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A Network Architecture

Our network adopts a simple MLP architecture that takes spatial-temporal coordinates (x, ) as input
and outputs optical flow signal u = (u,v). Compared to [1H6], this coordinate-based MLP implicitly
represents optical flow at spatial-temporal coordinates, essentially a velocity field, without relying on
explicit discrete structures (e.g., voxel grid, event count image), enabling temporally continuous and
dense flow estimation.
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Figure 1: Schematic Diagram of the Neural Implicit Optical Flow Field Network Architecture.
The input of the network is three-channel spatial-temporal coordinates (x,t), and the output is
optical flow u = (u,v). The yellow rectangles represent 256-dimensional hidden units. The orange
diamonds denote ReLLU activation functions. The blue arrows indicate residual connections. The
green arrows represent concatenating the original input to the output of the fifth layer.

Specifically, our network architecture, inspired by NeRF [7]], employs 9 fully-connected layers
with 256 dimensional hidden units. The first eight layers utilize ReLU activations to enforce a low
Lipschitz constant, ensuring smoother responses to input variations [8]], [9]. This design suppresses
high-frequency features while favoring learning of low-frequency features, aligning with the prior
that optical flow exhibits spatial-temporal smoothness [10, [11} 4]. Notably, no activation function
(e.g., ReLU or sigmoid) is applied to the output layer, as optical flow inherently spans both positive
and negative values. To further stabilize network training, we introduce residual connections between
the second layer to the eighth layer and implement skip connections that concatenate the raw input
with the activation outputs of fifth layer. The complete architecture is illustrated in[T]

Although the original NeRF architecture employs positional encoding that enhances high-frequency
feature learning [[7], our framework deliberately omits such encoding. This design aligns with our
goal to model optical flow field which is inherently low-frequency spatial-temporal signals, while
avoiding spectral bias toward high-frequency feature [12].
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B Continuous Motion Representation

In this section, we discuss how to select an appropriate motion parameterization F based on the
characteristics of camera egomotion. Given a time ¢, F maps it to the camera’s angular velocity w
and linear velocity v at that moment.

Fit— (w,v), R=R*xR? 60

In scenarios such as drones, handheld devices, and vehicle-mounted systems, camera ego-motion is
constrained by strong prior assumptions. Specifically, camera motion exhibits temporal continuity
and smoothness, meaning no abrupt changes occur within infinitesimal time intervals At. This prior
is formalized as:

d*F

WSOkv k6{071a27-"aK} (2)
k denotes the order of the derivative and O specifies the upper bounds for their respective derivatives.
The equation indicates that the k-th order motion derivatives exist and are continuous. This can be
simplified as:

Feck 3)

C* denotes the set of functions that have continuous derivatives up to the k-th order. Additionally,
the motion of the camera is low-dimensional [13]]. Thus, there is no need to over-parameterize the
camera motion (e.g., using neural networks).

In summary, we employ cubic B-spline as F to parameterize the camera motion, as its basis functions
exhibit C? continuity and compact representation via sparse control knots [14]. Specifically, we
use four control knots 3 = [Bo, 31, B2, B3] € R**C over a time interval ¢ € [0, 1]. Therefore, the
motion parameterization F can be formally defined as:

F(t) = (ws(t),vp(t)) € R® x R
wg(t) = [B(t) B o2 4)
vs(t) =[B(t) Blss

This definition allows us to derive the camera’s angular velocity wg(t) and linear velocity v(t) at
time ¢, where B(t) € R denotes the cubic B-spline basis functions, defined as follows:

B
B

-1 3 =31

, 3. -6 3 0
B)=-[t ¢ t 1|55 § 5 ®)

1 4 1 0

This design choice inherently satisfies the prior assumptions: 1) Cubic B-spline intrinsically enforces
C? smoothness priors, ensuring natural continuity in velocity, acceleration and jerk without requiring
explicit smoothness constraints. 2) By utilizing sparse control knots, this approach model continuous
camera motion while maintaining a low-dimensional parameterization of the 6-DoF egomotion.

C Differential Geometric Loss

In 3D vision, the motion of the camera (w, ) induces a motion field m of projected points on the
normalized image plane x. Assuming the camera is a rigid body, the relationship between the motion
field and the camera motion can be expressed by the following equation, which we formulate in
homogeneous coordinates:

m(x) = AX)v + BX)w, x=[z,y,1]7 (6)

Z(x)

The matrices A(x) and B(x) are functions of homogeneous image coordinates defined as follows:

-1 0 =z xy —(1+2%) y
Ax)=(0 -1 y] , Bx)= [(1+14? —xy —T 7
0 0 O 0 0 0
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In practice, m(x) is approximated by optical flow field u(x) = [u, v, 0]7 under brightness constancy
assumption.

u(x) = A(x)v + B(x)w (8)

1
Z(x)
Eq.(8) is a critically important motion field equation, which establishes the relationship between
optical flow and camera egomotion [[15]], [[16]].

However, the presence of Z(x) in this equation implies that recovering camera motion from optical
flow or deriving optical flow from camera motion requires knowledge of depth values at each image
coordinate. Prior works such as [[17H21]], rely on depth priors or assume locally shared depth values
when performing 6-DOF motion estimation, while methods like [4} 22| 23] jointly estimate depth
alongside optical flow and 6-DOF motion. However, this expands the parameterization space of
the optimization problem, introducing additional degrees of freedom that may lead to convergence
to local minima. Therefore, to enable the formulation of an unsupervised loss function that can
simultaneously estimate optical flow and 6-DOF motion with high accuracy, we need to eliminate the
dependence on Z(x).

We transpose Eq.(8) and then left-multiply by v x x, form the inner product of u(x) and v x x,
yieding a scalar equation to isolate Z(x) as follows. x denotes the cross product operation.

u(x)" (v xx) = (Z(lx)A(x)u + B(x)w) (v x x) ©)
Simplify the above equation to obtain:

u(x) v]xx = ﬁVTA(X)T[V]XX + W B(x)T[v]«x (10)

where []x denotes the skew-symmetric operation. Interestingly, it can be proven that the coefficient
of the term that involves Z(x) in Eq.(I0) is identically zero.

vTAx) T [v]xx =0 (11)
Therefore, Eq.(I0) can be further simplified as follows:
u(x)"[V]xx —w!Bx) [v]xx=0 (12)

By expanding wT B(x)T [v]«x, Eq.(T2) can be rewritten in the following form:
1
ux)Tvxx —xTsx =0, s= - ([w]x[V]x + [V]x[w]x) (13)

Finally, we obtained an equation that connects the optical flow field and camera motion without
relying on depth values.Eq.(T3) can theoretically be regarded as a differential form of the epipolar
constraint. We use this as our differential geometric loss to jointly learn optical flow and 6-DoF
motion, as shown in the following equation.

2
Lgeomet_ry(t7 x,0, B) = ’|u0(t> X)T[Vﬂ(t)]xx - XTSB(t)X’ 2

35(6) = 5 (a0« a(0)] + s(Blxlws(t)])

Here, uy(t,x) represents the optical flow obtained from our neural implicit representation, while
wg(t) and v (t) denote the angular velocity and linear velocity of the camera, derived from the cubic
B-spline continuous motion representation.

(14)

D More Qualitative Results

We further provide additional qualitative results. As shown in[2] our method achieves comprehensive
6-DoF motion estimation on the MVSEC dataset [24]. The angular velocity and linear velocity
estimated by our approach closely match the ground-truth motion.

We provide additional qualitative comparisons of optical flow estimation between our method and
MultiCM [10], the second-best performing baseline. As shown in[d] our approach predicts optical
flow with superior continuity and smoothness, validating the effectiveness of our neural implicit
optical flow field representation. The color wheel used to visualize optical flow is shown in[3] where
different colors encode the magnitude and direction of the optical flow.
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Figure 2: Complete qualitative results of 6-DoF motion estimation on the MVSEC dataset. The
top section displays the linear velocity estimation results (in m/s), while the bottom section shows
the angular velocity estimation results (in deg/s). The top, middle, and bottom rows in each subfigure
correspond to the x-axis, y-axis, and z-axis results, respectively.

Figure 3: Color wheel for visualizing optical flow. A green color in the optical flow visualization
corresponds to motion directed toward the lower-left corner of the image, while the saturation of the
color encodes the flow magnitude — more vivid hues indicate larger displacement values.

MultiCM

* Ours MultiCM Ours
Figure 4: More qualitative results of optical flow estimation on the MVSEC dataset. It can be
clearly observed that our method estimates smoother optical flow, free from abrupt variations, and
demonstrates closer alignment with the ground truth optical flow. This indicates that our approach

more effectively models the intrinsically spatial-temporally continuous optical flow field.
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