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1.0SUMMARY

This report details our approach and results for the DARPA LwLL or Learning with Less Labels
program.

The key problem tackled in this report is the problem of learning from small labeled datasets. This
is a problem that is frequent in many application areas. It is especially an issue for defense appli-
cations where labeled data might be classified and therefore limited. Unfortunately, modern deep
learning systems need large numbers of labeled training examples, making them ineffective in the
few label regime. In this report, we describe our efforts to produce new kinds of learning machin-
ery that can learn effectively from few labels.

Our key insight for this problem is to leverage structure in the task and in the domain. This structure
may take the form of domain knowledge about needed invariances. It might also be more amor-
phous and difficult to specify, but nevertheless it might dictate which classifiers work well in this
domain. We explored three ways of incorporating this idea of domain structure:

1. Incorporating known invariances: We explored new architectures for machine learn-
ing that explicitly incorporate known invariances. In particular, we designed recognition
architectures that allowed for features to move around spatially, to incorporate pose in-
variance.

2. Learning across domains: We explored new techniques for transferring learned models
across domains, taking into account the similarity between domains.

3. Domain-specific learning algorithms: We also explored specialized learning techniques
for two domains: satellite images and self-driving cars. For these domains, we used the
special structure of the data to learn models without labels.

We experimented with both standard benchmarks as well as DARPA’s evaluation. We found gen-
erally that:

1. When nothing is known about the domain, the best strategy is one of self-training, where
we use the network’s own outputs, appropriately filtered, as “ground truth” labels. Here
we identified new ways of performing self-training even with networks trained on a com-
pletely different problem domain.

2. If we know the domain we are working with, we can even build completely unsupervised
recognition models that outperform supervised ones. The key is to use knowledge of the
underlying data generation processes. We demonstrated results on both satellite images
and with self-driving cars.

Distribution A: Approved for Public Release; Distribution Unlimited.
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2.0INTRODUCTION

Modern recognition systems based on deep learning are extremely data hungry. On the one hand,
this means that as the amount of labeled data increases, they get more and more accurate. On the
other hand, when labeled data is limited, their accuracy drops significantly. This is a problem for
many application domains where labeling requires expertise and is therefore difficult to acquire.
It is also a problem for applications of national security, where data might be classified and
therefore cannot be farmed out to external labelers for annotation. This is the motivation behind
the Learning with Less Labels program, which aimed at maintaining the accuracy of contempo-
rary systems while substantially reducing the number of labels required.

From the outset, we realized that when labeled data is very limited in a particular application,
there simply isn’t enough signal in the labeled data to train a good model. We therefore need to
bring in information that is external to the available labeled data. We hypothesize that there are
at least two such sources of external information:

1. Information about the target application that a domain expert might have, but that is diffi-
cult to specify as labels, and

2. Knowledge/understanding that the system might have learnt in other domains which are
related to the problem at hand, but where labeled data is plentiful.

To concretize this insight, let us consider a particular example. Suppose we want to build a recog-
nition model to recognize different kinds of military aircrafts, but we have very limited training
data. By contrast, aviation enthusiasts have collected large labeled datasets of civilian, or old mil-
itary aircrafts; a model trained on this public data may have learnt just the right kind of feature
representation to perform our task of interest. This corresponds to the second source of information
above. In addition, we know that aircrafts may be seen from many different viewpoints, but the
viewpoint should be irrelevant to the classification. Thus, a small number of views of a new kind
of aircraft should be enough to tell us what the aircraft looks like from any other view, and thus
should suffice to build a recognition model. This corresponds to the first insight. In our approach,
we looked for ways to incorporate exactly these insights.

Past work: There has been a lot of work on reducing the number of labels required for recognition.
This past work primarily falls into the following three buckets:

Few-shot learning techniques aim to build recognition systems that can learn novel concepts from
very few examples and can be found in [1-5]. However, these typically assume that a large labeled
dataset for a very related problem is available. Many few-shot learning techniques use the idea of
meta-learning, where the recognition system uses the large labeled dataset to learn how to learn:
concretely, it estimates parameters of a learning algorithm so that the learning algorithm can learn
future concepts from very few labeled examples. Some of the related work in this direction in-
cludes [1-19].

Distribution A: Approved for Public Release; Distribution Unlimited.
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Instead of using labeled data from a related problem, self-supervised learning techniques try to use
unlabeled data. The dominant approach here is to use the unlabeled data to learn a feature repre-
sentation that can then be used in conjunction with a linear classifier for the task of interest. While
many self-supervised learning techniques have been proposed, the current state-of-the-art is con-
trastive learning [20-27]. Contrastive learning techniques generally aim to spread data points out
in feature space while making sure that small variations of the same data point are embedded close
to each other.

Another way of using unlabeled data is to combine it with labeled data and perform semi-super-
vised learning [28]. Techniques here use the unlabeled data to enforce some regularization over
the learnt model. A straightforward but effective approach is to use the available labeled data to
train a classifier, then use this classifier to pseudo-label the unlabeled data, and then promote the
most confident predictions to ground truth. State-of-the-art expands upon this by enforcing that
predicted labels on unlabeled data points are robust to minor variations (augmentations) of the data
point.

Crucially, all previous work focuses primarily on the learning techniques themselves, and fails to
use relevant knowledge about the problem domain.

Distribution A: Approved for Public Release; Distribution Unlimited.
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3.0METHODS, ASSUMPTIONS, AND PROCEDURES

We will first look at the problem setup that was exemplified by the evaluation in the DARPA
LwLL program, and discuss our contributions in this setup. We will then discuss a broader prob-
lem setup that is nevertheless relevant to the goals of LwLL.

3.1 Learning recognition systems for arbitrary new domains with few labels
3.1.1 Problem setup

We are provided a small labeled dataset for a new task, along with a larger unlabeled dataset from
the same domain. In addition to this data, we have access to a set of pre-trained models that have
not be trained in this data. One of the key challenges therefore is to best use these pre-trained
models to learn a recognition system for this new task.

3.1.2 Approach

Our approach has two steps: (1) Finding the right pre-trained model to use, and (2) adapting it to
the domain of interest. We address the second question first, since that will yield us valuable in-
sight.

Adapting pre-trained models to a new domain:

Suppose that we have a pre-trained model M that we want to now adapt to a new target task. This
pre-trained model may be trained on a very different domain. For example, the pre-trained model
may be trained on internet images, but the target domain might involve satellite imagery. The key
question is how best to adapt the source model to the target domain.

If one had labels in the target domain, this adaptation is easy: we simply use the pre-trained source
model M;s as an initialization for the target domain model M and optimize the standard “cross
entropy” loss function:

1
Jlabelled — ;Z?/:l Lee (M(x;),y:) W

Here, L. denotes the cross entropy loss (or the KL divergence) between the predicted class prob-
abilities from the model M and the true label. But we have very few labeled examples. When
training a model with very few examples, even when starting from a good initialization, one is
bound to overfit and produce a model that works well for the small training set, but fails otherwise.

To regularize the problem better, therefore, we used the unlabeled data. To do so, we looked at the
predictions of the source domain model M on images from the target domain. A priori, these labels
should be meaningless, since they come from a very different domain. For example, an internet
image classifier may have a label “banana” that makes no sense for a satellite image. However, we
found generally that the grouping of data points induced by the source classifier is in fact mean-
ingful. That is, target domain data points from the same target class tend to receive similar predic-
tions from the source domain classifier (even though the prediction itself may be meaningless).

Distribution A: Approved for Public Release; Distribution Unlimited.
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This in turn suggests that we can use the predictions of the source classifier on the target domain
unlabeled data as “pseudo-labels” that are informative of the unknown true labels.

We use this insight and add an additional “head” (i.e., another layer using the same backbone) on
the target domain model that tries to predict these pseudo-labels produced by the source domain
classifier. In other words, we construe our model M( ) as h(f( )), where f is a feature extractor and
h is a linear classifier. We use a separate linear classifier h’ operating on the same feature space to
reproduce the pseudo-labels from the source classifier. We then add the following training objec-
tive:

gistill = =5 Ly (R (F (), Me(x) ) )

Where Ly is the KL divergence. We call it “distill” because of its close relationship to knowledge
distillation. We can then optimize a combined loss:

L =MAygpetea + (1 - }\)Lunlabeled (3)

Extensions and variants:

1. When multiple source models are available, this objective is easy to extend by simply add-
ing a pseudo-label based objective for each source model. This objective can be weighted
by how similar a source model is to the target domain (this similarity is described in more
detail in the next section). This variant is shown in the figure below.

2. Observe that when no labeled examples are available, we can discard the first term. In this
case after training we will obtain a feature representation f that can then be used to learn a
classifier for the new domain when labels are available. This is in fact the paradigm we

/_\_I &

Elahulcd
é1 ¢S
I:ﬁtLa.lbels
Unlabeled Target Data (D") Labeled Target Data (D)

Figure 1: Variant
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used for the LwLL evaluation (although in practice the combined objective will likely work
better).

3. Wealso note that our training objective can easily be augmented with additional objectives,
such as those from semi- or self-supervised learning. Our system for the evaluation, for
example, used an additional SimCLR[21] objective.

Further details about this approach are available in two papers [11,30].

Finding the right pre-trained model:

For the approach described above to work, we need a source model that groups target domain data
points similar to the true underlying class labels. How can we identify such a pre-trained model?

If some labels are available, many approaches are available to do this. The simplest class of ap-
proaches is as follows. We can use the source model to extract predictions or feature vectors fi for
each target data point xi, and compute pairwise correlations between these. We can then compare
the resulting matrix of correlations to the correlations between the labels themselves. Depending
on the details, this yields many metrics. We found PARC [31] to be most useful. The figure below
shows the correlation between this metric and the test accuracy after using the corresponding
source model to finetune.

2100
©
— ___
CS) 90 /
< i
% 807 /
D &
= 20 e CUB200
® Oxford Pets
60 - ® NABlrd
@ Stanford Dogs
50 e CIFAR-10
® ChestX
40 4 ISIC
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Task Similarity

Figure 2: Correlation between this metric and the test accuracy after using the correspond-
ing source model to finetune
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For the evaluation, we found that models trained on ImageNet were generally the best for a variety
of downstream tasks. This is because of the size and diversity of the data. We therefore skipped
this and used ImageNet-trained models as the source. However, we anticipate that as more and
more large-scale models become available, this source selection becomes important.

3.2 Incorporating domain knowledge when learning from a few labels

The approaches described above yielded significant improvements in accuracy in the regime of
limited labeled data. However, we still couldn’t achieve the LwLL goal of reducing the number of
labeled examples required by 3 orders of magnitude. The challenge is that our previous approach
does not incorporate any information about the domain.

In this section, we look at the broader problem of learning from a few labels when we do have
access to information or knowledge about the domain. Here we present three case studies where
we used such knowledge to learn recognition systems from very few labels.

Pose invariant recognition

Many objects are deformable and can appear in very different poses. We want a recognition system
that is invariant to pose changes. Pose changes typically lead to features move spatially around the
image. To incorporate this invariance, we reformulate few-shot classification as a reconstruction
problem in latent space. The ability of the network to reconstruct a query feature map from support
features of a given class predicts membership of the query in that class. We introduced a novel
mechanism for few-shot classification by regressing directly from support features to query fea-
tures in closed form, without introducing any new modules or large-scale learnable parameters.
We found the resulting Feature Map Reconstruction Networks to be both more performant and
computationally efficient than previous approaches. We demonstrate consistent and substantial
accuracy gains on four fine-grained benchmarks with varying neural architectures. We found this
model to also be competitive on the non-fine-grained mini-ImageNet and tiered-ImageNet bench-
marks with minimal bells and whistles.

This work is described in [18].

Satellite image analysis

Automatic remote sensing tools can help inform many large-scale challenges such as disaster man-
agement, climate change, etc. While a vast amount of spatio-temporal satellite image data is readily
available, most of it remains unlabelled. Without labels, this data is not very useful for supervised
learning algorithms. Self-supervised learning instead provides a way to learn effective representa-
tions for various downstream tasks without labels.

We developed new techniques that leverage characteristics unique to satellite images to learn better
self-supervised features. Specifically, we use the temporal signal to contrast images with long-
term and short-term differences, and we leverage the fact that satellite images do not change fre-
quently. Using these characteristics, we formulated a new loss contrastive loss called Change-
Aware Contrastive (CACo) Loss. Further, we also developed a novel method of sampling different
geographical regions. We showed that leveraging these properties leads to better performance on
diverse downstream tasks. For example, we saw a 6.5% relative improvement for semantic

Distribution A: Approved for Public Release; Distribution Unlimited.
7



segmentation and an 8.5% relative improvement for change detection over the best-performing
baseline with our method.

This work is described in [32]

Object discovery for self-driving cars

Current 3D object detectors for autonomous driving are almost entirely trained on human-anno-
tated data. Although of high quality, the generation of such data is laborious and costly, restricting
them to a few specific locations and object types. We developed an alternative approach entirely
based on unlabeled data, which can be collected cheaply and in abundance almost everywhere on
earth. Our approach leverages several simple common-sense heuristics to create an initial set of
approximate seed labels. For example, relevant traffic participants are generally not persistent
across multiple traversals of the same route, do not fly, and are never underground. We found that
these seed labels are highly effective to bootstrap a surprisingly accurate detector through repeated
self-training without a single human annotated label.

This work is described in [33]

Distribution A: Approved for Public Release; Distribution Unlimited.
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4.0 RESULTS AND DISCUSSION

In this section, we focus on results from our approach for the LwLL evaluation, which is described
in Section 3.1.

4.1 LwLL results

Below we present results from our approach on the LwWLL evaluation performed by JPL. These are
results from all 4 classification tasks we participated in as part of the third phase of evaluation. We
focus on the first 4 checkpoints, which represent training with 1, 2, 4 and 8 training examples per
class.

For this evaluation, we did not perform intelligent pre-training task selection because of the paucity
of diverse pre-training datasets. We consistently used ImageNet for images and Kinetics for video.
Each row represents a task on two related datasets. In each row, for the first dataset, we pretrain
on ImageNet (or Kinetics for video), while for the second dataset, we use the model trained on the
first dataset as initialization. Thus, the pretraining datasets are the same for all plots on the left, but
the pretraining dataset for plots on the right change with each task. This is true for both our ap-
proach (lavender solid line) and the baseline (black solid line).

Generally, we observe gains on 5/8 datasets, especially in the few shot regime (first four check-
points; note that for computational reasons, we did not do any training for checkpoints 5 to 7, and
as such displayed results for those checkpoints are not an accurate representation of our approach).
The gains are especially large on the adaptation datasets (the second dataset in each task) indicating
that our approach is particularly good when we pretrain on a related task.

The plots also shows results from all other performers. Note that unlike many other performers,
we used the same network architecture as the baseline, which means that all gains come from our
novel training strategy; these gains are likely to be higher with more modern network architectures.

These results are representative of what we observed in general in our own experiments, namely
that our work yields higher accuracies than baselines in the extreme low-shot setting, as long as
the task of interest is close enough to ImageNet, which is our pre-training task.
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The table below shows our results from our paper with five training examples per class [11]:

Table 1: Results for five training examples per class

Chest X Rays ISIC EuroSat CropDisease
Naive transfer | 26.7 43.1 80.3 90.1
Self-supervised | 25.0 36.1 59.0 92.6
learning
STARTUP 26.9 47.2 82.3 93.0

Our approach yields robust and significant improvements across a wide range of domains. Since
our approach primarily also allows us to use models that are much smaller and yet yield noticeable
improvements as shown in the plot below (here we used source models that are much larger than
the target domain model. The figure shows average accuracy across 8 tasks).
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Figure 5: Average Accuracy across 8 tasks
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5.0 CONCLUSIONS

We have developed techniques to improve accuracy in the limited data regime that rely on auto-
matically selecting source models that are similar to the target task, and using their predictions as
supervisory labels for training. Our approach yields improvements of upto 10 points in the regime
of very few training examples, and reduces the number of training examples required for a given
accuracy by a factor of 4. In addition, we explored other methods for using domain knowledge to
further improve accuracy significantly, even beating supervised technique without a single label.
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