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In this supplementary material, we present the detailed
derivation of our decomposed motion model (Sec. S1), the
details of blur kernel construction (Sec. S2), a discussion
on object motion (Sec. S3), and additional analyses related
to object motion (Sec. S4). We then provide details of the
network architecture (Sec. S5), the synthesis process of
GyroVD-Syn (Sec. S6), a quantitative comparison of blur
kernels (Sec. S7), a comparison using additional metrics
(Sec. S8), and a visualization of the KGS-Block (Sec. S9).
Finally, we present failure cases of our method (Sec. S10)
along with additional qualitative results (Sec. S11). We also
provide deblurred video results in the supplementary video.

S1. Derivation of Decomposed Motion Model
In the main paper, we propose a decomposed motion model
based on rigid camera motion. This section presents a more
detailed derivation of the motion model. Consider a video
frame with an exposure interval (ts, te), and let {ti}Ni=0 de-
note N+1 uniformly spaced samples such that t0 = ts and
tN = te. Suppose that the camera’s rotation matrix Ri and
translation vector ti at time ti are given. A 2D pixel posi-
tion p = [x, y]⊤ is warped to a new position p′ according
to the standard projection model:

p′
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(
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) (S1)

where C is the camera intrinsic matrix, pH = [p⊤, 1]⊤

is the homogeneous coordinate of p, d is the depth of the
pixel. Here, π((x, y, w)⊤) = (x/w, y/w)⊤ denotes the
projection from a 3D homogeneous coordinate to a 2D
Cartesian coordinate.

The term inside π(·) consists of two parts: the rotational
and translational camera motion. In practice, the rotational
component can be acquired from gyro data, while the trans-
lational component remains unknown and is the one we aim
to estimate. However, estimating translation using Eq. (S1)
is challenging because it requires the scene depth d. An al-
ternative is to estimate the translational motion component

in the projected pixel domain, but the nonlinear projection
π(·) prevents the warped pixel position from being decom-
posed into rotational and translational components. Con-
sequently, even with known rotational motion, the trans-
lational component cannot be estimated separately. To ad-
dress this, we introduce a decomposed motion model that
enables separate estimation of the two components directly
in the pixel domain.

We derive our decomposed motion model by approxi-
mating Eq. (S1). By applying a first-order Taylor expansion
to the rigid camera motion model, the warped pixel position
p′
i at time ti can be approximated as:

p′
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where τ i is a translational motion vector defined as τ i =
1
d JCti. J is the Jacobian matrix of the projection function
π((x, y, w)⊤) = (x/w, y/w)⊤ defined as:

J =

[
1
w 0 − x

w 2

0 1
w − y

w 2

]
(S3)

The warped pixel position in Eq. (S2) is now decom-
posed into rotational and translational components in the
pixel domain. If the pixel displacement at ti can be esti-
mated, the translational motion vector τ i can be obtained
by subtracting the rotational motion component. However,
estimation of the displacement at ti is not directly available
because ti is an intermediate temporal point within the ex-
posure (ts, te) of a video frame. To enable estimation of τ i

with the optical flows, we assume a constant translational
velocity and depths between the two frames. With the con-
stant velocity v, the translation at ti can be expressed as:

ti = (ti − ts)v (S4)

By substituting ti into Eq. (S2), we obtain our decomposed

1



motion model:
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where τ denotes a translational motion vector, correspond-
ing to the cumulative translation (te − ts)v over the expo-
sure interval (ts, te). Based on this model, we estimate τ us-
ing optical flows between consecutive video frames, as de-
scribed in Sec. 4. of the main paper. Then, the translational
motion vector at ti can be approximated as τ i ≈ ti−ts

te−ts
τ .

S2. Details of Blur Kernel Construction
Given a blurred video frame I captured over the exposure
interval (ts, te), we compute warped pixel trajectories over
N+1 uniformly spaced time samples {ti}Ni=0 within the in-
terval, and use them as blur kernels. In the main paper, for
brevity, we assume that the pixel-wise trajectories start at
the beginning of the exposure ts. However, most deblurring
methods consider the ground-truth frame to correspond to
the temporal center of the exposure. To account for this,
we compute both the rotational and translational compo-
nents of the pixel-wise trajectories using the temporal center
tc = (ts + te)/2 as the starting point instead of ts. Below,
we provide more details.
Rotational Component Using the gyro sensor, we obtain
angular velocity measurements {ωk}Mk=0 and correspond-
ing timestamps {t̃k}Mk=0 over the exposure interval (ts, te).
We take the temporal center tc = (ts + te)/2 as the starting
time instead of ts. The cumulative rotation from tc to ti is
computed as

Ri =

{
R(ti, tc)

−1, i ∈ [0, N/2]

R(tc, ti), i ∈ (N/2, N ]
(S6)

where R(t1, t2) denotes the rotation integrated from t1 to
t2:

R(t1, t2) =
∏

k: t1≤t̃k≤t2

exp
(
[ωk]×∆t̃k

)
, (S7)

where the product is taken in chronological order, [·]× de-
notes the skew-symmetric matrix, and ∆t̃k is the time in-
terval between consecutive measurements. To compute the
rotation from tc to ti, when i ∈ [0, N/2], we obtain the
backward rotation by inverting the cumulative rotation from
ti to tc, whereas for i ∈ (N/2, N ], we directly compute the
forward rotation from tc to ti.

As in the main paper, we substitute Eq. (S6) into Eq. (S5)
while setting τ = 0, and compute the warped position p′

i

at time ti from tc. This yields the pixel-wise trajectories
induced by rotational camera motion:

krot =
{
drot
i

}N
i=0

, drot
i = p′

i − p (S8)

where drot
i denotes the pixel displacement at the i-th sam-

pling point, and krot represents the corresponding trajectory
formed by N sampled displacements.
Translational Component To compute the translational
component, we estimate the translational motion vector. For
an input frame I , we compute optical flow maps from I to
its neighboring frames Inext and Iprev , which are assumed
to represent the displacement between their temporal cen-
ters. To isolate the translational component, we first com-
pute the rotation matrices Rnext and Rprev between the tem-
poral centers of I and its neighboring frames by accumu-
lating rotations, similar to Eq. (S6). We then estimate two
translational motion vectors, τ prev and τ next, corresponding
to the motion between I and its previous and next frames,
respectively:

τ prev =
te − ts

δ

{
p′
prev − π

(
CRprevC−1pH

)}
(S9)

τ next =
te − ts

δ

{
p′
next − π

(
CRnextC−1pH

)}
(S10)

where δ is the temporal interval between the temporal cen-
ters (e.g., 1/30 sec. for 30 FPS videos). p′

prev and p′
next

denote the warped positions of p in the previous and next
frames, respectively, obtained using the estimated optical
flow maps. These two vectors are then distributed across the
sampling points (t0, . . . , tc) and (tc, . . . , tN ), respectively,
yielding

ktran =
{
dtran
i

}N
i=0

, dtran
i =

|ti − tc|
te − ts

τ prev/next (S11)

where τ prev/next denotes the estimated translational motion
vectors, such that τ prev is used for i ∈ [0, N/2] and τ next
for i ∈ (N/2, N ]. Finally, the per-pixel blur kernel can be
obtained by combining both components:

k = krot + ktran (S12)

which captures the complete camera motion trajectory dur-
ing the exposure interval.

S3. Discussion on Object Motion
In the main paper, we introduce a decomposed motion
model consisting of rotational and translational components
of camera motion. Based on this model, we construct blur
kernels that reflect both types of camera motion. In dynamic
scenes, however, objects move independently from the cam-
era, causing object-induced errors in the constructed blur



kernels. Fortunately, since the GyroVD-Syn dataset natu-
rally contains diverse moving objects with such errors, Gy-
roDVD trained on the dataset learns to handle these errors,
leading to improved robustness to object motion. More-
over, we find that our decomposed motion model remains
valid under certain assumptions, even in the presence of ob-
ject motion, which further improves robustness in dynamic
scenes. We provide further details below.

Suppose that the camera’s rotation matrix Ri and trans-
lation vector tcami at time ti are given. For object mo-
tion, we additionally consider the translation of each pixel
tobji ∈ R3 induced by object motion. Then, the total trans-
lation of each pixel is defined as:

ti = tcami + tobji (S13)

By substituting ti into Eq. (S2), the warped pixel position
p′
i at time ti can be expressed as:
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i ≈ π
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)
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where τ i is the translational motion vector defined as τ i =
1
d JC(tcami + tobji ). Here, τ i includes both camera and ob-
ject translational motion, not just camera motion. Assuming
that both the camera and the objects have constant trans-
lational velocity within the short interval, τ i can still be
approximated by the same formulation as Eq. (S5) and es-
timated from optical flows using the same procedure de-
scribed in the main paper. When objects are present in the
scene, the optical flows encode the combined displacement
from both camera and object motion. By subtracting the ro-
tational component of the camera motion, we obtain a trans-
lational motion vector that contains both camera and object
translation. As a result, the blur kernels constructed from
this vector also reflect object motion.

It is important to note that this modified model is still
limited in modeling object motion, as it only accounts for
object translation, whereas real-world object motion may
involve complex non-rigid deformation or rotation. Never-
theless, we find that this approximation is sufficiently ex-
pressive to provide useful cues for handling object motion
in practice. A more detailed analysis of object motion is
provided in Sec. S4.

S4. Analysis on Object Motion
In this section, we analyze the performance of Gy-
roDVD with respect to the presence of object motion. To
this end, we manually classify all video frames in the test set
of GyroVD-Syn according to whether they contain moving
objects. Even when moving objects are present, the over-
all motion usually includes both camera and object motion,
making it difficult to analyze the effect of object motion

(a) Blurred Frame (b) GyroDeblur
(Gyro-based Image)

(c) DSTNet
(Video)

(d) ShiftNet+
(Video)

(e) GyroDVD-128
(Gyro-based Video)

(f) Ground Truth

Figure S1. Qualitative results on the object motion only subset of
GyroVD-Syn.

alone. Therefore, we additionally classify frames that con-
tain only object motion. Based on these labels, we split
the GyroVD-Syn test set into three subsets: camera motion
only, camera + object motion, and object motion only, con-
taining 2,967, 4,550, and 183 frames, respectively. We then
analyze the effect of object motion on these three subsets.

Comparison on Object Motion Tab. S1 shows the deblur-
ring performance of GyroDVD and other methods on the
three subsets. The table demonstrates that the performance
gap between GyroDVD and the other deblurring methods
is the largest in the camera motion only subset, while it
becomes smaller in the other subsets. This result indicates
that the motion information from gyro data is most benefi-
cial when camera motion is dominant. However, even when
moving objects are present in the scene, the resulting mo-
tion usually includes both camera and object motion (i.e.,
the camera + object motion subset). In such cases, the cam-
era motion measured by the gyro data still provides use-
ful cues for deblurring. As a result, GyroDVD achieves su-
perior performance on the other subsets as well. Notably,
GyroDVD-128 still outperforms the other methods on the
object motion only subset, thanks to the object motion in-
formation captured in ktran.

Fig. S1 shows the deblurred results on the object mo-
tion only subset. As shown in the figure, GyroDVD suc-
cessfully restores the face of moving people. Interestingly,
GyroDeblur [20] can still handle local object motion, even
though the method does not use ktran. This is because gyro-
based deblurring networks can learn to handle motion er-
rors caused by moving objects when such errors are present
in the training data [20]. Thanks to the diverse moving ob-
jects in GyroVD-Syn, GyroDeblur trained on the dataset be-
comes more robust to object motion. This result highlights
the superiority of GyroVD-Syn with realistic camera and
object motions in dynamic scenes.

Ablation Study on Object Motion To analyze the effect
of ktran on object motion, we conduct an additional ablation



Table S1. Quantitative comparison on GyroVD-Syn. We evaluate GyroDVD and other deblurring methods on three subsets: camera motion
only, camera + object motion, and object motion only.

GyroVD-Syn (PSNR ↑ / SSIM ↑)

Camera Motion Only Camera + Object Motion Object Motion Only Avg

DeepGyro [13] 28.27 / 0.7555 31.30 / 0.8283 34.00 / 0.8992 30.13 / 0.8003
EggNet [9] 28.47 / 0.7631 31.47 / 0.8338 34.28 / 0.9026 30.32 / 0.8066
GyroDeblur [20] 30.76 / 0.8147 33.31 / 0.8651 35.89 / 0.9183 32.34 / 0.8458

BasicVSR++ [5] 30.81 / 0.8268 34.80 / 0.8968 36.64 / 0.9270 33.22 / 0.8689
EDVR [19] 31.54 / 0.8375 34.44 / 0.8857 36.43 / 0.9234 33.31 / 0.8669
STCT [22] 31.40 / 0.8402 34.64 / 0.8940 36.65 / 0.9289 33.37 / 0.8729
DSTNet [15] 32.06 / 0.8523 35.03 / 0.8995 36.94 / 0.9316 33.86 / 0.8810
ShiftNet [10] 32.76 / 0.8615 35.40 / 0.9026 37.31 / 0.9341 34.37 / 0.8865
VRT [12] 33.05 / 0.8700 35.89 / 0.9109 37.63 / 0.9376 34.77 / 0.8948
RVRT [11] 33.07 / 0.8701 35.97 / 0.9125 37.44 / 0.9350 34.82 / 0.8957
DSTNet+L [16] 33.26 / 0.8755 35.97 / 0.9143 37.60 / 0.9384 34.90 / 0.8990
ShiftNet+ [10] 33.77 / 0.8811 36.31 / 0.9161 38.00 / 0.9403 35.31 / 0.9023

ShiftNet w/ krot 32.98 / 0.8662 35.55 / 0.9049 37.34 / 0.9342 34.55 / 0.8898
GyroDVD-48 33.66 / 0.8803 36.07 / 0.9138 37.58 / 0.9370 35.12 / 0.9006
GyroDVD-64 33.95 / 0.8854 36.32 / 0.9172 37.76 / 0.9386 35.39 / 0.9047
GyroDVD-96 34.33 / 0.8917 36.68 / 0.9217 38.10 / 0.9414 35.76 / 0.9099
GyroDVD-128 34.49 / 0.8933 36.86 / 0.9231 38.26 / 0.9423 35.93 / 0.9113

Table S2. Ablation study on blur kernels. We evaluate variants of GyroDVD using alternative blur kernels on three subsets: camera motion
only, camera + object motion, and object motion only.

GyroVD-Syn (PSNR ↑ / SSIM ↑)

Camera Motion Only Camera + Object Motion Object Motion Only Avg

Baseline 31.81 / 0.8450 34.59 / 0.8918 36.71 / 0.9289 33.51 / 0.8736
w/ video frame 31.80 / 0.8445 34.59 / 0.8916 36.72 / 0.9288 33.51 / 0.8733
w/ optical flows 32.47 / 0.8589 35.17 / 0.9011 37.02 / 0.9321 34.11 / 0.8846
w/ krot only 32.74 / 0.8629 35.30 / 0.9024 36.95 / 0.9306 34.30 / 0.8870
w/ krot,ktran (Ours) 33.12 / 0.8703 35.64 / 0.9073 37.29 / 0.9341 34.65 / 0.8929

study. For this ablation study, variants of GyroDVD-64 are
trained for 150K iterations with a batch size of 2. We eval-
uate the effect of the blur kernels by replacing them with
alternative inputs: the video frame itself, bi-directional op-
tical flows, and rotation-only blur kernels using krot. For
these variants, the offsets of the deformable convolutions
and the shift patterns are estimated from their respective in-
puts. We then evaluate these variants on the three subsets:
camera motion only, camera + object motion, and object
motion only subsets.

Tab. S2 shows the deblurring performance of the vari-
ants. The rotation-only model (i.e., w/ krot only) outper-
forms the variants that use video frames or optical flows
when camera motion is present (i.e., the camera motion only
and camera + object motion subsets). However, it underper-
forms on the object motion only subset because blur kernels
computed from krot capture only camera motion. In con-
trast, our final model achieves superior performance on all
subsets, including the object motion only subset, thanks to

the object motion captured in ktran.
Fig. S2 visualizes the blur kernels and deblurred results

of the rotation-only model and our final model. As shown in
the figure, blur kernels computed solely from krot are mis-
aligned with the motion of the object. In contrast, the com-
bined kernels constructed from both krot and ktran more
accurately reflect the motion of the object. Consequently,
our final model using the combined kernels recovers much
sharper details than the rotation-only model.

S5. Details of Network Architecture

Fig. S3 presents the detailed network architecture of Gy-
roDVD, which consists of three main components: a blur
kernel encoding module, an image encoder, and a video
decoder. The blur kernel encoding module includes two
encoding layers, frot(·) and ftran(·), which extract features
from the rotational and translational components of the blur
kernels, (krot

j ,ktran
j ). The extracted features are fused in



(a) Blurred Frame

(d) Ground Truth

(b) 𝐤୰୭୲

(e) Deblurred Frame
w/ 𝐤୰୭୲ only 

(c) 𝐤୰୭୲ ൅ 𝐤୲୰ୟ୬

(f) Deblurred Frame
w/ 𝐤୰୭୲,𝐤୲୰ୟ୬

Figure S2. Qualitative results on the object motion only subset of
GyroVD-Syn.

the feature domain to produce the kernel features. The ini-
tial image features are extracted by fimg(·), and the im-
age encoder processes each frame independently. The en-
coder contains three levels, each consisting of one encoder
block. To exploit blur kernels, each encoder block adopts
deformable convolution [24], whose offsets and masks are
predicted from the blur kernel features. The video de-
coder aggregates temporal information from the image fea-
tures with the guidance of the kernel features and pro-
duces the final deblurred frames. It also has three lev-
els: each of the first two levels includes 24 Kernel-Guided
Shift Blocks (KGS-Blocks), while the last level contains
only a channel-attention block following ShiftNet [10].
Each KGS-Block propagates and aggregates features across
neighboring frames using learnable shift patterns predicted
from the blur kernel features. To reduce computation, these
shift patterns are adaptively predicted at every fourth block
instead of at every block. Following ShiftNet, we adopt a bi-
directional decoding strategy by stacking forward and back-
ward KGS-Blocks alternately. Finally, the decoded features
are fed into the reconstruction module frec(·) to generate the
deblurred output. The blur kernel encoding layers frot and
ftran, the image feature extractor fimg, and the reconstruction
module frec each contain six channel-attention blocks [10].

S6. Details of Synthesizing GyroVD-Syn

As described in the main paper, we adopt a realistic blur
synthesis pipeline [17] to improve the robustness of our syn-
thetic dataset on real-world videos. The pipeline consists of
three components: frame interpolation, saturation synthesis,
and noise synthesis. We provide additional details for each
component below.
Frame Interpolation Although the source videos used
to synthesize GyroVD-Syn are captured at high speed
(240 FPS), the temporal gap between frames can still be
large when the scene contains large motion. To reduce this
gap, we apply frame interpolation before averaging video

frames, following the practice in prior datasets [14, 17, 18].
Using a state-of-the-art interpolation method [21], we in-
crease the frame rate of the source sRGB videos from 240
FPS to 1920 FPS, and subsequently generate blurred frames
by averaging the interpolated frames. Additionally, we ap-
ply gamma decoding before averaging and gamma encod-
ing afterward to account for the non-linearity of the sRGB
space.
Saturation Synthesis The averaged frames do not con-
tain saturated pixels because the source sRGB videos are al-
ready clipped. To synthesize the saturated pixels, we adopt
mask-based saturation synthesis [17] to generate realistic
light streaks on video frames.

Isat = clip(Iavg + αMsat), (S15)

where Iavg is an averaged video frame and Msat is a satura-
tion mask obtained by averaging the saturated pixels in the
source frames. clip(·) denotes the clipping function, and α
is a scaling factor randomly sampled from a uniform dis-
tribution U(0.25, 2.75). We apply the same scaling factor
across frames in the same video to ensure temporal consis-
tency of saturated pixels.
Noise Synthesis The synthesized blurred frames contain
only a small amount of noise because the averaging pro-
cess reduces noise. In contrast, real-world video frames ex-
hibit a wide range of noise levels depending on the envi-
ronment and camera settings. Consequently, deblurring net-
works trained on synthetic datasets without considering re-
alistic noise often fail to generalize to real-world blur [17].
Thus, we synthesize realistic noise to improve the general-
ization ability of GyroVD-Syn.

Since sensor noise is well modeled in the raw-RGB do-
main, previous works for noise synthesis [4, 8] convert
sRGB images to the raw-RGB space, add Poisson–Gaussian
noise in the raw-RGB space, and convert them back to
sRGB. Following this, we also convert each frame to the
raw-RGB space as:

Ĩsat = sRGB2RAW(Isat,MCCM,MWB) (S16)

where sRGB2RAW is an inverse operation of a simple
ISP [17] consisting of gamma decoding, inverse white bal-
ance, and color transform from the sRGB space to the raw-
RGB space. MCCM and MWB denote the matrices for color
transform and white balance, respectively. For more accu-
rate conversion, we use the matrices extracted from the An-
droid API [1, 2]. These matrices were recorded simultane-
ously with the source high-speed videos.

To reflect various amounts of noise, we synthesize noise
using various ISO levels. We randomly sample the ISO of
our camera system (i.e., Google Pixel 9 Pro XL) as:

ISO ∼ U(50, 1600) (S17)
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Figure S3. Network Architecture of GyroDVD

where U is a uniform distribution. For each ISO, we com-
pute the shot and read noise parameters λshot and λread as:

λshot = 7.2001e−07× ISO + 1.2589e−05 (S18)
log(λread) = 1.4141× log(λshot)− 2.0269 (S19)

The multipliers and intercepts are estimated from the cal-
ibrated shot and read noise parameters using linear regres-
sion. We extracted the calibrated noise parameters from An-
droid noise profile API [3]. A noisy raw frame is then syn-
thesized as:

Ĩnoisy = (Ĩsat +Nshot) +Nread (S20)

where Nshot and Nread denote Poisson shot noise and
Gaussian read noise, respectively:

(Ĩsat +Nshot) ∼ P

(
Ĩsat
λshot

)
λshot (S21)

Nread ∼ N (0, λread) (S22)

To ensure consistent noise levels across a video, the same
(λshot, λread) values are applied to all frames within a
video. After synthesizing noise in the raw-RGB domain, we
convert the noisy frame back to the sRGB space:

Inoisy = RAW2sRGB(Ĩnoisy,MCCM,MWB) (S23)

where RAW2sRGB is a simple ISP consisting of gamma
encoding, white balance, and color transform from the raw-
RGB space to the sRGB space.

Following Rim et al. [17], we apply this pipeline to each
video clip on-the-fly during training. We generate the test
set of GyroVD-Syn using the same procedure.

Table S3. Quantitative comparison of blur kernels on GyroVD-
Syn. We measure ℓ1 distance error between the blur kernels
and the ground-truth trajectories computed from the source sharp
frames before averaging.

Blur Kernel ℓ1 Error ↓
w/ optical flows 1.0419
w/ krot only 1.1559
w/ krot + ktran (Ours) 0.5320
w/ krot + ktran from GT 0.4153

S7. Quantitative Comparison of Blur Kernel

In this section, we evaluate the accuracy of the blur kernels.
We compare the proposed blur kernels using (krot,ktran)
with three variants of blur kernels: blur kernels computed
from bi-directional optical flows, rotation-only blur kernels
using only krot, and a variant using ktran computed from
ground-truth sharp frames. For the optical flow–based ker-
nels, we use bi-directional optical flows estimated from the
current frame to the previous and next frames. These flows
capture the displacement between frames and therefore can-
not be used directly to describe the motion over the expo-
sure interval. By linearly scaling them according to the ex-
posure time, we convert the flows into vectors that represent
the displacement from the temporal center to the start and
end of the exposure. We use these two scaled vectors as
bi-directional blur kernels. Note that the blur kernels com-
puted from optical flows capture motion only at two tempo-
ral points (i.e., from the temporal center to the start and end
of the exposure), whereas krot captures motion at N = 8
sampling points.

To quantitatively evaluate the accuracy of blur kernels,
ground-truth blur kernels are required. However, even in the
synthetic dataset, the ground-truth blur kernels are not avail-



(a) Blurred Frame (b) Blur Kernels 
w/ Optical Flows

(c) 𝐤୰୭୲ (d) 𝐤୰୭୲ ൅ 𝐤୲୰ୟ୬ (e) 𝐤୰୭୲ ൅ 𝐤୲୰ୟ୬ from GT

(f) GT Trajectories (g) Overlay of (b) and (f) (h) Overlay of (c) and (f) (i) Overlay of (d) and (f) (j) Overlay of (e) and (f)

Figure S4. Visualization of blur kernels. (g)-(j) show the overlaid images, where blur kernels and GT trajectories are visualized in red and
green, respectively. Yellow trajectories appear where the blur kernels and the GT trajectories overlap, indicating how well blur kernels are
aligned with GT trajectories.

able because the true angular and translational velocities
cannot be accessed. Instead, we use the trajectories com-
puted from the source sharp frames before the averaging
(i.e., the frames used to generate the synthetic averaged im-
ages) as the ground-truth trajectories. Specifically, for each
blurred frame, we estimate the optical flows between the
source sharp frames and then compute pixel-wise trajecto-
ries by accumulating the optical flows from the center frame
toward both the first and last frames. We use these trajecto-
ries as ground-truth motion trajectories. To match blur ker-
nels with the ground-truth trajectories temporally, we con-
struct blur kernels using the temporal centers of the source
sharp frames as sample points, instead of {ti}. Finally, we
evaluate the quality of the blur kernels by measuring the
mean of ℓ1 distance error between the ground-truth trajec-
tories and the computed blur trajectories.

Tab. S3 shows the quantitative evaluation of blur ker-
nels. As shown in the table, blur kernels computed from
optical flows suffer from large errors due to their limited
temporal sampling. Also, rotation-only blur kernels (i.e., w/
krot only) produce large errors because they ignore transla-
tional motion. In contrast, the errors decrease significantly
when ktran is incorporated into the blur kernels. This re-
sult again shows that the translational motion component
ktran is crucial for the quality of the final blur kernels. We
estimate ktran using optical flows estimated from blurred
video, which may contain errors and noise due to the pres-
ence of blur. As shown in the table, using ground-truth sharp
frames to compute ktran yields the best accuracy. Neverthe-
less, the errors are reduced substantially even when ktran is
estimated from blurred frames. Also, the resulting deblur-
ring performance remains comparable, as demonstrated in
Sec. 7.2. of the main paper.

Fig. S4 shows visualizations of the blur kernels. For ref-

(a) Blur kernels (b) Shift patterns (c) Warping

Figure S5. Visualization of blur kernels and the corresponding es-
timated shift patterns.

erence, we also include a visualization of the ground-truth
trajectories and the overlaid images. The figure shows that
blur kernels computed from optical flows capture only two-
directional motion and therefore cannot represent complex
motion (e.g., curved motion). The rotation-only blur kernels
capture a similar blur trajectory to the ground-truth trajec-
tories but are misaligned because translational motion is ig-
nored. In contrast, the proposed blur kernels that combine
(krot,ktran) are well aligned with the ground-truth trajec-
tories. Also, the figure shows that the resulting blur kernels
are comparable in quality to those obtained when ktran is
computed from ground-truth sharp frames.

S8. Additional Metrics

In the main paper, we report only PSNR and SSIM for the
evaluation due to space limitations. In this section, we addi-
tionally present further evaluation metrics. Tab. S4 presents
a quantitative comparison using two perceptual quality met-
rics (i.e., LPIPS [23] and DISTS [7]) and a temporal con-
sistency metric (i.e., tOF [6]). The table shows that Gy-
roDVD also achieves superior performance in both percep-
tual quality and temporal consistency.
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Figure S6. Visualization of blur kernels and the corresponding deblurred result in a failure case.

Table S4. Additional quantitative comparison on GyroVD-Syn. In
addition to PSNR and SSIM, we report three additional metrics
(i.e., LPIPS [23], DISTS [7], and tOF [6]).

GyroVD-Syn

PSNR ↑ / SSIM ↑ / LPIPS ↓ / DISTS ↓ / tOF ↓

DeepGyro [13] 30.13 / 0.8003 / 0.334 / 0.165 / 11.24
EggNet [9] 30.32 / 0.8066 / 0.332 / 0.164 / 10.87
GyroDeblur [20] 32.34 / 0.8458 / 0.272 / 0.126 / 8.84

BasicVSR++ [5] 33.22 / 0.8689 / 0.231 / 0.102 / 2.97
EDVR [19] 33.31 / 0.8669 / 0.233 / 0.104 / 2.92
STCT [22] 33.37 / 0.8729 / 0.234 / 0.107 / 3.08
DSTNet [15] 33.86 / 0.8810 / 0.229 / 0.102 / 2.82
ShiftNet [10] 34.37 / 0.8865 / 0.221 / 0.102 / 2.50
VRT [12] 34.77 / 0.8948 / 0.204 / 0.094 / 2.54
RVRT [11] 34.82 / 0.8957 / 0.199 / 0.087 / 2.46
DSTNet+L [16] 34.90 / 0.8990 / 0.200 / 0.090 / 2.31
ShiftNet+ [10] 35.31 / 0.9023 / 0.195 / 0.089 / 2.29

ShiftNet [10] with krot 34.55 / 0.8898 / 0.216 / 0.099 / 2.30
GyroDVD-48 35.12 / 0.9006 / 0.200 / 0.092 / 2.23
GyroDVD-64 35.39 / 0.9047 / 0.193 / 0.088 / 2.18
GyroDVD-96 35.76 / 0.9099 / 0.185 / 0.084 / 2.21
GyroDVD-128 35.93 / 0.9113 / 0.183 / 0.083 / 2.15

S9. Visualization of KGS-Block

Fig. S5 visualizes the blur kernels and the estimated shift
patterns in a KGS-Block. The figure shows estimated pat-
terns preserve the underlying blur trajectories and closely
align with the corresponding blur kernels. Specifically, the
learned shift patterns effectively capture pixel-wise motion,
enabling the network to focus on the blur kernel trajectories.
By warping features according to these patterns, features
along the blur trajectories are spatially aligned to the tar-
get pixel location, and subsequently propagated and aggre-
gated across frames. This process enables spatially varying,
motion-aware feature propagation, leading to more effective
video deblurring.

S10. Failure Case

GyroDVD relies on optical flow maps to compute the trans-
lational components of blur kernels, and its performance
may degrade when optical flow estimation fails severely.
To mitigate this issue, we employ separate kernel encoding
layers to better handle errors in the blur kernels. In addition,
we compute a consistency mask from the optical flows and
mask unreliable regions where inconsistencies are detected.
For the masked regions, we discard ktran and instead use
those from nearest neighbors. Since blur kernels are gener-
ally spatially smooth, this design improves robustness to er-
rors in optical flow estimation. However, when optical flow
fails to capture object motion, especially for small objects,
the resulting errors in the translational component remain
difficult to handle.

Fig. S6 shows a deblurred result of moving objects along
with the estimated blur kernels. In this example, the optical
flow fails to capture the motion of the moving feet due to
their small size. Consequently, the estimated translational
component of the blur kernel becomes inaccurate, leading
to artifacts of deblurring in those regions. Addressing these
limitations remains an interesting direction for future work.

S11. Additional Results

We present additional qualitative results on GyroVD-
Syn (Fig. S7) and GyroVD-Real (Fig. S8).
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