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Abstract— Robotic manipulation is a key enabler for automa-
tion in the fulfillment logistics sector. Such robotic systems
require perception and manipulation capabilities to handle a
wide variety of objects. Existing systems either operate on
a closed set of objects or perform object-agnostic manipu-
lation which lacks the capability for deliberate and reliable
manipulation at scale. Object identification (ID) unlocks the
ability for large-scale, object-centric manipulation by mapping
object segments to one of the previously seen objects from a
database. Nevertheless, it is often limited by the availability
of reference data or coverage for objects in a database. In this
work, we propose to perform object identification with multiple
reference databases, including images and text references, each
with a different coverage and matching challenge. We propose a
training strategy that tackles the challenges of learning domain-
invariant image embeddings, image-text matching and fusing
predictions from different sources. We perform experiments
over a recent benchmark with over 190K+ unique objects,
extend the dataset with the additional reference sources and
propose an evaluation strategy that simulates coverage for
different reference sources. Model trained with the proposed
learning pipeline shows robust performance over a range of
simulation experiments.

I. INTRODUCTION

There has been significant progress towards developing
technologically advanced solutions in fulfillment logistics to
meet the progressive growth of the e-commerce sector. A
key enabler in this space is a robotic manipulation system
that could automate repetitive operations within a warehouse
such as sorting, picking and packing of orders. Towards
building a scalable manipulation system, the community
has transitioned from traditional object recognition pipelines
[10], [49], which were limited to closed sets of objects, to
object-agnostic grasp learning [27], [48], [38] and manipu-
lation at the category-level [28]. Such approaches lose out
on the benefits of object-level manipulation. An alternative
is a scalable Object Identification (ID) system. As shown
in Fig.1, Object ID allows a) retrieving exact attributes of
an object, such as mass, shape, size etc. for manipulation
planning, b) retrieving historical context from previous en-
counters such as successful/failed picks, damage occurrences
etc. to continuously improve efficiency and reliability of the
system and, c) generalizability to more deliberate tasks such
as picking a specific object from a container.

Object ID is often solved via matching a query image seg-
ment with reference images of objects stored in a database.
The database contains images from past encounters with the
object in a similar setting. A recently released benchmark,
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Fig. 1. Cluttered container with a variety of objects in a typical warehouse
setting. Object identification maps detected image segments to previously
seen objects by matching with reference images. This work generalizes
object identification to operate with multiple reference databases, each with
partial coverage of objects. This unlocks the ability for performing more
deliberate tasks such as targeted picking and leveraging stored attributes or
historical context of objects for robotic manipulation at scale.

ARMBench [29] considers the object identification challenge
in the context of warehouse robotic manipulation. It con-
tains query images from a robotic manipulation setup and
reference images of objects on a tray. While the dataset
contains a wide variety of objects, it is limited by the fact
that reference images are often unavailable in the database.
The paper acknowledges this is a common scenario and
presents it as an uncertainty estimation challenge. Even if
the perception system can effectively model uncertainty and
make predictions when reference images are available, its
utility is limited if the database lacks comprehensive object
coverage.

This work addresses the above issue by performing object
identification over multiple reference databases, each with a
partial coverage of objects. A key insight is that objects are
imaged and varying levels of detail are recorded for different
purposes in the fulfillment process. Although individual
reference sources may only offer partial object coverage and
limited details about those objects, the combination could
provide an effective representation for object identification.
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Specifically, this paper has the following contributions:
• We present the Object Identification challenge within

a novel framework that involves multiple reference
sources, each with a partial object coverage. We be-
lieve this will enable object-level manipulation at scale,
without assumptions of a perfect object database.

• We propose a three stage training strategy to this chal-
lenge that comprises learning domain-invariant image
embedding, contrastive learning for image-text match-
ing and learning to fuse predictions from different
sources. We discover and leverage the surprising cross-
modal retrieval abilities of learned embeddings even
without explicit supervision. The multimodal ID solu-
tion demonstrates robustness over a large-scale dataset
with a variety of reference coverage scenarios.

• We extend the existing ARMBench dataset [29] with
additional reference sources and an evaluation proce-
dure that simulates combinations of reference databases
with partial object coverage to validate the robustness
of Object ID algorithms.

II. RELATED WORK

Autonomous manipulation leveraging scalable solutions
has been studied extensively in prior work. In 2015, the first
Amazon Picking Challenge [10] was introduced with the goal
of defining real-world challenges in warehouse automation
and integrating state-of-the-art algorithms in perception, mo-
tion/grasp planning and high level task planning. In the first
two years of the challenge, majority of the approaches lever-
aged object segmentation [23] or bounding-box detection
followed by pose estimation [34], [18], [49] with 3D models
to compute grasps. In the following years, the trend shifted
towards learning object-agnostic grasps or affordances [24],
[39], [27], [30], [48] as it would better allow generalization
to novel objects. In the absence of object recognition, such
pipelines resort to task specification at the category-level [28]
or via language [35]. However, such approaches are hard to
scale in warehouse automation scenario with a wide variety
of objects and tasks being specified at an instance-level. A
recent benchmark, ARMBench [29] presents some of the
challenges in such a setup. The current work focuses on a
generalized formulation for the object identification problem
that is key to unlocking object-centric manipulation at scale.

The Object ID task is similar to that of image retrieval,
where given a query image, the most similar image is
retrieved from an image database. This task has been studied
in the context of landmark recognition [45], fashion [25],
product retrieval in e-commerce [8], [50], and person re-ID
[47]. Previous approaches on this task consider aggregating
pre-defined local features [37], [31], [21] and computing sim-
ilarity metrics over features derived from large-scale image
classification training [2], [41], [15]. More recent approaches
consider metric learning via siamese [9], [20], [36] or triplet
networks [43], [19]. These approaches use matching and non-
matching pairs of images to train features for image retrieval,
with additional tricks like deep local feature aggregation
[44], [40] and using margin-based loss [11]. The problem

considered in our work pose additional challenges such as
high precision requirement, large occlusions and presence of
multiple domains with different notions of similarity which
demand learning a generalizable representation.

Several recent work [3], [6], [7], [16], [17], [4] have
shown the effectiveness of self-supervision in learning image
representations that provide zero-shot transfer properties to
different tasks and domains. Such approaches pair different
augmentations of the same image to train image embeddings.
Of these, the DINO [4] approach uses a knowledge distilla-
tion paradigm to train a vision transformer [14] with image
augmentations that include multiple local crops of the image.
DINO embeddings have shown interesting properties [1] and
improvements in a variety of tasks including nearest neighbor
retrieval for landmarks as well as video segmentation. Given
the ability of this framework to generalize across domains
and capture local-to-global correspondences, we adapt it as
a visual backbone for object identification.

With the emergence of VL models, multimodal retrieval
has gained popularity. Recent works often use Contrastive
Language–Image Pre-training (CLIP) [32], a transformer-
based architecture for image and language encoding, which
is trained on image-text pairs in a contrastive setting. Some
work specifically address the challenges of multimodal re-
trieval under ambiguities. In [46], the authors propose a so-
called Retrieval Augmented Module, to capture additional
images with text descriptions based on the query image to
enrich the input representation. In our case we typically have
access to only a single text description for an object. The
authors of [26] recognize the ambiguity of certain words
between the general and product domains, and aim to capture
domain semantics via entities. Their work is currently limited
to the fashion domain. Text can be leveraged to retrieve
and localize instances between different images of the prod-
uct [22]. This does not address large variation in appearance,
for example between images of the actual product and its
packaged version. Leveraging a plurality of modalities can
be beneficial for retrieval in the context of e-commerce [13],
however we currently only have access to images and text.
Given our need to handle a large variety of objects, with
potentially large appearance difference, and partial coverage
of some reference data, we will show that we can use a DINO
model trained for domain-invariant embeddings as the image
encoder for CLIP, and finetune using an extended version of
the ARMBench dataset [29] to align images and text.

III. PROBLEM SETUP

This work considers the problem of Object Identification
in the context of a common pick-and-place robotic manipu-
lation setup (Fig. 1) with the following inputs:

• A query image depicting an object segment, typically
output of instance segmentation over a cluttered scene.

• A candidate set that comprises a list of possible objects.
This is often the list of all objects in a cluttered
container, derived via inventory tracking systems.

• A gallery that contains a set of reference data for
candidate objects.
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Fig. 2. Examples of the four different reference sources used for object
identification. The Tray and Bin images are acquired during fulfilment
operations and are representative of packaged state of objects while Catalog
images and text are descriptions of the object typically used in an online
catalog or webpage.

Object identification is then performed via matching the
query image with gallery data to output the most-likely object
from the candidate set and an accompanying confidence
value.

For the case where we have unimodal, single reference
source [29], this task is similar to person re-ID [47]. Refer-
ence images of the object may have different viewpoints and
somewhat different appearance. However, for our problem
domain, coverage for a single reference source at inference
time can be well below 100%, in some cases as low as
70%. To counter this issue of missing data for some objects,
this work introduces the idea of leveraging multimodal data
from multiple reference sources for the gallery. Specifically,
it considers four different sources, namely, Tray images, Bin
images, and a Catalog image and title.

• Tray images – Images of the packaged object, from var-
ious viewpoints, acquired at some point prior to arrival
at the pick-and-place robotic manipulation station.

• Bin images – Images of the packaged object acquired
while in storage during the fulfillment logistics process.

• Catalog image – A representative image of the object,
typically used in an online catalog.

• Catalog title – Text description for an object to accom-
pany the catalog image.

Some examples are shown in Fig. 2. Images of objects from
multiple gallery sources may have substantially different
appearance, including lower resolution and partial occlusion
by translucent bands, as in the case with Bin images. Ad-
ditionally, the Catalog images and title of objects may have
very sparse and low semantic association with the images of
objects captured during processing in a fulfilment center.

In this paper, we aim to address the challenges of par-
tial coverage by exploiting multimodal data from multiple
reference sources for object identification. We propose a
solution consisting of three stages (see Fig. 3): learning
domain-invariant image embedding via global-to-local corre-
spondence training with multiple reference sources, learning
image-text alignment in a joint embedding space via con-
trastive learning, and finally a fusion approach for matching
based on distances computed using different embedding
spaces. We explain challenges of each stage, and motivation

(a) Learning domain-
invariant image embedding

(b) Learning image-
text alignment

(c) Multimodal fusion with 
partial coverage

Query
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Fig. 3. We propose a solution for multimodal identification under partial
coverage of reference sources consisting of three stages. In the first stage we
train an image encoder in a combination of self-supervision and supervision
over multiple reference sources to obtain a domain-invariant embedding that
is suitable for retrieval. The second stage aims to align a text embedding
with the image embedding from the first stage, by finetune training over
image-text pairs in a contrastive setting. Finally, a decision tree is trained on
embedding distances in a third stage, in order to achieve highest multimodal
ID performance for galleries of multiple reference sources with partial
coverage.

behind our multi-stage approach, in subsequent sections.
In order to train and test the models of the three aforemen-

tioned stages, we have extended the ARMBench dataset [29]
with data from the alternate gallery databases as mentioned
above. The dataset contains ∼235K pick activities, consisting
of ∼190K unique items. On average, an item has 4x Tray
images, 5x Bin images and a single Catalog image with
description of item. The main evaluation metric we use in the
paper is Precision@X% ID rate, where ID rate corresponds to
all cases where an ID prediction is made. In order to compare
ID performance for the different reference sources, we report
the performance for individual sources as Precision@100%
ID rate, or top-1 retrieval rate. When we discuss the fusion
approach, we also evaluate for combined sources. In this case
we sample candidate sets of possible objects and simulate
different coverage scenarios, both according to estimates
from real-world applications, as well as coverage scenarios
for ablation studies. Performance in this case is shown as
Precision vs ID rate plots.

The following sections discuss the key challenges of a)
matching query images with reference images from different
domains, b) matching query images with text description of
objects and c) fusing the outcome of matching with different
reference sources in the presence of partial coverage.

IV. DOMAIN-INVARIANT IMAGE EMBEDDINGS

Learning embeddings that allow comparing images by
separating similar and dissimilar pairs has emerged as a
popular strategy in open set recognition and image retrieval
setting. Nevertheless, such an approach is further challenged
in this problem setup due to the presence of multiple image
domains, each with its unique criteria for similarity to the
query image.

To solve this challenge, we adapt the DINO frame-
work [4] that combines knowledge distillation with self-
supervised learning to train vision transformers. As shown
in Fig. 4(b), DINO is typically trained by passing two
different transformations of the same image via a student
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Fig. 4. (a) Different augmentations used for training: local (20-40%)
and global crops (50-90%), affine transformation, color jittering. (b) Self-
supervised model trained via different augmentations of the same image. Il
corresponds to a local crop and Ig is a global crop of the image. S and T
are student and teacher networks respectively. (c) Supervised learning where
corresponding images are sampled from query (Iq) and reference images
(Ir) and subjected to augmentations.

and a teacher network and then matching the similarity
between the outputs via a cross-entropy loss. Fig. 4(a) shows
examples of these transformations, including the global (50-
90%) and local crops (20-40%) of the original image size.
Training with these crops encourages learning local-to-global
correspondences. We first evaluate the effectiveness of this
self-supervised training policy for object ID in our scenario.
We compare two models (first two rows of Table I), where
the first model is trained on the ImageNet dataset [33] and we
trained the second model on the ARMBench training dataset.
For this training, we used query as well as all image reference
sources to train a ViT-S/16 for 300 epochs. We observe that
self-supervised training on the ARMBench dataset improves
top-1 retrieval rate across all image domains. While the
retrieval rate with tray images goes up to 85.2%, it is much
lower, 42.6% and 36.6% respectively for bin and catalog
images, indicating a larger domain-gap.

To address this domain-gap, we leverage the supervision
from the ARMBench training set that provides correspon-
dences between query and reference images for over 150K
unique objects. For each iteration, we sample an object and
a random corresponding image from one of the reference
sources. Global crops of these images are passed to the
teacher network, while both global and local crops are passed
to the student network. The network is trained this time
with cross-domain association. We additionally performed
experiments with sampling only global crops of the images
based on the intuition that local crops of images from
different domains and viewpoints might have no shared
context. Both of these training modes were initialized us-
ing the weights from the self-supervised model trained on
ARMBench dataset. Table I, rows 3 and 4 show the outcome
of these experiments. The improvement from the supervised
learning step is significant, and contrary to our intuition, we
observe that using local crops further improves the retrieval
rate, especially for bin and catalog images. This could be
attributed to the fact that both of these reference sources
only have a small part of the image that contains the relevant
information to match with query images and thus can benefit
from learning local-to-global correspondences.

TABLE I
TOP-1 RETRIEVAL RATE FOR DIFFERENT REFERENCE SOURCES

training tray bin catalog
DINO-Self-Supervised (ImageNet [33]) 70.8 23.8 27.6

DINO-Self-Supervised (ARMBench [29]) 85.2 42.6 36.6
DINO-Supervised (global crops) 96.8 90.5 60.7

DINO-Supervised (global+local crops) 97.7 93.7 64.5
DINO-Supervised-incremental 97.8 94.0 68.1

Finally, inspired by Curriculum learning [52] where a
model is trained on a progressively challenging sequence of
tasks or examples, we train our model in an incremental
fashion i.e. tray first, followed by tray and bin and followed
by tray, bin and catalog. Using this technique achieves the
best result so far, particularly for catalog images as shown
in Table I, Row 5.

We observe that, even with our best model, the ID
performance using the catalog gallery source (68.1%) is
significantly lower compared to bin or tray (94.0%, and
97.8%) images. We believe this is because catalog images
are designed to describe the product and only a small part
of the image is relevant to matching with the query image.
In addition to image data from reference databases, we also
have access to the object’s textual descriptions via catalog
titles. To address the lower performance on catalog images,
we investigate matching query images with catalog titles as it
may contain the relevant information in a lower dimensional
space.

V. LEARNING IMAGE-TEXT EMBEDDINGS

Vision-Language (VL) models have gained popularity
recently for tasks such as image and text retrieval, visual
question and answering, and commanding robots with nat-
ural language [51]. In our work, we chose CLIP [32] as
the VL model. CLIP requires image-text pairs as training
data, and is then subsequently trained in a self-supervised
contrastive setting. The CLIP architecture is a two-tower
model, consisting of an image encoder and a text encoder.
The text encoder is a BERT-like transformer [12]. Although
the image encoder can be either a residual network or
ViT, in this paper we only consider the latter based on
both performance and ability to compare with and exploit
the DINO ViT. CLIP aims to preserve mutual information
between the image and text embeddings, by using a noise-
contrastive estimation loss (InfoNCE [42]). The goal for
training CLIP is to minimize the distance in the embedding
space between the paired image and text embeddings, while
simultaneously maximizing the distance between non-paired
images and text embeddings, depicted in Fig. 5.

As mentioned in [32], pre-trained CLIP models do not
perform well on out-of-distribution data. Since our query
images of segmented objects fall into that category, we use
the ARMBench dataset to finetune the pre-trained CLIP
models. Table II shows that finetuning gives around a 35-
40% boost in performance. We note that although the ViT-
L/14@336 variant provides the highest performance, it also
has about 8× the number of trainable parameters compared
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Fig. 5. CLIP takes paired images and text, and trains an image and
text encoder in a contrastive setting. Imposing a contrastive loss aims to
minimize the distance in the embedding space between the paired image
and text embeddings (dpos), while simultaneously maximizing the distance
between non-paired images and text embeddings (dneg).

TABLE II
TOP-1 RETRIEVAL RATE FOR CLIP VARIANTS, FOR BOTH PRE-TRAINED

AND FINETUNED MODELS.

Embedding Models Pre-trained Finetuned

ViT-B/16 42.7 82.1
ViT-B/32 34 75.1
ViT-L/14 50 85.1

ViT-L/14@336 52 86.5

to the ViT-B/16 variant, which is an important deployment
consideration in terms of computational resources.

As a side note, Catalog titles often contain additional infor-
mation about the object, such as dimensional information, or
information related to function rather than appearance. We
postulate that this additional title information may hinder
the embedding learning, since there is no relevant image
information directly associated with this. We truncate the
titles on punctuation marks such as commas, semi-colons,
or pipe symbols. Our experiments show that title truncation
provides around a 2% performance improvement, and all
numbers reported in the paper use this truncation.

TABLE III
TOP-1 RETRIEVAL RATE FOR VISUAL AND TEXT MATCHING

training tray bin catalog text
CLIP-pretrained 60.1 20.7 34.6 42.7
CLIP-finetuned 90.8 47.1 66.3 82.1

DINO-image-text-finetuned 95.3 87.3 58.3 78.9
DINO-text-finetuned 97.8 94.0 68.1 80.6

Table II shows only results for Catalog title however,
we want to evaluate the CLIP model across the multiple
references in order to compare with the results in Table I.
We can use the image encoder of the CLIP model directly
to perform the same visual ID as in the previous section.
Table III, rows 1 and 2, shows visual ID performance for
the CLIP-pretrained and CLIP-finetuned ViT-B/16 variant on
tray, bin and catalog gallery reference sources. Surprisingly,
even though the finetune training only learns to align query
images and catalog titles, the visual ID performance of the
finetuned CLIP model on tray and catalog images is quite
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Fig. 6. For every object in the candidate set, a minimum distance is
computed between the query image embedding and embeddings from each
reference source. This 4d vector of distances for an object is then input
to a gradient boosted tree that returns the probability of the query image
corresponding to that object. Above, NaN represents missing data due to
partial coverage.

good when compared with DINO. The performance on bin
images on the other hand, is much lower compared with
DINO, and we attribute this to the relatively large difference
in appearance between query and bin images.

Since the Supervised-incremental DINO model from
Sec. IV already shows good performance on the different
reference sources, and the encoder for DINO is a ViT-S/16,
we propose to use this as the pre-trained image encoder
in the CLIP framework. By finetuning CLIP with this pre-
trained image encoder, we hope to achieve good performance
for both images and text. We use two finetuning regimes:
one where we finetune both the image and text encoder
(labeled as DINO-image-text-finetuned) and another where
we freeze the weights of the DINO pretrained ViT-S/16
and finetune only the text encoder (labeled as DINO-text-
finetuned). For DINO-image-text-finetuned, in addition to
query-text, we add contrastive loss terms for tray-text, bin-
text, catalog-text, query-tray, query-bin and query-catalog
image. For DINO-text-finetuned we omit the projection layer
for the CLIP image encoder, but project the text encodings
from the CLIP text encoder to match the lower resolution
of the ViT-S/16 embedding space. We note that the text
projection is implemented as a linear layer with learnable
parameters.

When comparing rows 3 and 4 in Table III, we see that
DINO-text-finetuned gives the best performance, and retains
the visual ID performance of the best model in row 5 of
Table I, with only slight performance difference for ID using
text compared to CLIP-finetuned (Table III, row 2). It is
evident that the Supervised-incremental pre-training of the
image encoder for visual ID, has captured the necessary
information required for subsequent image-text alignment
finetuning within the CLIP framework. An added benefit in
terms of deployment is the fact that the number of parameters
of the ViT-S/16 are about 0.5× that of a ViT-B/16.

VI. MULTIMODAL IDENTIFICATION WITH PARTIAL
GALLERY COVERAGE

The experiments in the previous two sections focused on
evaluating ID retrieval rate with individual reference sources.
However, in the real-world scenario, inference needs to be
made over the entire gallery, where each object will have
images from one or more reference sources. This is chal-
lenging because the distances of query images to different
reference sources are often not calibrated. Fig.7 (left) shows
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Fig. 8. Failure cases: (Top) the query image, (Bottom) highest confidence
match. In all these cases, the correct item only had catalog image as
reference source which was not representative of the appearance.

the frequency of distances of different reference sources with
query images for positive and negative object samples that
highlights this issue.

To address the calibration issue, we train a fusion model
(Fig. 6) that takes as input minimum distances between the
query image and each of the reference sources for a specific
object and predicts the probability of the query image being
that object. We use the XGBOOST framework [5] to train a
gradient boosted tree for this fusion task. The training data
comprises 25K query images with corresponding ground-
truth reference images. The data is augmented with large
number of variations in reference coverage and negative sam-
ples to generate approximately 500K data points for training.
Distance value corresponding to cases of no coverage is set
to NaN both during training and inference.

Evaluation is performed over 100K test cases correspond-
ing to 25K query images. For each testcase, a candidate set
is sampled which contains 10-30 objects sampled from a
collection of approximately 30K unique objects. This set is
chosen so that each object has 100% reference coverage for
all sources. Then based on a pre-specified config, reference
coverage is simulated for this candidate set. E.g., a reference
coverage of 70-85-100-100 will simulate a 70% coverage for
tray images, 85% for bin, and 100% for catalog and text.

Fig. 7 (middle) plots the precision of models as a function
of the ID rate (total % of cases where a prediction is
made) for three different reference coverage scenarios. For
all models except the fusion model, prediction is based on
the closest reference data to query image irrespective of
the source. The plots indicate the efficacy of the clustering
achieved via dino-text-finetuned model compared to alternate
methods. Nevertheless, even for that model the precision
drops significantly for lower coverage scenarios. The fusion

approach applied over this model provides additional robust-
ness. It achieves 97.1%, 95.9% and 92.4% ID retrieval rates
for the three reference coverage scenarios. Finally, in Fig.
7 (right), we evaluate the contribution of catalog and text
sources to the fusion model. The plot indicates that the two
sources indeed complement each other.

Fig. 8 shows some examples of high-confidence failure
cases with the fusion model that can result in false positives.
A common failure we notice corresponds to white bags and
brown boxes where the actual object is packaged inside. In
both of these cases (Fig. 8), the only available reference
source for the ground-truth object was catalog image and
title while the predicted object additionally had access to tray
images. The tray image for the predicted object happened to
indicate a very similar packaging that could have resulted in
the high-confidence prediction.

VII. DISCUSSION AND FUTURE WORK

This paper tackles the challenge of missing reference
data for object identification in a large scale robotic ma-
nipulation setup. The solution demonstrates that multiple,
partial reference databases, across different image domains
and modalities can be simultaneously used for this task.
We discover that a local-to-global correspondence training
with self-distillation can be used in a supervised setting
with images from very different domains, and that it can
even capture text features that allow object retrieval. Based
on this learning, we propose a solution that learns domain-
invariant image embeddings and then projects text features
into this space via contrastive learning. While the projection
already enables multimodal retrieval via computing a nearest
neighbor in the combined space, we find that calibrating the
distances across modalities using a fusion step makes the
retrieval more robust to scenarios with varying reference cov-
erage. All the experiments are performed on the ARMBench
dataset that contains over 190K+ unique objects. We extend
this dataset with reference images from the additional sources
used in this paper.

Formulating the object identification problem with multi-
ple reference sources opens the avenue for a wide range of
future research. This includes: improving the retrieval rates
for matching with individual reference sources such as the
bin and catalog images, finding ways to simultaneously train
image and text encoders while keeping the advantages of
local-to-global image training, and, incorporating the fusion
of modalities within the feature learning pipeline.
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