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Abstract—We present an application of a new algorithm for
estimating the minimal normalized cut to the control of robotic
gaze. We recursively apply the bipartition of the feature map
provided by a foundation model, measuring when to stop and
return object masks. We find this approach useful, stable, and
capable of running in real time.

Index Terms—class-agnostic, bipartition, robotics, control,
normalized cut

I. INTRODUCTION

In this paper, we introduce a class-agnostic method for
turning an image into masks of the presented objects and for
controlling the robot’s gaze on them. This way, we investigate
whether the recently developed fast normalized cut algorithm
is useful for robotics applications.

II. RELATED WORKS

A. Normalized Cut

Shi and Malik [1] proposed an agnostic method for bipar-
titioning images using a similarity measure w(p, q) among
the pixels p, q ∈ V concerning their intensity and position,
such that:

• low w means different, highest w means the same
• w(p, q) > 0, typically w(p, q) ∈ (0, 1]
• w is a positive semidefinite kernel;

thus also w(p, q) = w(q, p)
Upon w, they defined measure NCut(A,B) for bipartition-
ing of pixels V into A and B (A ∪B = V , A ∩B = ∅):

NCut(A,B) =
sim(A,B)

sim(A, V )
+

sim(A,B)

sim(B, V )

where sim(P,Q) =
∑

p∈P,q∈Q

w(p, q)

is a total similarity between two sets of pixels P and Q.
They sought such bipartitioning of V into A and B for

which NCut(A,B) is minimal. They find that it is NP-hard,
but have designed an approximate algorithm. Let Wp,q =
w(p, q) be a matrix of dimensions n×n (where n = hw and
w×h is the resolution of the image) expressing the similarity
between every two pixels. Let dp =

∑
q Wp,q denote the sum

of the similarities of pixel p to all others (d = W1n, where
1n is the vector of n ones), and D = diag(d) be a diagonal
matrix such that Dp,p = dp. They expressed a bipartition in
the form of y, such that:

yp =

{
1 when p ∈ A

−b when p ∈ B
where b =

sim(A, V )

sim(B, V )

and yTD1n = 0. Then NCut(A,B) =
yT (D −W )y

yTDy

As a result, having y and λ such that (D − W )y = λDy,
NCut(A,B) = λ. Thus, if λ is small, NCut(A,B) approx-
imates the minimum.

They obtained λ as the second smallest eigenvalue of the
positive semidefinite matrix R = D− 1

2 (D − W )D− 1
2 and

the bipartition as y > 0 where y = D− 1
2 z and z is the

corresponding eigenvector.
Though they can find z relatively effectively, they consume

space and time quadratically with respect to the number of
pixels n since they need to materialize the matrices W and
R of the size n× n.

B. Bipatitioning Feature Maps via Normalized Cut
Wang [2] was the first to use Normalized Cut to bipartition

the feature maps produced by deep learning models into
object masks. He defined W = Tτ (FFT ) where F is the
matrix of size n × m, where n is the number of patches
(regions on the image), and m is the number of features.

C. Bipatitioning Feature Maps via Fast Normalized Cut
Lucny [3] designed the algorithm that can calculate the

bipartition y without materialization of W , defining W =
FFT , supposing such F that the corresponding R is well-
defined and positive semidefinite. The method is based on
finding the eigenvector corresponding to the largest eigen-
value of

U = D− 1
2WD− 1

2 − z0
|z0|

(
z0
|z0|

)T

where z0 = D
1
2 1n
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It is calculated by the power iteration using U for which

Uy = unproj(y, (d−
1
2 1Tm) ◦ F )− unproj(y,

z0
|z0|

)

where unproj(u, v) := v(vTu)

This approach scales linearly with the number of patches
(or pixels). Moreover, the bipartition y > 0 converges
much faster than the eigenvalue, so the number of necessary
iterations is exceptionally low (1, 2, 4, or 8, depending on
the resolution and the number of features).

III. METHOD AND RESULTS

A. Recursive Fast Normalized Cut

When we run a foundation model on an image (we have
used DINOv3 [4]), we get a feature map that describes
the content of the image patches (384 features for 48 × 48
patches). Yet we can interpolate this feature map to a much
finer resolution, e.g., 320 × 240 of the original resolution
of the robot’s eye camera. Then, since our bipartitioning
algorithm is fast, we can run it recursively to split the image
into a system of areas containing similar features (Figure 1).
The problem is to determine whether we already have an
object and avoid continuing its bipartitioning. The best results
we have got with the rule that a component is split only if
the cosine similarity between the average features of the two
parts proposed by the bipartitioning algorithm meets:

F [A] · F [B]

|F [A]||F [B]|
< 1− τd

where τ is a threshold (we used 0.05) and d is depth of the
bipartition (0, 1, 2, . . . )

B. Gaze Control

Achieving 6 fps on a gaming notebook, the control of a
robot’s head following objects we present is straightforward
(Figure 2). The robot reacts to the presence of a complete
object at the center of its field of view. We found that the
algorithm is even too stable, and it would be convenient to
add occasional random head movements to make it more
human-like when no objects are present, or they are present
but fixed. The contribution of this approach is that we can
use really any object. Moreover, we obtain a quite fine object
mask and a descriptor that enables us to distinguish among
the objects.

IV. CONCLUSION

We have shown that the Fast Normalized Cut algorithm can
enable new interesting applications in robotics and elsewhere.
Code is available at https://github.com/andylucny/fastncut.git
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Fig. 1: Examples of the results of the recursive normalized
cut.

Fig. 2: Robot NICO’s gaze controlled via the recursive
normalized cut.
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