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Overview

This supplementary material provides complementary details to better under-
stand the main paper. A brief overview of the sections is available below:

– 1: Visualisation of Detection Results under §Setting 1 and §Setting 3
– 2: Further Implementation Details

• 2.1: Filtering Strategies in Iterative Self-Training
– 3: More Ablation Studies

• 3.2: Greedy Box Oracle
• 3.3: Self-Training Objectives
• 3.4: Top-down Projection
• 3.5: Discussions on CLIP2Scene Zero-shot Results

1 Visualisation

To achieve a better understanding of the proposed approach, we provide more
visualisations of qualitative analysis on the derived Box Seeker (column 2),
Find n’ Propagate (column 3) and Top-down self-training on §Setting
1 in Fig. 1. The top row gives the corresponding multi-view images of the studied
point cloud. The base classes are highlighted in blue while the novel ones are
colored in red. Points are coloured based on the class of the ground truth box
they are in to help highlight which objects have been missed, if they do not fall
in any ground-truth box their colour is grey. The figure shows the significant
increase in the novel recall by using Find n’ Propagate over a strong baseline
Top-down self-train. Further, it establishes the number of new objects that
were able to be found/refined in self-training. The detailed comparisons can be
found in the captions of each figure.
§Setting 3. We previously evaluated our novel proposal generation on nuScenes,
demonstrating the effectiveness on both base and novel classes. Visualisations of
these proposals for all classes are available in Fig. 1 (column 2). Further to our
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self-training experiments with §Setting 1 and §Setting 2, we experimented
with training on Setting 3 with the Box Seeker. Regrettably, our findings
indicate that the proposed self-training technique struggled to effectively learn
from the noisy proposals, primarily attributing this challenge to the inherent
difficulty in assimilating semantic information from the noisy center heatmap.
While some common objects were successfully identified, the majority remained
elusive, resulting in a notably low precision. We intend to tackle this issue in our
future research endeavors.

2 Implementation Details

In our study, we implement both Top-up and Bottom-down OV-3D ap-
proaches in the OpenPCDet3 codebase. The source code is available in the sup-
plementary material for reference. We use Transfusion [1] and Centerpoint [6] as
the 3D detection backbones with the default hyperparameters. For the imple-
mentation of logit fusion in the Top-down approaches, the threshold 
 is set
to 0.2. For the search space in Greedy Box Seeker, we configure the number
of intervals for orientation ko at 10, scale ks at 4, and depth kd also at 4. In
augmentation, the memory bank size |Q| for each class is 60. The training batch
sizes are consistently fixed to 8. The Adam optimizer is adopted with a learn-
ing rate initiated as 0.001, and scheduled by the OneCycle scheduler. Different
from [1, 6], we do not disable GT sampling for the last 5 epochs of training, as
we found it would deteriorate the novel performance.
Top-down Clustering. For HDBScan we use a minimal cluster size of 15, and
for DBScan an epsilon of 1.5. We utilise the sklearn package [4] in Python for
extracting clusters followed by box estimation from [3].

2.1 Filtering Strategies in Iterative Self-training

In this section, we elaborate on the filtering strategies in the last self-training step
of the proposed Find n’ Propagate framework. During iterative self-training it
is necessary to filter and combine objects from multiple sources. Sources include
Box Seeker proposals, self-training pseudo boxes, and Remote Propagator
boxes to be pasted. Firstly, for all the sources we must remove any that overlap
with GT, as detailed below in Filtering Novels. Secondly, once we filter out any
novel boxes that overlap with GT, we must make sure that none overlap with
each other. We utilise standard non-max suppression (NMS) with the pseudo
scores to remove any boxes that overlap and keep only the ones that were well
captured in self-training. Thirdly, we must remove novel proposals that are too
close or too sparse, as these are likely to be low quality or false positives.
Filtering Novels. Specifically, we remove erroneous novel instances, {Qi}|Q|

i=1,
that overlap with GT base annotations, {BB

j }Mj=1, by calculating the maximum
IoU with any base GT, and removing those above a threshold, �overlap:

remove(Qi) =
�
maxk∈|Q|IoU(BBase

j ;Qi)
�
> �overlap:
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