones achieve a dynamic range spanning from 2 x 10° to 7 x 10°. This shows that indeed
dynamic imaging provides a higher dynamic range than static imaging. In this case the improvement
is of a factor of ~10, which is compatible with the VN = v/116 ~ 11 limit.

1.5 Resolution tests

We chose two different methods to quantify the effective resolution achieved by kine’s reconstructions
of synthetic data. Both methods rely on finding the optimal Gaussian kernel needed to blur the
ground truth to match the resolution of the reconstruction. In the first method, we computed the
2D spatial power spectrum (PS) of each frame of the reconstruction. The power spectrum measures
the strength of the image signal at different spatial scales and drops in correspondence of the smallest
spatial scales resolved. To determine the resolution of the reconstruction, we blurred the model frames
with Gaussian kernels of increasing FWHM and we computed the x? between the PS of the blurred
images and the PS of the corresponding reconstruction. The FWHM which resulted in the best x?
fit of the PS, was then added in quadrature to the reference resolution of the model images, i.e.
the size of the smallest component in the true model, to obtain the effective resolution of the kine
reconstructions. Finally we averaged the effective resolution across all epochs. In the second method,
we blurred the model frames with Gaussian kernels of increasing FWHM and we computed the cross
correlation between the blurred ground truth and the reconstruction. The FWHM for which the cross
correlation peaks was added in quadrature to the reference resolution of the model images to obtain
the effective resolution of the reconstruction. Also in this case we considered the average resolution
across frames. We performed these tests on all the models with features of size equal or smaller
than the expected resolution of the method, i.e. modell, model2A, model3A, model2B, and model3B,
to test the limits of the achievable resolution. We performed these tests on both the dynamic and
static reconstructions, to compare the resolution gain of dynamic imaging. The effective resolutions
are reported in Supplementary Information Table 2, which shows that dynamic reconstructions have
effective resolutions between ~100 pas and ~125 pas, with an average value of 113 pas, while static
reconstructions have effective resolutions between ~110 pas and ~145 pas, with an average value of 125
pas. This shows that the major resolution improvement is achieved already at the static reconstruction
level, with an improvement factor of 3.8 over the nominal resolution of 475 pas, while the dynamic
reconstruction provides a marginally higher improvement factor of 4.2.

dynamic static

method 1  method 2 average method 1  method 2 average nominal
modell 128 pas 123 pas 125 pas 146 pas 148 pas 147 pas -
model2A 106 pas 105 pas 106 pas 121 pas 114 pas 117 pas -
model3A 113 pas 120 pas 117 pas 115 pas 121 pas 118 pas -
model2B 102 pas 99 pas 101 pas 112 pas 105 pas 109 pas -
model3B 107 pas 121 pas 114 pas 109 pas 150 pas 130 pas -
average resolution - - (113+8) pas - - (124+13) pas 475 pas

Table 2: Resolution tests. Effective resolution of the kine reconstructions of synthetic data from different models.

1.6 Gaussian fitting tests

Since most of our analysis of the 3C 345 results relies on resolving the core region at scales smaller
than the nominal beam and tracking components in the vicinity of the core, we conducted additional
tests on kine’s ability to correctly resolve and locate small discrete components in the core region.
We performed a Gaussian fitting on the reconstructions of model2C, model2A, and model2B, which
are composed respectively of 60 pas, 80 pas, and 160 pas components ejected from a brighter 160 pas
core and compared results with the same fitting procedure applied on the ground truth. Restricting
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Figure 3: Core region resolution and tracking test. (Row 1) Example frames of the core region in the ground truth
videos and the corresponding reconstructions, for three models with emitted components of different sizes. (Rows 2-5)
Parameters of the Gaussian fit (distance from core, position angle PA, flux, and FWHM) for the moving component as
a function of time, for both the ground truth video and the reconstruction. The vertical lines indicate the time of the
example frame shown above. The horizontal lines mark the nominal resolution.

our focus to the core region, where at most two Gaussians (the core plus one component) are present
at any given frame, we fitted a double 2D Gaussian model, using the FWHMs, total fluxes, and center
coordinates as variable parameters. For the best fit results we computed the distance and position
angle of the component with respect to the core.

The first row of Supplementary Information Fig. 3 shows an example frame of the ground truth and
the reconstruction for each model, with the center and FWHM of the best fit Gaussians overplotted
in green. The following rows present, for each model, the best fit parameters as a function of time,
comparing the Gaussian fit performed on the reconstruction to that performed on the ground truth.
From kine reconstructions, components can be precisely located starting at ~110 pas from the core
and tracked throughout their whole path for all models, including those whose components are smaller
than the effective resolution achieved by kine (i.e. model2C and model2A). When the component is
fully detached from the core, the position angle can be recovered within 1° of the true value, while
before that, for smaller components in both the ground truth and the reconstruction, it is recovered
correctly within 7°. In both cases, the error is well below the uncertainty on individual points in
the measurement of the core’s orientation (Fig. 1), showing that resolution is not a limiting factor



in the analysis. Before the components separate from the core, the flux is not always estimated
correctly because the Gaussian fitting sometimes misattributes part of the flux between the core and
the component, but for detached components, the flux is well recovered, with estimates within 0.1 Jy
of the true value. For the components in model2B, which are larger than kine’s effective resolution, the
FWHM is recovered faithfully, within ~20 pas of the ground truth, while for mode12C and model2A,
the components” FWHM are overestimated. For model2C and model2A the components are so small
that the measurement of the FWHM is noisy for both the ground truth and the reconstruction, but
the reconstruction presents a clear bias in recovering larger components. Overall this test provides
further confirmation that dynamic kine’s effective resolution is larger than 80 pas and smaller than
160 pas and shows that kine can accurately resolve and track features in the core region within the
nominal beam, which in Supplementary Information Fig. 3 is indicated with a dotted line.
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Figure 4: Motion tracking validation test. (Rows 1-2) Example frames of the ground truth videos and the corre-
sponding reconstructions, for three models with different velocities. Green contours identify the discrete components.
(Rows 3-5) Component apparent velocities as a function of time, measured with the optical flow method on the time
interpolated ground truth and reconstructed videos. The vertical lines indicate the time of the example frames shown
above.

1.7 Motion tracking test

Traditional kinematic analysis characterizes the dynamics of the jet by tracking the motion of Gaussian
components obtained with model fitting [e.g. 10]. With kine, we can move beyond this approach and
estimate the continuous velocity field of the superluminal jet via video post-processing techniques.
In our work we present velocity estimates using the Pyramidal Horn-Schunck optical flow algorithm
[11, 12], though kine provides reconstructions from which this field could be easily estimated with



other algorithms. The Horn-Schunck algorithm estimates the optical flow field, which measures the
pixel displacement between neighboring pairs of frames. The pixel displacement, combined with the
length of the time interval between frames, gives an estimate of the jet’s velocity field at each pixel
location of the video. In addition, we integrate the velocity field to obtain the trajectories followed by
volume elements in the jet and track significant jet components. Optical flow recovery methods are
widely used in many research fields involving video observations, including astrophysics [e.g. 13].

We validated the optical flow method on model2E, model2A, model2D, which consist of discrete
Gaussian components moving away from the core at different speeds (5.7 ¢, 11.4 ¢, 22.7 ¢). We
computed the optical flow on the ground truth videos and the dynamic reconstructions. Then we
identified the area covered by the components by thresholding the video reconstructions and for each
frame and each component we averaged the velocities within the component’s area to determine the
component’s instantaneous velocity. Results are shown in Supplementary Information Fig. 4, which
shows a ground truth/reconstruction comparison for one example frame per model (rows 1-2), and
the measured velocities for a few different components as a function of time, for both the ground
truth and the reconstruction (rows 3-5). We report the average of the measured velocities for these
components in Table 3. Again, we used the error caused by frames misalignment as uncertainty on the
instantaneous velocity measurements, since it is dominant with respect to the standard deviation of the
measured values. For the reconstructed videos, the measured velocities are slightly noisier than those
measured for the ground truth, with noise growing with velocity, but for all models and components
they are recovered correctly within 1 or 2 sigmas. We can conclude that kine in combination with
the optical flow method, on the 3C 345 dataset, is able to accurately measure apparent velocities up
to ~23 ¢, a value above those that we measure for real observations.

ground truth reconstruction true value

model2E

component A (5.7£0.2) ¢ (5.5+0.2) ¢ 57 ¢
component B ( 5.8+0.2) ¢ ( 5.84£0.2) c 5.7 c
component C  ( 5.840.4)c (5.7+0.4)c 5.7 c
model2A

component A (11.1£0.2) ¢ (10.8£0.3) ¢ 114 c
component B (11.4+£0.2) ¢ (11.0£0.3) c 114 ¢
component C  (11.1£0.3) ¢ (10.8£0.3) ¢ 114 c
model2D

component A (22.1£0.4) ¢ (21.8£0.5) ¢ 27c
component B (22.8+£0.4) ¢ (22.5+£0.4) c 227 c
component C  (22.8+£0.4) ¢ (21.9£0.4) c 227 ¢

Table 3: Velocity recovery test. Apparent velocities of discrete components computed with the optical flow, for
synthetic data reconstructions.

1.8 Time interpolation test

The cadence of the 3C 345 observations is irregular in time, and the separation between adjacent epochs
can range from 6 days to more than 1 year. In contrast with other imaging methods, kine reconstructs
a continuous flux density distribution, allowing for motion-preserving interpolation between observed
frames, that outperforms linear interpolation. For the analysis of the fluid jet dynamics we sampled
the optimized neural network at times uniformly distributed between the first and last epoch, so that
the video reconstruction is not subject to errors derived from irregular sampling or frames widely
separated in time. Indeed, because of the continuity of the neural field representations, a kine video
reconstruction can be sampled at any given time, even if not coinciding with an observed epoch. A
frame can be successfully interpolated if the source does not change dramatically over the interval
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Figure 5: Time interpolation test, metrics. The cross correlation between the interpolated and reconstructed frames
and the x%s of the interpolated frames are computed over time gaps of increasing length. Some example frames corre-
sponding to the omitted epochs are compared to the corresponding frames in the full reconstruction in Supplementary
Information Fig. 6.

between the previous and subsequent observation. Therefore kine interpolation capacity depends on
both the length of the time intervals between observations and the rate of variability of the source. Here
we test time interpolation in the case of 3C 345 observations. To do so, we ran kine reconstruction on
real observations, omitting data from one observed epoch. We chose the epoch to omit so to test for
increasingly longer time gaps between the omitted epoch and the nearest observation, ranging from
0.5 to 8 months. For the interpolated frame, we computed the closure quantities x?s to quantify if the
interpolated frame provided a good fit to the data. We also computed the cross correlation between the
interpolated frame and the corresponding frame from the reconstruction of the full dataset. Results
are shown in Supplementary Information Fig. 5. The x2s shown in the plot are computed only for the
selected frame, not the whole video, so, while they are expected to be of order 1, they are not expected
to be all exactly 1, since the x? which is minimized is the global one. Reconstructions with the omitted
epoch have occasionally a slightly higher x2, but still not higher than 5, except in the case of a gap
of 6.5 months or more. Starting from 6.5 months, the y? begins to degrade. The cross correlation
instead maintains high values for gaps up to 7 months, after which it decreases significantly. This is
reflected in the frames presented in Supplementary Information Fig. 6.

The advantage of kine’s built in interpolation over more naive interpolations like linear, or bicubic
interpolation, is that it locates correctly the position of moving features. For example, kine’s inter-
polation of two frames showing a moving component would show the component in the intermediate
location between the initial and final point, while linear interpolation would show the presence of two
dimmer components at the initial and final locations. This is exemplified in Supplementary Informa-
tion Fig. 7, which compares linear interpolation and kine’s native interpolation for an epoch separated
6 months apart from the nearest observation, in the case of model3A, showing that kine’s interpola-
tion is motion-preserving. In the case of real data, for the same 6 month interval, kine’s interpolation
provides X120gcamp = 3.8 and X?:phase = 6.1, while linear interpolation results in Xl20gcamp = 83.4 and
Xophase = 107.7.

Overall we consider that for data with the coverage and quality of the 3C 345 observations, kine
provides good, motion-preserving time interpolation for frames separated up to 6 months from the
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Figure 6: Time interpolation test, frame comparison. Reconstruction with the full set of observations (first row)
and reconstruction with one omitted epoch (second row), for increasing interpolation gaps. We observe that the main
features of the jet are well reconstructed in the omitted frame for all gap sizes except for the 8 months gap.
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Figure 7: Linear interpolation vs kine’s native interpolation. For model3A and an epoch 6 months apart from the
nearest observation. From left to right, the first observed frame (in blue), kine’s interpolated frame, the ground truth
frame, and the linearly interpolated frame (in red), the second observed frame (in blue). The dynamic range shown for
plotting is intentionally low, in order to highlight the position of the components against the background emission.

Jy/px

nearest observations. In the present work, we use time interpolated frames in the optical flow analysis
to have a video sampled at regular intervals. The longest separation between an interpolated frame
and the nearest observation is 5.7 months, which is within the range of reliable interpolation, therefore
ensuring the reliability of the optical flow recovery.

1.9 CLEAN - kine comparison

In the dynamic imaging of 3C 345, the instantaneous coverage corresponding to one frame is the
coverage of one full observation. This means that the instantaneous coverage is more than sufficient
for snapshot imaging of the individual epochs, so kine is able to provide both dynamic and snapshot
static reconstructions in super-resolution. However, as shown from the validation tests, dynamic
reconstructions achieve higher resolution and dynamic range than static ones. An additional and
more important advantage of a dynamic reconstruction is that a dynamic video provides a continuous
representation of the movement and evolution of the source. A sequence of independent images, even
if aligned correctly, always presents discontinuities from frame to frame, which cannot be overcome by
traditional image interpolation. Having a continuous reconstruction is important for any image domain
analysis, especially e.g. for computing the optical flow. Furthermore, the continuous formulation of
kine’s framework allows for the sampling of the reconstructed video at any time value, providing a
motion-preserving interpolation between observed frames.

Here we estimate the effective resolution and dynamic range of kine’s reconstruction of the real
3C 345 observations and compare them with images obtained with CLEAN. Supplementary Informa-
tion Fig. 8 shows an example frame comparing traditional static imaging with CLEAN, snapshot static
imaging with kine and dynamic imaging with kine. Both kine reconstructions show consistency with
the CLEAN image, though they are able to resolve significantly more structure in the jet. The kine
dynamic imaging reconstruction also achieves better dynamic range and resolution than both the
CLEAN image and the kine static snapshot. A quantitative analysis of the resolution and dynamic
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Figure 8: CLEAN vs kine comparison, frames. Comparison between representative reconstructions of VLBA
observations of 3C 345 from CLEAN (left column), kine static (center column), and kine dynamic (right column). The
clean image is taken from the MOJAVE database. The images have been rescaled so that the value of the brightest pixel
is the same for all images and the low values are clipped to the corresponding noise level. In this way, when plotting the
images with the same color scale, the difference in dynamic range is made clear by the background color of the images.
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Figure 9: CLEAN vs kine comparison, dynamic range and resolution. (Left panel) Dynamic range distribution
over frames of the kine dynamic, kine static, and CLEAN reconstructions of 3C 345 observations. Vertical lines indicate
the average value. (Right panel) Power spectrum of the kine dynamic, kine static, and CLEAN reconstructions of
3C 345 observations. Thin lines indicate the power spectrum of each individual frame, while the thick lines indicate the
average value.

range of the three reconstructions is presented in Supplementary Information Fig. 9. Since we do
not have a ground truth in this case, we can estimate the dynamic range only with the traditional
definition, while we estimate the resolution using the power spectrum comparison with the CLEAN
model convolved with the nominal beam. The left panel of Supplementary Information Fig. 9 shows
the dynamic range as a function of observed epochs, while the right panel shows the power spectrum
of each frame and the average over the video.

The average dynamic range is 3.6 x 103 for CLEAN, 4.9 x 10* for kine static and 5.1 x 10° for
kine dynamic, resulting in an improvement factor of ~ 14 for kine static over the traditional CLEAN
imaging method and an additional improvement factor of ~ 10 for kine dynamic over kine static,
for a total combined ~ 140 improvement factor. These values are consistent with the dynamic ranges
estimated from the tests on synthetic data and with our theoretical expectations. With a 4-fold
resolution improvement (discussed below), we expect up to a 16-fold dynamic range improvement for
static kine and, with dynamic imaging of 116 epochs we expect up to a further 11-fold dynamic range
improvement. The dynamic ranges of kine static reconstructions undergo wide oscillations, depending
on the quality (coverage and SNR) of each dataset, while the dynamic range in frames of the kine
dynamic video varies less. This means that kine dynamic is effective in improving the reconstruction
quality of a dataset with lower data quality by leveraging the information from prior and subsequent
epochs.

We obtain a resolution of 141 pas for kine static and a resolution of 106 pas for kine dynamic,
representing an improvement factor of 3.4 for kine static and 4.5 for kine dynamic with respect to
CLEAN, whose average nominal resolution of 475 pas is set by the diffraction limit. The effective
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Figure 10: M 87* kine reconstruction. Multi-day dynamic imaging reconstruction of M 87*, obtained from EHT
observations at 230 GHz, conducted in April 2017. The figure shows the four frames from the kine video that correspond
to the observation days. The top panel shows the total intensity images, while the bottom panel shows the polarimetric
images.

resolutions of both the static and dynamic reconstructions are consistent with the estimates from the
tests on synthetic data, though we consider the resolution estimate from real data slightly less reliable
than that from synthetic data because the comparison is not carried out with the ground truth but
rather with the CLEAN reconstruction. Therefore we prefer to rely on the estimate from synthetic
data for our conclusions.

1.10 Testing on M 87 multi-day observations

We also tested kine on real, multi-day observations of M 87* at 230 GHz from the EHT campaign in
2017, to validate the method on datasets with different and more sparse (u,v)-coverage. Specifically,
we used observations from April 5th, 6th, 10th, and 11th of 2017 [14]. We chose this dataset because
it has already been imaged by the EHT Collaboration with different static imaging methods [15], as
well as by independent researchers using static imaging with CLEAN [16] and dynamic imaging with
Resolve [17], making it a suitable benchmark dataset to test kine reconstructions.

Dynamic imaging results from kine are presented in Supplementary Information Fig. 10, where
the frames corresponding to the four observation days are shown. The reconstructions fit the data
correctly, as demonstrated by the normalized x?s of the closure quantities used in the imaging process.
The images present a clear ring-like shape, with a brighter spot in the south-west of the ring and a
twisted polarization pattern in the south-east of the ring. A faint extended emission is also visible in
the south-east of the ring for all observed days, consistent with the location of the M 87 jet observed
at lower frequencies [see e.g. 18, 19]. To quantify the consistency of our results with previous imaging
of the dataset, we extracted the ring features from the frames at each observed day. Our results
are presented in Supplementary Information Table 4 and show agreement with values from the EHT
Collaboration.
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d (pas)  w (pas) 1 (°) A fe
DIFMAP
April 5 37.2+24 282429 163.8+6.5 0.21+0.03 0.5
April 6 40.14+74 28.6+3.0 162.1+9.7 0.24+0.08 0.4
April 10 402417 275+£3.1 175.8+£9.8 0.20+0.04 0.4
April 11 40.74+2.6 29.0+£3.0 173.3+48 0.23+0.04 0.5
eht-imaging
April 5 39.3+1.6 162+2.0 1483+4.8 0.25+0.02 0.08
April 6 39.6+£1.8 162+1.7 151.14+8.6 0.25+0.02 0.06
April 10 40.7+1.6 15.7+£2.0 171.2+6.9 0.23+0.03 0.04
April 11 41.0+1.4 155+1.8 168.0+£6.9 0.20£0.02 0.04
SMILI
April 5 40.54+19 161421 1542471 0.274+0.03 7x107°
April 6 40.9+24 161421 151.7+£8.2 0.25+£0.02 2x1074
April 10 42.04+1.8 157424 170.6+55 0.214+0.03 4x 1076
April 11 423+16 156422 167.6+£2.8 0.22+0.03 6x 1076
kine
April 5 41.244.0 18.2+3.8 161.0£21.2 0.224+0.04 0.3
April 6 41.24+3.6 18.0£3.8 157.2+18.2 0.21 £0.05 0.3
April 10 42.34+2.7 17.3+2.6 172.8+29.5 0.17+0.03 0.2
April 11 43.3+29 174+£27 169.1£33.2 0.16£0.02 0.2

Table 4: M 87* feature extraction. Diameter d, width w, orientation angle 7, asymmetry A and floor-to-ring contrast
ratio f. of the M 87* black hole shadow. kine results are compared with results from static imaging with DIFMAP,
eht-imaging, and SMILI from the EHT imaging of M 87 [15].
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