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1 SUMMARY

Within the DARPA Learning with Less Labels (LwLL) Program, TNO has executed the
TOLEDA: Towards Less Labels by Active Learning, Exploiting Unlabeled Data and Learned
Augmentation. This report provides the findings of that research.

The goal of the LWLL program was to reduce the number of labeled samples by a factor of 1000
(Phase I) to 1000000 (Phase II). Our research aimed at these goals, i.e. using very few or no labels.

We have developed a method to find clusters and use the cluster centers as initial labels. Due to
the nature of clustering, such labels are representative and diverse. At the same time these clusters
provide a good set of pseudo labels. This leads to a strong image classification system, needing
only very few labeled samples (down to 1 labeled sample per class) to obtain fairly good results.

Another innovation is the use of semantic construction. Here we exploit a network pretrained on a
widely available, large-scale dataset, in combination with a text embedding of the class labels to
construct a new classifier. This provides a zero-shot capability to image classification and object
detection.

In addition, we have explored use of upcoming externally trained language-vision foundation mod-
els such as CLIP and GLIP. These provided very powerful capabilities as compared to the tech-
nologies developed within LwLL.

2 INTRODUCTION

The DARPA Learning with Less Labels program considers how to learn high performance models
with very small amounts of labeled data samples. This report describes the results of efforts of the
TNO TOLEDA team performing in that program.

2.1 TOLEDA Approach

In the original TOLEDA proposal, we stressed the use of the cognitive functions: Adaptation,
Association, Exploitation, Exploration and Judgement. In phase 1 we have learned that there is
great benefit in using clustering; that it is beneficial to have a different embedding for the initial
clustering and the final deep learning model; that an initial clustering can yield quite beneficial
pseudo labels; and that using a transport matrix does not properly scale to domain transfer cases
with no one-to-one match between source and target domains. Yet we still see the same cognitive
functions used in our updated approach.

We Explore and Exploit the target domain in the initial clustering module. We Exploit the target
data using our data augmentation. We Explore and Exploit the source domain with the source
selection module and through the use of source models in the deep learning model. We Adapt the
source domains to the target domain by enforcing a common deep learning model. We Associate
source domains and target domain with the initial clustering, based upon the initial SimCLR em-
bedding. Judgement is applied in the farget model.

2.1.1 Key Innovations

In our deep learning model, we force both source and target domain data to be classified by the
same classifiers. This approach is inspired by the self-ensembling approach [2] incorporating a
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student-teacher network [1], which seems to surpass other domain transfer and semi-supervised
learning approaches in recent benchmarks. We investigate other Self-Supervised Learning (SSL)
approaches as alternatives to the self-ensembling approach.

The key innovations of the project are:

= The use of initial clustering, where the cluster centers are expected to be representative
and diverse, and thus the perfect samples to be queried.

= The use of the class identity of the cluster center samples as likely class identity for all
cluster members, to be used as pseudo labels.

= The use of an embedding obtained by SImCLR [3] as input for the initial clustering.

= The use of multiple runs of UMAP[4]-based dimension reduction and clustering in a su-
per-clustering process to obtain a more robust initial clustering.

= The use of a SWIN [5] transformer as a base network.

= The use of samples of source datasets within the deep learning model as domain transfer.

= The use of such source samples to train a model to generate pseudo labels.

= The use of semantic construction to construct image classifiers based on label-space text
embedding distances, including using this to generate pseudo labels.

= The use of a combined loss function, combining a labeled-sample term, a pseudo label
term, an SSL term, and a domain transfer term.

While we recognize that each single innovation might not reach the LwWLL goal of reducing the
need for labeled data, we found that the combination of innovations pursued here will lead to the
LwLL goal.

Within the LWLL program we applied these key innovations for the image classification, object
detection and video classification tasks. In addition to the standard program evaluations, we have
applied these key innovations to semantic segmentation.

3 METHODS, ASSUMPTIONS, AND PROCEDURES

3.1 Image Classification — Phase I System

For image classification we achieved an improvement over state-of-the-art for semi-supervised
learning techniques that use only a very few labeled samples. Without a per-class preselection, our
technique 1) selects these few samples to annotate, and 2) it provides high quality pseudo labels,
that are commonly used in semi-supervised learning to train the image classification model.

We apply clustering on a reduced embedding that is pretrained using contrastive learning on the
ImageNetlk dataset. Contrastive frameworks learn representations by maximizing agreement be-
tween differently augmented views of the same image. Such a model results in an embedding
where similar images are clustered together. The model maps the images in a high-dimensional
space, which we reduce with a dimension reduction technique to improve clustering with k-means.

To increase the robustness of the clustering result, we repeat the clustering multiple times on ran-
domly chosen subsets of the training data and combine these clusterings in so-called superclusters.
Besides robustness, this also provides a consistency measure. This measure is used to select a mix

of random and consistently clustered samples, for which we use the assigned cluster as pseudo
labels.
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The samples closest to the cluster centers will be diverse and representative samples and therefore
very suitable for annotation. With these samples, we assign a label to each cluster and are used for
pseudo labeling.

With the few selected labels and pseudo labels we train a CNN. We selected a ResNet 50 pretrained
on the ImageNetlk dataset. For training we optimize a combined loss, where we weigh a cross-
entropy loss on the pseudo labels and on the few true labels.

Figure 1 shows a diagram of our Phase I image classification approach.

o
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——— — e
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MG e Clustered target Pseudo labels for

train data target train data

N random Cluster matching Superclustered
subsets model Mcm target train data

Pseudo label loss Label loss

Epseudo Elabeled

4 _— Total loss
ugmentation
g ['t.otal
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Figure 1 Diagram of our Phase I image classification method. The legend in the upper-right
corner explains all.

3.2 Image Classification — Phase II System

The Phase II image classification system is an extension of the Phase I system. The sub-sections
below will discuss pseudo labels by domain transfer, pseudo labels by semantic construction, com-
bination of pseudo labels, SWIN transformer, and using ImageNet-22k as base dataset.

3.2.1 Pseudo Labels by Domain Transfer

For domain transfer we use overlapping source samples. As source datasets we use datasets on the
whitelist as well as the base dataset in case of adapt case. Within the source datasets, we select
these classes whose names map to names of the classes in the target dataset, and as overlapping
source samples we take all samples from these source classes. Note that some translation of the
text labels for these classes has to be performed, including translating the wordnet identifiers of
ImageNet to their normal text equivalents.

For the Phase I system we had an extra loss term in the loss function which was trained such that
the prediction on a overlapping source sample matched its class ID.
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For the Phase II system, we instead trained a classifier on the overlapping source samples and used
that classifier to predict source domain pseudo labels using the unlabeled target data samples.

3.2.2 Pseudo labels by Semantic Construction

The basic idea behind semantic construction is explained in Figure 2. This proves an effective way
to create a zero-shot classifier. In the Phase II system, we used this zero-shot classifier to generate
pseudo labels, by running this classifier on the unlabeled target data samples.

1000 -

o [ airliner,
S space shuttle,
o EERGERLEN 1560 warplane, -
£ military plane ] ‘ 7

weighted sum
% J 261: airplane \)
©
2
© EEMGIEN 1560

345

Figure 2 Semantic construction. The target class name “airplane’ is matched in a text embed-
ding space to the class names of a source dataset,; subsequently the weights and biases in the fi-
nal classifier layer are linearly combined according to the textual match.

3.2.3 Combination of Pseudo Labels

In the Phase II system, we have three different sources of pseudo labels: those of domain transfer,
those of semantic construction, and those of clustering (as was used in the Phase I system). The
combination of pseudo labels is critical to performance of the final system. In the design of the
combination, we have tried to use the best pseudo labels of each pseudo label source, and to select
pseudo labels in order accordingly to expected quality of the source.

For the domain transfer pseudo labels and the semantic construction pseudo labels, the best pseudo
labels are selected using the softmax output as provided by the classifier generating these pseudo
labels. For the clustering pseudo labels, the best pseudo labels are selected by their consistency
over multiple clusters within a supercluster.

We have combined pseudo labels according to the following strategy:

1. Select the best pseudo labels of the domain transfer.
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2. For those classes which are under-represented in that set of pseudo labels, add the best
pseudo labels from semantic construction. Note to include all classes for which no direct
match is present in the source data.

3. Subsequently, add the best clustering pseudo labels for classes underrepresented in the set
of pseudo labels.

3.2.4 SWIN Transformer

In the Phase II system we have used a SWIN-B network in favor of the ResNet-50 used in the
Phase I system, as it proved to have superior performance.

3.2.5 Using ImageNet-22k as Pretraining Dataset

For the Phase II system we have used ImageNet-22k instead of ImageNet-1K as pretraining da-
taset, assuming this would provide better generalization to new classes.

In addition, we have used ImageNet-22k pretrained models to generate the embeddings as used
for clustering as well as for semantic construction. This is especially important for semantic con-
struction, as ImageNet-22k provides a richer vocabulary and thus better matches.

As no SimCLRv2 model pretrained on ImageNet-22k was available, we have used a BIT-M [6]
model instead to generate the embeddings.

4 RESULTS AND DISCUSSION

4.1 Results on LWLL Development Tasks

In this section, we will describe the results on our Phase-I and Phase-II system on the development
tasks as defined in the LWLL program.

Figure 3 provides the results for the Domain net-real and Domain_net-sketch tasks. Domain net
[7] is a dataset aimed for Unsupervised Domain Adaptation. In addition, the types of classes are
quite similar to the Imagenet [8] dataset. It can be seen that both the Phase I and Phase II systems
outperform the JPL baseline. For the Phase I system, the UDA case, with no labeled data, per-
formed better than the few-labels per class cases. This was likely due to more reliance on the
domain transfer in the UDA case. This behavior is corrected in the Phase II system, where the few
labels per class cases outperform the UDA case. Also, the Phase II system clearly outperforms the
Phase I system.

Approved for Public Release; Distribution Unlimited.
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Figure 3 Results on the Domain_net-real and Domain_net-sketch datasets for the Phase I (Oct
2021) and Phase II (Feb 2023) systems

Figure 4 provides the results for the CIFAR100 and MNIST datasets. For CIFAR100 the results
are comparable to the Domain_net results presented above. However, it can be seen that for more
that 2 labels class, the performance slightly drops; most likely this is the case due to the method of
combining the different sets of pseudo labels, which was optimized for the few-label case. Perfor-
mance for the Phase-II is probably slightly lower as this system was not optimized for small im-
ages, where the Phase-I system had a dedicated 32x32 Wide Resnet [9] pretrained network. For
MNIST we see a slightly lower performance for the Phase-II compared to the Phase-I system; we
expect that is due to the rather worse match between the semantics of MNIST (digit numbers) and
the classes of ImageNet as used in the semantic construction. This also would explain the result of
the UDA case for MNIST; here the result is just above random, indicating that the semantic
knowledge used here does not make very much sense.

CIFAR100

100 100 MNIST
—a— |PL Baseline
0 —e— Eval oct 2021
—e— Eval feb 2023 80
gé‘ -
< B0 & B0
¢ )
g g
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L m
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Y L g WP & q}\\b S & FE RS P L ] q}\\b P
dheckpoint checkpoint

Figure 4 Results on the CIFAR100 and MNIST datasets for the Phase I (Oct 2021) and Phase 11
(Feb 2023) systems

Figure 5 provides results on the MARS surface images dataset. Here we can see that for the Phase
I system, our performance is slightly worse than the JPL baseline — obviously this dataset is not
consistent with our assumptions. Most likely the similarity to ImageNet, containing only Earth-
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found objects, is too small for these images from Mars. In the evolution from Phase I to Phase II,
we strived to improve where we already were good; in that light it is not surprising to see the Phase
IT system fail on this dataset. However, we find it surprising that with more and more labels the
performance of the Phase II system does not increase. We expect this to relate to our system not
converging to a decent solution, for which a different parameterization of the hyper parameters of
the system might be required.

Mars_surface_images
100 = =

—&— |PL Baseline
== Eval oct 2021
—e— Eval feb 2023

accuracy (%)

W] g ————— o »

checkpoint

Figure 5: Results on Mars surface images for the Phase I (Oct 2021) and Phase Il (Feb 2023)
Systems.

4.2 Results on LWLL Program Evaluations

Figure 6 shows the results of the Phase I system as provided for the October 2021 LwLL program
evaluation. To save computation time, we did not provide results for #5 and #6. For 5 out of 6
tasks we performed best for the lowest checkpoints.
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Figure 6 Results of the Phase I (October 2021) LwLL program evaluation. Top to bottom shows
IC1, IC2 and IC3. Left shows the base task, and right the adaptation task. The red crosses indi-
cate the UDA results.

Figure 7 the results of the Phase II system in the final LwLL program evaluation. For convenience,
the results of the Phase I system are included in these graphs. Note that the checkpoint numbers
are different between Figure 6 and Figure 7 (counting from 0 versus counting from 1.)
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It came to us as a big disappointment that in general our performance decreased from our Phase I
to our Phase II system. While we did see significant improvements on the development data, we
did not see that on the program evaluation. Part of this might be due to a DDP style multi-GPU
training used in the program evaluation, driven by our switch to a SWIN-B base network, and the
program requirement to finish a task within a week. Another problem might be that the text labels
belonging to the classes in IC tasks do not match the textual form we expect. Since the program

evaluations are blind evaluations, we cannot confirm what is the reason for this unexpected drop
in performance.
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Figure 7 Results of the Phase Il system on the final LwLL program evaluation Feb 2023.

Approved for Public Release; Distribution Unlimited.

9




4.3 Results on Other Datasets

Table 1 provides results on a k-shot transfer case form ImageNet1K to Domain net-real and
CUB200 [10]. These results are taken from [11]. In this table, Naive Transfer is a method where a
network is only trained on the k labelled samples. SImPLE is the method described in [12]. CLaP
is the Phase I system, although here no domain transfer has been applied. In line with the results
shown in Figure 3, the performance of our system outperforms other methods for Domain net-
real. Accuracy reported in Table 1 is lower than the accuracy for the Phase I system in Figure 3,
as their domain transfer was used — which for the Domain_net datasets is quite valuable. In addi-
tion, it shows the Phase I system outperforms other methods for the CUB200 dataset.

Table 1: Classification accuracy with standard deviation for k-shot transfer from ImageNetlK

DomainMNet real

Method k=1 k=2 k=4
Naive transfer 26.21 = 0.04 37.25+0.06 47.41=x=0.09
SimPLE 23.26 + 0.72 49.80 <+ 0.24 62.95 <4+ 0.84
CLaP 56.98 4+ 1.00 62.93 4 0.66 65.95 4+ 0.40
CUB200
Method k=1 k=2 k=4
MNaive transfer 13.25 + 0.14 18.60 £ 0.10 25.88 £ 0.06
S:mPLE 16.56 + 0.45 24.72 £ 0.T3 49.82 + 1.06
CLaP 36.00 +0.84 43.63+1.03 53.45+0.54

Table 2 shows the results of CLaP — the Phase I system without domain transfer — to the BSCD-
FSL benchmark. These results are taken from [11]. We apply CLaP on the BSCD-FSL benchmark
introduced in [13] to show the added value of CLaP when domains differ. There are four datasets
in the benchmark, all of which come from very different domains: ChestX (diagnosing chest X-
rays), ISIC2018 (identifying melanoma from images of skin lesions), EuroSAT (predicting land-
use from satellite images) and CropDiseases (recognizing plant diseases in leaf images), with a
decreasing similarity to ImageNetlk. These four datasets are interesting because they each differ
more from the source dataset with ChestX being most different and CropDisease least different
but still challenging. We evaluate five-way k-shot classification tasks (five classes and k examples
per class) with k = 1, 5 and report the test accuracy mean and standard deviation over 200 few-
shot experiments per task. We compare our results to the techniques reported in [14], [15], [16].
[14] include naive transfer which trains a CNN to classify the base dataset and uses the resulting
representation to learn a linear classifier on the target dataset.

To measure the effect of the different parts of our method, we performed an ablation study on the
datasets of the BSCD-FSL benchmark. For this ablation study, we performed five configurations
of our method:

1) only super-clustering using random labels per class,

2) super-clustering using the cluster centers as class labels,
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3) CLaP with random labels per class and training only the last layer,

4) CLaP with training the last layer on the given labels only without pseudo-labels, and

5) CLaP with only the last layer trainable.

This experiment will show the effect of training a network on the pseudo-labels (4 and 5), of using
the cluster centers as labeled samples (1, 2, 3, and 4), and see the effect of fully training the whole

network instead of only the last layer (5).

Results: The results of naive transfer, STARTUP [14], Dynamic Distillation [15], SSL [16] and
the ablation study of our method applied to datasets of the BSCD-FSL benchmark are shown in
Table 2. For different datasets, other configurations of CLaP performs best. For datasets that are
more similar to ImageNetlk (EuroSAT and CropDisease), the full CLaP method performs best.
For the other two datasets, CLaP without pseudo labels performs better than the full CLaP method.
This is because the clustering accuracy on ChestX and ISIC is low due to the difference between
these datasets and ImageNetlk used to train the embedding network. Thus, the accuracy pseudo-
labels for these datasets will be low. Training a network using these low-quality pseudo-labels

leads to a decrease in performance.

Table 2: Classification accuracies over 200 5-way few-shot transfer experiments from
ImageNet K to four domain of the BSCD-FSL benchmark using ResNetl8

ChestX ISIC
Methods k=1 k=5 k=1 k=5
Transfer with random labels per class™ 21.97 +0.39 25.85 +=0.41 30.27 £ 0.51 43.88 £ 0.56
STARTUP 23.03 £0.42 27.24 £0.46 31.69 = 0.59 46.02 = 0.59
Dynamic Distillation 23.38 £0.43 28.31 £0.46 34.66 = 0.58 49.36 = 0.59
SSL (best) 22.75£0.41 28.80 £0.49 36.69 £ 0.66 49.26 £+ 0.64
Super-clustering with random labels per class 18.25 + 8.56 22.11 £ 4.88 27.64 +17.64 31.80+£11.18
Super-clustering with cluster center labels 34.41 £+ 7.46 29.50 £ 3.59 60.36 = 14.70 58.88 £ 16.44
CLaP with random labels per class® 21.06 + 7.72 23.97 + 4.54 28.51 £15.93 37.90 £ 10.77
CLaP without pseudo-labels* 33.10 £ 8.48 32.48 £ 5.77 59.79 £13.79  62.05 £ 14.80
CLaP~* 32.21 £6.69 28.29 +£4.21 56.22 +10.11  59.10 £ 13.27
CLaP 32.37 £ 6.63 27.38 £3.71 55.26 £ 11.75  57.27 £13.15
EuroSAT CropDisease

Methods k=1 k=5 k=1 k=5
Transfer with random labels per class™ 66.08 = 0.81 85.58 £ 0.48 74.17 £ 0.82 92.46 = 0.42
STARTUP 73.83 £0.77 89.70 £ 0.41 85.10 £ 0.74 96.06 £0.33
Dynamic Distillation 73.14 £0.84 89.07 = 0.47 82.14 £ 0.78 95.54 £0.38
SSL (best) 84.30 £0.73 94.12 £ 0.32 91.00 £ 0.76 97.46 £ 0.34
Super-clustering with random labels per class 64.11 £17.58 75.66 +£10.46 76.23 =18.96 91.88 +7.89
Super-clustering with cluster center labels 86.28 £ 8.41 89.93 + 5.38 91.82 +8.35 97.69 £+ 3.52
CLaP with random labels per class® 61.20+12.90 77.27 £ 7.05 76.86 &= 17.00 92.05 & 6.66
CLaP without pseudo-labels* 61.88 £9.75 71.18 £ 8.55 79.20 £9.18 86.63 £6.15
CLaP* 74.96 £+ 7.45 81.06 =6.11 89.78 = 7.71 95.78 £ 3.53
CLaP 86.90 = 8.35 91.43 +£4.71 92.43 + 8.03 98.70 £ 2.11
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4.4 Discussion

In the results above, we have presented a promising approach to image classification with less
labeled samples. We see areas where the Phase II system clearly outperforms the Phase I system,
as well as the other way around. We expect that actual performance of system using less labeled
samples is dependent on the inductive biases used by a system, and the match of such biases against
an actual problem task. This is true especially for the blind evaluation, such as performed in the

LwLL program evaluations. It is — during development and submission time of such a system —

unknown in how far inductive biases are true. Yet in the few labels domain, as in the core of the

LwLL program, we need an extensive generalization capability of the system — which in our opin-

ion is rooted in inductive biases.

Our Phase II system consisted of the components: embedding; clustering; pseudo labels by clus-

tering; pseudo labels by semantic construction; pseudo labels by domain transfer; combination of

pseudo labels; network backbone using SWIN-B. Below we will discuss these components,
based on all our experiments.

Embedding: In the Phase-II system we have embedded the data using BIT-M network pretrained
on ImageNet-22K. We expect that pretraining on ImageNet-22K is a strong choice,
especially when the domain of ImageNet-22K spans the target domain. It is unclear
whether a BIT-M network is a proper choice compared to the SSL SimCLRvV2 net-
work. For future work, one might explore the use of clustering a SSL network pre-
trained on the target data.

Clustering: The results shown in Section 4.3 show the effectiveness of the clustering approach.
We expect its sample and pseudo label selection to be extremely powerful especially
for a small amount of labeled samples. Note that for larger amount of labeled sam-
ples, we no longer expect to find very deterministic substructures in the embedded
data, and thus less value of using a clustering mechanism. While using a clustering
mechanism to find which samples to label is, from the operator standpoint, much eas-
ier than having to provide balanced seed labels, it has the disadvantage that we might
provide unbalanced amounts of labeled samples, something which is hard to handle
for the backend networks.

Pseudo labels by clustering: these pseudo labels seem quite effective. Note that in our system, we
switch off the use of pseudo labels by clustering when we expect that the clustering
has failed, as we observe by the amount of classes found when clustering the data

Pseudo labels by semantic construction: this seems an effective method to obtain pseudo labels
as long as the pretraining data for the embedding (we used ImageNet22K) properly
spans the target domain.

Pseudo labels by domain transfer: this is a very effective method to obtain pseudo labels when
we have a large overlap in classes between source and target AND the target data has
a similar appearance to the source data.

Combination of pseudo labels: for the Domain_net data sets we have seen that our combination
strategy is effective. However, when the relative performance of the pseudo labels by
clustering / semantic construction / domain transfer is different compared to what we
did observe for Domain_net we might need a different strategy to combine these
pseudo labels.

Network backbone using SWIN-B: it seems that the SWIN-B network typically outperforms the
ResNet-50 (or other ResNets) we have used before. However, it comes with a larger
computational cost, which makes the comparison rather unfair.
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5 OBJECT DETECTION

For object detection, we aimed for a combination of two SOTA methods. Decoupled Faster R-
CNN (DeFCRN) [17] is a SOTA method for few-shot object detection and therefore we are inte-
grating it in our LWLL pipeline. It is based on Faster R-CNN [18] with an additional decoupling
of localization and classification. We have confirmed that the decoupling makes sense on a 1 label
/ class setting on VOC splits: it outperforms Faster R-CNN. We validated it also on other datasets
such as DOTA and LVIS. We selected these datasets because they are imbalanced and contain
small objects and under different viewpoints.

For initialization, we use the semantic construction in the same way as for image classification,
except now for two heads resp. for classification and localization. Our hypothesis is that it should
help with really low label budgets.

Our approach is detailed in this figure:

UDTeacher with Semantic Construction
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pretraining
ek
|edcher semantic

- .
~__ construction

Unlabeled
Data

| ==

I
I | | Detection I Pseudo
| Backbone : | head" i S
| _ |
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* Decoupled Faster RCNN head TNO @i
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Figure 8: Overview of our Object Detection system

In the results (Figure 9), we see that our strategy provides a performance gain if the target domain
is similar in the type of images and classes, compared to the source domain (COCO). The results:
- Outperforms UBTeacher [19] on LVIS and open-images-small
- Outperforms Decoupled on LVIS
- Semantic construction improves results on open-images-small
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Figure 9: In-house evaluation results of our Object Detection system

Unfortunately, the results of Eval-3 of our object detection system were disappointing (consist-
ently scoring lower than the baseline). In year 1 and year 2, we took small steps for incremental
improvement for few shot object detection. In year 3 we took a leap: combining two SOTA
methods for few shot object detection. Unfortunately, this high risk turned out into disappoint-
ment for the year 3 evaluation.

After Eval-3, we have explored another route for object detection, i.e. language-vision models:
GLIP v2 [20]. It has potential for military vehicles based on a textual description:

Figure 10: Zero-shot object detection results using GLIP v2.
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6 TRANSITION

6.1 Low-shot Image Retrieval

There was a transition opportunity about Low-shot Image Retrieval. TNO achieved very good
results. Results on the task from the LwLL API:

Table 3: Low-shot Image Retrieval results *

Sessionid | CHK 1 | CHK 2 | CHK3 | CHK 4 | CHK5 | CHK 6 | CHK 7 | CHK 8|

0.84 0.93 0.96 0.96 0.95 0.95 0.94 0.95

* metrics are taken from LwLL API: precision @ 50 (also reported in DARPA spreadsheet).

For comparison, CLIP [21] zero-shot: 0.86. Baseline at CHK 1: 0.61 (ours 0.84), CHK 2: 0.80
(ours 0.93). At higher checkpoints we may improve by combining with semantic construction or
finetune CLIP (CoCoOp/VPT).

Our method was to leverage both the language and the visual information via fusion on top of
CLIP:
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Figure 11: approach for Low-shot Image Retrieval

It is an interesting use-case with various applications for military analysts (confirmed by our
MOD). We are very much interested to continue this with DARPA’s client.

6.2 CARVE Proposal to IWTSD

We have prepared the CARVE proposal for the Irregular Warfare Technical Support Directorate
(IWTSD). This proposal was using the image clustering by content methods as we did develop in
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LwLL. A quadchart was submitted April 2021, a whitepaper was submitted in June 2021, a full
proposal July 2021, and an Statement of Work was agreed in August 2021. However, no contract
was awarded due to lack of funds.

6.3 Other Transition Efforts:

» Delivered a proof-of-concept regarding point 1, for image analysts of our (Netherlands)
MOD. They believe that such developments are key to handle the huge amounts of images to
be analyzed.

» Continuation of research on low-label regime in European Defence Fund project Faradai —
including transition to European MODs and Defence Industry in that consortium.

7 CONCLUSIONS AND REFLECTION

Our conclusions and reflection on the LwLL program:

7.1 External Developments

It is hard to perform well on datasets when nothing is known beforehand. This is very different
from our other research with known datasets. LwLL is a relevant setup that forces to be generic
without overfitting. Yet some metadata about viewpoint, size distribution of objects, type of do-
main gap, will be helpful.

Good classification models, pretrained on incredibly large datasets, appeared (SimCLR, DINO,
SWIN, CLIP, etc.). Using these as starting point for zero- and few-shot modelling is often more
effective than clever tricks in the learning itself. E.g. CLIP is often hard to beat with zero labels
and sometimes even with few labels. The same happened for object detection with the arrival of
models such as GLIP v2.

7.2 Scientific Insights
Selecting the right images to be labelled is an important matter.
We did not find active learning methods to be very helpful beyond random.

However, clustering showed to be effective, providing diverse and representative first labels —
improving performance over using seed labels. Even for object detection, while the object does
not cover the whole image. The quality heavily depends on the quality of the embeddings.

Pseudo-labels are effective for learning with few labels. Clustering is a simple yet effective way
to obtain them. Complementary sources are helpful to obtain good pseudo labels: semantic con-
struction, domain transfer.

Domain transfer is very powerful when few target labels are available. Effective domain transfer
can be obtained using student-teacher and pseudo label approaches. We expect this to include use
of simulated data.

For zero/few-shot learning, it is helpful to transfer prior knowledge from seen classes to unseen
classes via learning of a compositional object-attribute graph or semantic construction.
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7.3 Goals and Future

Domain transfer is very powerful when few target labels are available — meeting the program goal
for some data sets. Effective domain transfer can be obtained using student-teacher; pseudo label
approaches; and by exploiting huge models like CLIP.

We expect that for problems not currently meeting the program goals there might be solutions
involving simulation. However, an unsolved problem there is how to properly address the domain
gap between real and simulated data.

Another problem in using data with few labeled samples is how to assure that a given model indeed
meets performance in operational conditions — where those conditions might even deviate from
the few labeled samples available.
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Big Transfer (trained on ImageNet-21k)

Broader Study of Cross-Domain Few-Shot Learning
Clustering, Label selection and Pseudo-labels
Contrastive Language-Image Pretraining

Canadian Institute for Advanced Research
Convolutional Neural Network

Common Objects in Context

Central Processing Unit

Caltech UCSD Birds-200-2011

Defense Advanced Research Projects Agency
Decoupled Faster R-CNN

Distributed Data Parallel

Department of Defense

Dataset for Object deTection in Aerial Images
Grounded Language-Image Pre-training

Image Classification

International Skin Imaging Collaboration

Jet Propulsion Laboratory at NASA

Large Vocabulary Instance Sepmentation

Learning with Less Labels

Modified National Institute of Standards and Technology database
Ministry of Defence

Region-Based Convolutional Neural Network

State of the Art

Self-Supervised Learning

Shifted Window

Netherlands Organisation for Applied Scientific Research

Towards Less Labels by Active Learning, Exploiting Unlabeled Data and
Learned Augmentation

Unsupervised Domain Adaptation
Uniform Manifold Approximation and Projection
Visual Object Class
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