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Abstract

Learning Structured Representations of the Visual World

Matthew Wallingford

Chair of the Supervisory Committee:

Ali Farhadi

Paul G. Allen School of Computer Science and Engineering

Humans develop complex internal models of the world which allow us to generalize remarkably well
to new scenarios and tasks. While deep learning has steadily improved in performance through data and
scale, it conspicuously lags behind in its generalization to changing data distributions and transfer across
tasks when compared to biological intelligence. We argue that one key element absent from current deep
learning systems is this internal model of the world to enable efficient transfer of knowledge to new settings
and data. In this work, we investigate how aspects of world models such as compositionality and 3D spatial
understanding can be learned from visual data and be used to improve the efficiency and robustness of
current machine learning systems. We develop new methods and loss objectives for learning structured
representations. We demonstrate how learning from more complex visual data such as video, embodied
exploration, and 360° video enables learning more structured world models which improves sample efficiency
and spatial understanding. In addition, we explore other directions and develop methods to improve the

transfer of knowledge between tasks and robustness to shifting data distributions.
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Chapter 1

Introduction

The ability to learn from vast collections of data and transfer that knowledge to other tasks is a hallmark of
deep learning that has led to remarkable advancements. Learning transferrable priors and adapting them to
different data is key to much of the progress in large language modeling and modern vision we see today.
While this phenomena has been studied over time across many sub-fields such as representation learning,
transfer learning, pretraining/post training, domain adaptation, and meta-learning, the goal of learning good

representations and efficiently transferring them has remained the same.

Though deep learning’s ability to transfer knowledge was a tremendous departure from that of previous
machine learning methods, it is conspicuously brittle and inefficient in this regard compared to biological
intelligence. We see this manifest frequently in various forms across different mediums of data. In computer
vision, one notable instance would be the brittleness to distribution shift. For example, a model that is
trained on ImageNet and evaluated on ImageNet-v2 (nearly identical datasets with imperceptible differences)
performs significantly worse on the latter. In contrast, a human that has learned to classify images from
ImageNet has no performance drop when evaluated on ImageNet-v2. In language we observe surprising
brittleness in the inability of the model to count the number of 1’s in the word strawberry. Though the model
has clearly trained on data concerning the english alphabet and numerical counting, it cannot generalize to

count letters which would be trivial for humans despite no explicit practice in such an activity.

We hypothesize that one source of the gap in transfer efficiency between deep learning and biological

intelligence is in how the representations are learned and structured. The prevailing paradigm in computer
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vision has been to pretrain on large-scale internet images such as [213, ] and to learn a feature extractor
which outputs a flat vector of scalars. This representation looks quite different from the internal models of
the world that humans develop which are composed of objects, have spatial and dynamic understanding,
and contain hierarchical semantics [99, ]. For example, a person learning to drive starts with vast prior
knowledge that helps them learn the task. Not only do they start with a nuanced understanding of how cars
and pedestrians act, but they also have broad world knowledge such as intuition for physical concepts like
inertia and friction and social intuition that a pedestrian on their phone might be distracted. We often see this
lack of broad world knowledge in the mistakes that self-driving systems make such as perceiving shadows
as solid objects or perceiving overhead bridges as large trucks. It’s unreasonable to expect a vision model

trained to classify static images from the internet to learn such intricate models of the world.

With this motivation in mind, we work to develop methods and learning objectives that lead to more
structured models of the world and investigate what advantages they afford such as sample-efficiency and
robustness. Computer vision has historically focused on narrow and controlled benchmarks which are less
likely to require models of the world such as image classification, object detection, and semantic segmentation.
We start by investigating whether a structured representation learned from exploring a simulated environment
is effective for the task of embodied navigation. We design a learning objective which decomposes the
environments into a finite set of discrete objects and reconstruct the 3D environment from these assets. We
show that the resulting 3D representation leads to improved performance, sample-efficiency, and spatial

understanding.

We then investigate how this general approach can be extended from simulation to the real-world which
presents new challenges particularly from the perspective of data. We develop a methodology for structuring
360° video data to train a model with a novel view synthesis objective. We collect over a million 360° videos
and train one of the first models capable of synthesizing real-world scenes from a single image. We then show
the potential for this model to be used for trajectory planning and other downstream applications. Chapter
3 concludes the main efforts at understanding and developing methods for learning world models. The
following chapters focus on understanding and improving transfer efficiency and robustness through other

research directions.

In chapter 4 we explore a tangential direction for improving the sample-efficiency for image classification.
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We look at a retrieval-based approach where the model recalls training data that closely matches the task
at test time. The method is inspired by the concept of cognitive priming in humans where exposure to a
specific stimulus activates neurons associated with a task resulting in better performance or recall. We find
that retrieving previously observed data at test time improves robustness to distribution shift and improves
accuracy.

In chapter 5 we design a method for learning which parameters to transfer across tasks. Often tasks
have overlapping objectives and thus benefit from sharing some, but not all parameters. Previous approaches
typically used fixed architectures for multi-task learning, but this was suboptimal as which parameters to
share depends on the relationship between the tasks. We show that a desirable configuration can be found
quickly for minimal overhead by differentiably searching over a combinatorial number of possibilities.

Finally we conclude with chapter 6 where we design an evaluation framework for understanding the
performance of a learned representation. Often representations are evaluated on the same set of static
closed-world benchmarks. We find that representation learning methods have over-optimized to this narrow
set of evaluations and that a more holistic evaluation shows that many of the state-of-the-art methods are

quite brittle to the experimental setting they were designed for.
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Chapter 2

Neural Radiance Field Codebooks

2.1 Overview

Compositional representations of the world are a promising step towards enabling high-level scene under-
standing and efficient transfer to downstream tasks. Learning such representations for complex scenes and
tasks remains an open challenge. Towards this goal, we introduce Neural Radiance Field Codebooks (NRC),
a scalable method for learning object-centric representations through novel view reconstruction. NRC learns
to reconstruct scenes from novel views using a dictionary of object codes which are decoded through a
volumetric renderer. This enables the discovery of reoccurring visual and geometric patterns across scenes
which are transferable to downstream tasks. We show that NRC representations transfer well to object
navigation in THOR, outperforming 2D and 3D representation learning methods by 3.1% success rate. We
demonstrate that our approach is able to perform unsupervised segmentation for more complex synthetic
(THOR) and real scenes (NYU Depth) better than prior methods (29% relative improvement). Finally, we
show that NRC improves on the task of depth ordering by 5.5% accuracy in THOR. Project Website and

Code can be found here.

2.2 Introduction

Parsing the world at the abstraction of objects is a key characteristic of human perception and reasoning [ 198,

]. Such object-centric representations enable us to infer attributes such as geometry, affordances, and
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physical properties of objects solely from perception [224]. For example, upon perceiving a cup for the first
time one can easily infer how to grasp it, know that it is designed for holding liquid, and estimate the force

needed to lift it. Learning such models of the world without explicit supervision remains an open challenge.

Unsupervised decomposition of the visual world into objects has been a long-standing challenge [214].
More recent work focuses on reconstructing images from sparse encodings as an objective for learning
object-centric representations [22, 60, R R R ]. The intuition is that object encodings which
map closely to the underlying structure of the data should provide the most accurate reconstruction given
a limited encoding size. Such methods have shown to be effective at decomposing 2D games and simple
synthetic scenes into their parts. However, they rely solely on color cues and do not scale to more complex

datasets [101, ].

Advances in neural rendering [153, ] have enabled learning geometric representations of objects from
2D images. Recent work has leveraged scene reconstruction from different views as a source of supervision
for learning object-centric representations [228, , , ]. However, such methods have a few key
limitations. The computational cost of rendering scenes grows linearly with the number of objects which
inhibits scaling to more complex datasets. Additionally, the number of objects per scene is fixed and fails to
consider variable scene complexity. Finally, objects are decomposed on a per scene basis, therefore semantic

and geometric information is not shared across object categories.

With this in consideration we introduce, Neural Radiance Codebooks (NRC). NRC learns a codebook
of object categories which are composed to explain the appearance of 3D scenes from multiple views. By
reconstructing scenes from different views NRC captures reoccurring geometric and visual patterns to form
object categories. This learned representation can be used for segmentation as well as geometry-based tasks
such as object navigation and depth ordering. Furthermore, NRC resolves the limitations of current 3D
object-centric methods. First, NRC’s method for assigning object codes to regions of the image enables
constant rendering compute whereas that of other methods scales with number of objects. Second, we
introduce a novel mechanism for differentiably adding new categories which allows the codebook to scale
with the complexity of the data. Last, modeling intra-category variation in conjunction with the codebook

enables sharing of semantic and geometric object information across scenes.
We evaluate NRC on unsupervised segmentation, object navigation, and depth ordering. For segmentation
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on indoor scenes from ProcTHOR [40] we show 29.4% relative ARI improvement compared to current 3D
object-centric methods [228, ]. On real-world images (NYU Depth [218]) we show promising qualitative
results (Figure 2.3) and 29% relative improvement. For object navigation and depth ordering, where geometric
understanding is relevant, we observe 3.1% improvement in navigation success rate 5.5% improvement
in depth ordering accuracy over comparable self-supervised and object-centric methods. Interestingly, we
find qualitative evidence that the learned codes categorize objects by both visual appearance and geometric

structure (Figure 2.1).

2.3 Related Work

Object-Centric Learning Object-centric learning aims to build compositional models of the world from
building blocks which share meaningful properties and regularities across scenes. Prior works such as
MONet [22], IODINE [66], Slot Attention [137], and [157] have demonstrated the potential for disentangling
objects from images. Other work has shown the ability to decompose videos [100, ]. In particular,
Marionette [220] learns a shared dictionary for decomposing scenes of 2D sprites. We draw inspiration from
MarioNette for learning codebooks, but differ in that we model the image formation process and intra-code

variation, and dynamically add codes to our dictionary.

3D Object-Centric Learning Recent work has shown novel view reconstruction to be a promising approach
for disentangling object representations. uORF [282] and ObSuRF [228] combine Slot Attention with Neural
Radiance Fields [153] to decompose scenes. COLF [221] replaces the volumetric renderer with light fields to
improve computational efficiency. NeRF-SOS [51] uses contrastive loss for both geometry and appearance
to perform object segmentation. SRT [205] encodes scenes into a set of latent vectors which are used to
condition a light field. OSRT [204] extends SRT by explicitly assigning regions of the image to latent vectors.
NeSF [250] learns to perform 3D object segmentation using NeRF with 2D supervision. Although great
progress has been made, these methods are limited to synthetic and relatively simple scenes. Our work differs
from previous 3D object-centric works in that we learn reoccurring object codes across scenes and explicitly
localize the learned codes. Additionally, our method can model an unbounded number of objects per scene

compared to prior work which fixes this hyper-parameter a priori. We show that our approach generalizes to
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Figure 2.1: Visualization of learned codes. The NRC codebook encodes reoccurring geometric and visual

patterns. In the top row, couches of differing appearance are grouped by geometric structure. In the middle

row, different textured floors are categorized based on their shared planar geometry. In the bottom row, NRC
learns correspondences between fridges from different views and scenes.

more complex synthetic and real-world scenes.

Neural Rendering Advances in neural rendering, in particular Neural Radiance Fields (NeRF) [153], have
enabled a host of new applications [93, , , , , s ]. NeRF differentiably renders novel
views of a scene by optimizing a continuous volumetric scene function given a sparse set of input views.

Original formulation of NeRF learned one representation for each scene; other works [281, 89, ] showed
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conditioning NeRFs on images enables generation of novel views of new scenes.

Dictionary/Codebook Learning Dictionary (codebook) learning [168] involves learning of a specific
set of atoms or codes that potentially form a basis and span the input space through sparse combinations.
Codebooks have been widely used for generative and discriminative tasks across vision [49, ], NLP [149]
and signal processing [85]. Learning sparse representations based on codes enables large-scale methods which
rely on latent representations. More recently, codebooks have been shown to be crucial in scaling discrete
representation learning [245, ]. Marionette [220] is an object-centric representation learning method that
relies on codebooks, unlike most other methods that are developed around set latent representations [204,

, , ]. Object-centric codebooks help in semantic grounding for transfer between category instances

and are important for large-scale representation learning across diverse scenes and objects.

2.4 Method

Our goal is to discover object categories without supervision, learn priors over their geometry and visual
appearance, and model the variation between instances belonging to each group. Given multiple views of a
scene, the objective is to explain all views of the scene given a set of object-codes. This learned decomposition
can be used for segmentation and other downstream tasks that require semantic and geometric understanding

such as depth ordering and object-navigation.

Figure 6.1 illustrates the training pipeline. We begin by processing the image through a convolutional
network to obtain a spatial feature map. The feature map is then projected to a novel view using the relative
camera matrix. Feature vectors from each respective region of the image are assigned to categorical latent
codes from the finite-size codebook. The object codes and feature vectors are passed to a convolutional
network which transform the categorical codes to fine-grained instance codes. A volumetric renderer is then
conditioned on the instance code, view direction, and positional encodings to render each region of the scene
from the novel view. The rendered image from the novel view is compared to the ground truth using Lo
pixel loss. The categorical codes, assignment mechanism, and volumetric renderer are learned jointly in an

end-to-end fashion.
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Figure 2.2: An overview of NRC. We learn a set of shared codes for decomposing scenes into objects. Each
point in the scene is assigned one of n latent codes from the codebook. The variation module models the
intra-code variation between objects by perturbing the code in latent space. A conditional NERF model
renders the scene and is compared to the ground truth novel view for supervision.

Image Encoding and Camera Projection Given an input frame and novel image, I, I € R3*H>W

respectively from scene Sj,, we first encode I, into a spatial feature map, f, € R&?/»<W/k using a
convolutional network, Fy. We project each point, (z,y, z), in world coordinates of the novel view to camera
coordinates in the input frame, (z,y), using the relative camera pose. Given (z,y), we select the spatial
feature f,"Y € R? from the patch that contains the projected coordinates. The spatial features vectors are

then passed to the next stage where they are assigned to categorical object-codes.

Assigning + Learning Codes Our goal is to jointly learn a shared set of object categories and priors about
their appearance and geometry. By mapping the spatial features from a continuous vector space to a discrete,
finite set of codes the model is incentivized to find reoccurring patterns in the images.
Given the features for a point in the novel view, f;f Y we assign a code, [*, chosen from the shared
codebook, .. We do so with an arg max 1-nearest-neighbors during inference:
(STE) e—Nli=1iY 112

I*(z,y) < arg max _
l;; i€[k] Z;?:l e lli=1" 2

2.1)

The nearest-neighbor assignment used during inference is a non-differentiable operation therefore
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propagating gradients to the encoder and codebook would not be possible. To enable learning of the codebook
elements we use a softmax relaxation of nearest-neighbors during the backward pass in conjunction with the

straight-through-estimator (STE) [14]:

e~ Illi— 1 Y12

k
lpack (,y) R LR L

2.2)

Adding Categorical Codes The number of codes should depend on the complexity of the scenes they
model. Learning when to add new codes is non-trivial because the number and selection of codes is discrete
and non-differentiable. To circumvent this problem, we use a series of step functions with a straight-through-
estimator (STE) to sequentially add elements to the codebook. Each code I; € LL is gated according to the

following:

LT <0'(s — ), ;) e Tan={ 0 47" 2.3)
0, a<t

T (.) is a binarization function in the forward pass and lets the gradients pass through using STE in the
back pass. o (-) is the sigmoid function, A is a scaling hyperparameter, and s is a learnable scoring parameter
whose magnitude is correlated with the overall capacity (number of codes) required to model the scenes
accurately. A new code [; is added when s exceeds the threshold i?/\. New codes are initialized using a
standard normal distribution. Throughout training we keep k + 1 total codes where k is the current number of
learnable codes. The extra code is used by the straight-through-estimator to optimize for s on the backward
pass. This formulation can be viewed as the discrete analog of a gaussian prior over the number of elements,

k in the codebook: P(k) = e K,

Modeling Intra-Code Variation Once a categorical code has been assigned to a region in the novel frame,
the model must account for variation across instances. We model this variation in latent space using an
encoder that takes in both the spatial feature, f,¥, and the categorical code I*(x,y). We rescale the norm of

the variation vector by €, a hyperparameter, to ensure the instance and categorical codes are close in latent
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space. The instance code is formulated as the following:

e Gol (@) £
e (218) =P8+ € g (1), DI

2.4)

We concatenate f,,"Y and I*(z,y) as input to the variation module, G/, which we model as a 3-layer
convolutional network. G provides a d dimensional perturbation vector which models the intra-category

variation and transforms the categorical code to an instance level code.

Decoding and Rendering Given the localized instance codes for a scene, we render it in the novel view
and compare with the ground truth using L2 pixel loss. Intuitively, object categories which encode geometric
and visual patterns should render the scene more accurately from novel views. Each region of the scene is
rendered using an MLP conditioned on the instance codes and the volumetric rendering equation following

the convention of NeRF [153]:

Hé(l;knstance (.I', Y), P, d) = (C7 U)a (2.5)

Here p = (, v, z) is a coordinate in the scene, d € R? is a view direction, c is the RGB value at p in
the direction of d and o is the volume density at that point. Recall that (x, y, z) corresponds to (x, y) in the
input frame I;,. We can project (z, y, z) into the camera coordinates of the novel view I} to get (2, y’). This
pixel (2, %) in the novel view corresponds to (z,y) in the input frame, meaning they represent the same
point in world coordinates. To get an RGB value for (z,y), we use volume rendering along the ray from

camera view [} into the scene, given by
. ty
Elr) = / T(t) - o(t) - c(t) - dt, 2.6)
tn

where T'(t) = exp (— f; o(s)- ds) models absorbance and ¢,, and ¢ are the near and far field. Given a
target view with pose P, the ray to the target camera is given by r(¢) = o + ¢ - d where d is a unit direction
vector which passes through (x, y). The volume rendering for a particular pixel occurs along this ray. Let d’

be the direction associated with the novel view (z,y’) and r'(t) = o + ¢ - d’. The pixel intensity at (z/,y') is
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given by ¢’ = C(r’) and our final loss is

L(In, Iy x.y) = € = L (2,3 )|2 + s, 2.7

where I; (z',y') is the ground-truth pixel value at (z’,3’). We penalize the scoring parameter, s, from

section 2.4 in the loss to encourage learning a minimal number of codes.

NRC for Downstream Tasks Once the encoder, codebook, and MLP have been trained, we evaluate
the learned representation on various downstream tasks. To perform segmentation, we process each image
through the trained encoder, Fp, to obtain the spatial feature map. Each feature vector, f; , in the spatial
map is assigned to the nearest categorical code, [* in the learned codebook. The categorical codes are then
designated to the corresponding pixel to obtain a segmentation mask.

Traditionally in object navigation, frames from the embodied agent are processed by a frozen, pretrained
network. The resulting feature vector is then passed to a policy network which chooses an action. To assess
the utility of the NRC representation, we replace the pretrained network with the NRC encoder and codebook.
We process each frame to obtain instance codes for each region of the image which are then fed to the policy
network.

Depth ordering task consists of predicting which of two objects is closer to the camera. To perform
depth ordering with NRC we predict a segmentation mask and depth map. To predict the depth map we
condition the trained MLP on the instance codes & predict the density, o, along a given ray. We estimate
the transmittance to predict the depth following the method of Yu et al. [281]. Depth map and segmentation

mask are combined to predict the average distance of each object from the camera.

2.5 Experiments

We evaluate our decomposition and representations on several downstream tasks: unsupervised segmentation
(real and synthetic), object navigation, and depth ordering. NRC shows improvement over baseline methods
on all three tasks. Prior works in object-centric learning have focused on unsupervised segmentation

for measuring the quality of their decomposition. We show that NRC representations are also effective
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Figure 2.3: Unsupervised segmentation of real-world images. NRC segments scenes that have significant
object category overlap with ProcTHOR. We show the first results for object-centric unsupervised
segmentation of real-world scenes.

for downstream applications that require geometric and semantic understanding of scenes such as object

navigation and depth ordering.

2.5.1 Datasets

ProcTHOR & RoboTHOR THOR [110] consists of interactive home environments built in the Unity
game engine. We benchmark on the task of object navigation in RoboTHOR [38], a variant of the THOR
environment aimed at sim2real benchmarking. Object navigation consists of an agent moving through
different scenes to locate specified objects. RoboTHOR consists of 89 indoor scenes split between train,

validation, and test. ProcTHOR [40] consists of procedurally generated indoor scenes similar to RoboTHOR.

CLEVR-3D CLEVR-3D [96] is a synthetic dataset consisting of geometric primitives from multiple views
and is used for unsupervised segmentation. Following the convention of Stelzner et al. [228], we test on
the first 500 scenes of the validation set and report foreground-adjusted random index (FG-ARI). Adjusted

random index (ARI) [278] measures the agreement between two clusterings and is a standard metric for
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unsupervised segmentation. In our case the two clusterings are the predicted and ground truth segmentations.
Foreground adjusted random index only measures the ARI for pixels belonging to foreground objects. For
comparison to prior works, we consider segmentations at both the class and instance level to be correct for

CLEVR-3D, ProcTHOR, and NYU Depth.

NYU Depth The NYU Depth Dataset [218] consists of images from real-world indoor scenes accompanied
by depth and segmentation maps. Methods are trained on the ProcThor dataset then evaluated on NYU Depth
for segmentation. We chose NYU Depth because it has object categories and scene layouts that are similar to

THOR. We report the adjusted random index (ARI).

Table 2.1: Segmentation results (ARI) for NRC and comparable methods. We find that for more complex
datasets, ProcTHOR and NYU Depth, NRC outperforms other methods.

Method ProcTHOR (ARI) NYU Depth (ARI) CLEVR-3D (FG-ARI)

MarioNette 127 .035 -

uORF .193 115 962
ObSuRF 228 141 978
NRC 295 182 977

2.5.2 Unsupervised Segmentation

Experimental Setup We evaluate NRC, ObSuRF, uORF, and MarioNette for unsupervised segmentation
on ProcTHOR, CLEVR-3D, and NYU Depth. We compare with MarioNette because it uses a similar code
mechanism for reconstruction. We report FG-ARI on CLEVR-3D for comparison to prior works and ARI on
the other datasets. For NYU Depth evaluation we use the representations trained on ProcTHOR and only

consider classes that are seen in the training dataset.

Results We find that for NYU Depth and ProcTHOR which have more complex layouts and object diversity,
NRC significantly outperforms other methods (Table 2.1). Figure 2.1 shows examples of the object codes
learned by ProcTHOR and Figure 2.3 shows segmentation examples of real-world images. To our knowledge,
this is the first object-centric method which has shown unsupervised segmentation results for complex
real-world images. We find that NRC categorizes similar objects across scenes based on both geometry and

visual appearance. In the top row of Figure 2.1, we find that couches of similar shape are assigned to the
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same code despite differing visual appearance which indicates that NRC codes capture geometric similarity.
In the same figure, we show further examples where floors of different texture are categorized by the same
code. The improved segmentation performance and geometric categorization of objects indicates that NRC

can leverage more than simple color cues which has been significant limitation for object-centric learning.

2.5.3 Object Navigation

Experimental Setup We design the object navigation experiments in THOR to understand how well the
learned representations transfer from observational data to embodied navigation [0, | 1]. Object navigation
consists of an embodied agent with the goal of moving through indoor scenes to specified objects. The agent
can rotate its camera and move in discrete directions. At each step, agent is fed with the current RGB frame
relayed by the camera.

For the representation learning component of the experiment we collect observational video data from
a heuristic planner, which walks through procedurally generated ProcTHOR scenes. In total, the dataset
consists of 1.5 million video frames from 500 indoor scenes.

After training on ProcThor videos, we freeze the visual representations following standard practice [103].
We train a policy using DD-PPO [262] for 200M steps on the training set of RoboTHOR then evaluate on
the test set. We report success rate (SR) and success weighted by path length (SPL). Success is defined as
the agent signaling the stop action within 1 meter of the goal object with it in the view. SPL is defined as
% sz\i 1 Sim, where [; is the shortest possible path, p; is the taken path, & .S; is the binary indicator
of success for episode .

We compare with the following baselines: ObSuRF, uOREF, Video MoCo [54], and EmbedCLIP [103].
ObSuRF and uORF are 3D, object-centric methods, and Video MoCo is a contrastive video representation
learning method. We include Video MoCo for comparison as it was designed for large-scale, discriminative

tasks, while ObSuRF and uORF were primarily intended for segmentation.

Results Table 2.2 shows the performance of NRC and baselines on RoboTHOR object navigation. NRC
outperforms the best baseline by 3% in success rate (SR) and by a 20% relative improvement in SPL. These
performance gains indicate that the geometrically-aware NRC representation provide an advantage over

traditional representations such as EmbCLIP and Video MoCo. Another key observation is that NRC has
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Table 2.2: Results for object navigation on RoboTHOR object navigation. Visual representations are trained
on observations from 500 scenes of ProcThor. A policy is learned on top of the frozen visual representations
by training on the object navigation task in RoboTHOR training scenes. The results are obtained by
evaluating on RoboTHOR test scenes.

Method Success Rate (%) SPL
uORF [282] 31.3 .146
ImageNet Pretraining 33.4 .150
ObSuRF [228] 38.9 167
Video MoCo [54] 439 .184
EmbCLIP [103] 47.0 200
NRC (Ours) 50.1 239

at least 18.8% improvement in SR and relative SPL over the recent object-centric learning methods, uORF
and ObSuRF. In particular, NRC performs better than ObSuRF and uORF when navigating near furniture
and other immovable objects (see supplemental for object navigation videos). We hypothesize this is due to

NRC’s more precise localization of objects.

2.5.4 Depth Ordering

Experimental Setup We evaluate NRC on the task of ordering objects based on their depth from the
camera. Understanding the relative depth of objects requires both geometric and semantic understanding of a
scene. For this task we evaluate on the ProcTHOR test dataset which provides dense depth and segmentation
maps. Following the convention of [47], we determine ground truth depth of each object by computing the
mean depth of all pixels associated with its ground truth segmentation mask.

For evaluation, we select pairs of objects in a scene and the goal is to predict which object is closer. We
take the segmentation that has the largest IoU with the ground truth mask as the predicted object mask. To
determine the predicted object depth, we compute the mean predicted depth of each pixel associated with
the predicted object mask. All representations are trained on the ProcTHOR dataset and evaluated on the

ProcTHOR test set. In total we evaluate 2,000 object pairs.

Results Depth ordering requires accurate segmentation and depth estimation. Due to NRC’s stronger
segmentation performance and better depth estimation, we see 5.5% and 10.3% depth ordering accuracy

compared to ObSuRF and uOREF respectively. The fine-grained localization of categorical latent codes in
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Table 2.3: We compare depth ordering results on RoboTHOR with other geometrically-aware
representations. Given pairs of objects in the scene, the model must infer which object is closer. We report
the accuracy as the number of correct orderings over the total number of object pairs.

Method Depth Order Acc. (%)
uORF [282] 13.5
ObSuRF [228] 18.3
NRC (Ours) 23.8

NRC allows for better depth ordering over existing object-centric methods. In particular, the other object-
centric methods tend to assign object instances to the background which leads to large errors in estimating

the depth of objects.

2.5.5 Ablation Study

Table 2.4: Ablation study for modeling the intra-code variation and learning the number of codes evaluated
on unsupervised segmentation in ProcTHOR. Default fixed number of codes is set to 25.

Method + (Ablation) ProcTHOR (ARI)
NRC 182
NRC + Learned # of Codes 197
NRC + Variation Module 284
NRC + Variation Module + Learned # of Codes 295

We present an ablation study on the ProcTHOR dataset to determine the effect of the variation module
and learnable codebook size on unsupervised segmentation performance. Quantitative results can be found
in Table 2.4. We observe that performance improves by ~ 9% when intra-class variation is explicitly
modeled. Intuitively, allowing for small variation between instances of the same category should lead to
better representations and allow for greater expressiveness.

We also find that learning the number of codes moderately improves performance. However, if number of
codes is found via hyper-parameter tuning, performance is matched. Nonetheless, differentiably learning the

codebook size avoids computationally expensive hyper-parameter tuning.

2.6 Limitations

Novel view reconstruction requires camera pose, which is not available for most images and videos. Some

datasets such as Ego4D [65] provide data from inertial measurement units that can be used to approximate
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camera pose, although this approach is prone to drift.

An incorrect assumption that NRC and most object-centric prior works make is that scenes are static.
However, it rarely is the case that scenes are free of movement due to the physical dynamics of our world.
Recently, Kipf et al. [105], Pumarola et al. [179] made strides in learning representations from dynamic
scenes.

Although NRC is relatively efficient compared to the other NeRF based methods, the NeRF sampling
procedure is compute and memory intensive. [204] and [221] leverage object-centric light fields to reduce
memory and compute costs. The efficiency improvement from modeling scenes as light fields is orthogonal
to NRC and can be combined.

A final challenge inherent to novel view reconstruction is finding appropriate corresponding frames of
videos. For example, if two subsequent frames differ by a 60° rotation of the camera, then most of the scene
in the subsequent frame will be completely new. Therefore, constructing the content in the novel view is
ill-posed. Pairing frames with overlapping frustums is a potential solution, although the content of the scene

may not be contained in the intersecting volume of the frustums.

2.7 Conclusion

Compositional, object-centric understanding of the world is a fundamental characteristic of human vision and
such representations have the potential to enable high-level reasoning and efficient transfer to downstream
tasks. Towards this goal, we presented Neural Radiance Field Codebooks (NRC), a new approach for learning
geometry-aware, object-centric representations through novel view reconstruction. By jointly learning a
shared dictionary of object codes through a differentiable renderer and explicitly localizing object codes within
the scene, NRC finds reoccurring geometric and visual similarities to form objects categories. Through
experiments, we show that NRC representations improve performance on object navigation and depth
ordering compared to strong baselines by 3.1% success rate and 5.5% accuracy respectively. Additionally,
we find our method is capable of scaling to complex scenes with more objects and greater diversity. NRC
shows relative ARI improvement over baselines for unsupervised segmentation by 29.4% on ProcTHOR and
29.0% on NYU Depth. Qualitatively, NRC representations trained on synthetic data from ProcTHOR show

reasonable transfer to real-world scenes from NYU Depth.
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Chapter 3

Learning to Imagine the World from a

Million 360° Videos

3.1 Overview

Three-dimensional (3D) understanding of objects and scenes play a key role in humans’ ability to interact
with the world and has been an active area of research in computer vision, graphics, and robotics. Large
scale synthetic and object-centric 3D datasets have shown to be effective in training models that have 3D
understanding of objects. However, applying a similar approach to real-world objects and scenes is difficult
due to a lack of large-scale data. Videos are a potential source for real-world 3D data, but finding diverse yet
corresponding views of the same content has shown to be difficult at scale. Furthermore, standard videos
come with fixed viewpoints, determined at the time of capture. This restricts the ability to access scenes
from a variety of more diverse and potentially useful perspectives. We argue that large scale 360° videos
can address these limitations to provide: scalable corresponding frames from diverse views. In this paper,
we introduce 360-1M, a 360° video dataset, and a process for efficiently finding corresponding frames from
diverse viewpoints at scale. We train our diffusion-based model, ODIN, on 360-1M. Empowered by the
largest real-world, multi-view dataset to date, ODIN is able to freely generate novel views of real-world
scenes. Unlike previous methods, ODIN can move the camera through the environment, enabling the model

to infer the geometry and layout of the scene. Additionally, we show improved performance on standard
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novel view synthesis and 3D reconstruction benchmarks. See webpage and code.

3.2 Introduction

Humans have the ability to understand and reason about the 3D geometry of the world, which is key for
everyday tasks such as navigation and object manipulation [56, , , ]. In machine learning, 3D
perception and reasoning has been a long-standing goal for researchers with broad applications in robotics
[270, , ], vision [159, 1, and graphics [129, ]. Fueled by large-scale datasets of synthetic
objects [39, 41], recent generative models have shown impressive understanding of 3D objects [135, , 176].
While these models’ ability to generate synthetic objects is impressive, enabling 3D generative models for
real world scenes and objects remains an open challenge.
One intuitive source for scalable data has been video as it implicitly contains rich information about
the 3D world. However, learning 3D modeling from video has been elusive despite impressive effort [286,
, , , ]. The key problem has been how to consistently transform video into a form amenable to
learning about the 3D world. Existing 3D models learn from multi-view data, a collection of images of scenes
or objects and their respective camera pose. Creating such multi-view datasets from video requires finding
sets of corresponding frames that capture similar parts of the scene but from different locations (Figure 3.2).
This search for corresponding frames in video has proven difficult at scale for a few reasons. First,
correspondences are sparsely distributed throughout the video because the trajectory of the camera is fixed
at the time of capture. Ideally, the camera operator would focus on a specific object or portion of the scene
while moving around it. However, in-the-wild videos are far from this ideal. For example, if a person records
themselves walking in the park, it is rare that they consistently focus the camera on the same object such as a
bench as they walk towards, past, and away from it. Second, the computational cost of checking whether
frames form a correspondence is expensive [211, , 18], therefore searching extensively is infeasible. Given
these limitations, the largest real-world multi-view datasets to date [194, ] utilize Amazon Mechanical
Turkers to manually record video clips of objects, and are limited to 50 and 238 object categories respectively.
To address these limitations, we collect one million 360° videos from YouTube, introduce a process
to efficiently transform 360° video into multi-view data, and train a diffusion-based novel-view synthesis

(NVS) model on the dataset. Our model named ODIN, is the first to reasonably synthesize real-world 3D
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Figure 3.1: By learning from the largest real-world, multi-view dataset to date, our model ODIN, can
synthesize novel views of rich scenes from a single input image with free camera movement throughout the
scene. We can then reconstruct the 3D scene geometry from these geometrically consistent generations.

scenes and reconstruct their geometry conditioned on a single image. Quantitatively we evaluate our method
on standard novel view synthesis benchmarks (DTU and MipNeRF360) and find improved performance
compared to existing models without fine-tuning our own. Additionally, we compare ODIN to existing
methods for 3D reconstruction on Google Scanned Objects as well as a held-out set of 360-1M and show
significantly improved performance, especially on complex real-world scenes. We will open-source our

model and dataset.
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3.3 Related Work

Novel View Synthesis. NeRF [152] optimizes a volumetric scene function using sparse 2D images, repre-
senting the scene as a continuous 5D function. MipNeRF [8] extends NeRF with a multi-scale representation
to enhance detail and reduce aliasing. Plenoctree [279] combines NeRF principles with an octree structure
for efficient rendering. DIVeR [267] proposes a deterministic volumetric rendering for NeRF. Gaussian
Splatting [102] uses Gaussian functions and splatting techniques for detailed scene representation and ren-
dering. Unlike these methods which rely on densely sampled multi-view images and known camera poses,
our approach captures extensive real-world scenes from widely varying camera views. PixelNeRF [280] and
DietNeRF [88] extend NeRF to handle sparse input views but only for controlled settings.

Recent works leverage powerful generative (diffusion) models [197] for novel view synthesis of ob-
jects [176, , , 26], and more recently for scenes [20, , 34]. ZeroNVS uses a 3D-aware diffusion
model with novel camera conditioning to generate 360-degree views from a single image, focusing on
depth-scale ambiguity and background diversity with synthetic and real-world datasets. Diffusion with
Forward Models [235] integrates a forward model into the diffusion process for unsupervised training on
partial observations, solving inverse problems like view synthesis without direct signal supervision. Re-
conFusion [268] combines NeRFs with diffusion priors to enhance 3D reconstruction from limited views,
improving geometry and texture plausibility with real and synthetic multi-view datasets. LucidDreamer [34]
and RealmDreamer [216] use a multi-step pipeline involving point cloud guidance and Gaussian splats to
generate detailed 3D scenes from text or image prompts but lacks physical realism and has limited control over
viewpoint changes. In contrast, our method leverages a large-scale collection of 360-degree YouTube videos
to train a diffusion-based model, enabling the synthesis of diverse real-world 3D scenes and reconstruction

from a single image, thus accommodating significant camera view changes and a broader range of scenarios.

Camera Pose Estimation and Structure from Motion. Estimating camera pose and structure-from-motion
(SfM) have a rich history in computer vision [3, , ]. Camera pose estimation consists of estimating
the 6 degrees of freedom of cameras from which images were taken and the camera intrinsics. The process
typically involves finding corresponding key-points between multiple images of a scene, and using their

apparent motion within the images to infer the 3D geometry of the scene and relative location of each camera.
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For multi-view datasets and novel view synthesis, works typically use COLMAP [211, ] or a SLAM
variant [234, ]. We choose to use the recent method Dust3R [255] as it is computationally faster and
allows for as few as 2 images whereas most StM methods require dozens. This enables us to scan much more

quickly through videos for frame correspondences and create the large-scale dataset from 360° video.

Multi-View Datasets. Existing multi-view datasets such as MVImageNet [283], CO3D [194], RealEstate 10K [290],
ACID [133], Epic-Kitchens [36], MipNeRF-360 [9], and Epic-Fields [241] provide valuable multi-view
sequences of real-world scenes and objects but are often constrained by the specific environments or objects
they capture. MVImageNet is the largest multi-view dataset to date with over 200,000 video clips captured
of 238 object categories. Though this effort is impressive, using Mechanical Turkers to manually capture
videos of objects is difficult to scale further and limits content diversity. Large-scale 3D object datasets
like Objaverse [39], Objaverse-XL [41], and infinigen [183] focus on detailed 3D object assets to gener-
ate synthetic objects and scenes. Autonomous driving and 3D reconstruction datasets such as Kitti [61],
DTU [2], ShapeNet [27], and Google Scanned Objects [45] offer multi-view data for specific tasks like
driving scenarios, 3D modeling, and object classification.

In contrast, our dataset leverages a large-scale collection of 360-degree YouTube videos, providing a
vastly more diverse and extensive source of real-world data. Our dataset accommodates significant camera
view changes and broader real-world applications, going beyond the constraints of controlled multi-view

datasets and specific domain focuses.

3.4 Multi-View Data from 360° Video

There are two key elements missing from current multi-view datasets: scale and real-world data. Various
datasets and works have managed [194, , 39, 41] to make progress along these dimensions individually,
however, no current datasets afford both aspects.

The key challenge in collecting large-scale, multi-view datasets derives from the difficulty of finding
high-quality frame correspondences, and estimating their relative poses. Existing structure-from-motion
algorithms, such as COLMAP [210] and HLOC [209], are slow and require many images of the same scene.

In this section we detail our process for efficiently transforming 360° video into high-quality multi-view data.
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Figure 3.2: Left: An illustrative trajectory of standard video with the view point fixed at the time of capture.
The fixed view point makes finding corresponding frames challenging. Right: The trajectory of a 360° video
through the scene. The controllable camera enables alignment of views at different frames of the video.

3.4.1 Scalable Correspondence Search

There are two properties of corresponding video frames that are necessary for training novel view synthesis
models: sufficiently differing viewpoints and overlapping content. In manually collected novel view synthesis
(NVS) datasets this is accomplished by taking a video while circling the object. Finding frames that fit these

criteria from in-the-wild video is much more difficult.

A major reason is that high-quality correspondences are sparsely distributed in standard videos. For
example, someone taking a video while walking down the street often keeps their camera view facing their
direction of travel. So while they may capture a parked car on the side of the road while walking towards
it, they likely will not pan their camera to capture it from many angles while walking past or away from it.
Therefore, it is difficult to obtain paired images of the scenes or objects from distant locations and diverse
views at scale. One solution to this problem is to leverage 360° videos. The 360° nature allows the views of
frames to be rotated such that they contain overlapping content. Therefore given two frames that are close
enough in spatial location, in theory we can align the views to look at the various regions of the scene to form
multiple view correspondences.

Now we describe how we operationalize this approach. We begin by sub-sampling frames of the
360° video at r = 1 frame-per-second. We find empirically this to be a sufficiently fast frame rate given the
movement speed of the camera. The computation of the correspondence search scales with 2, therefore

we judicially select the frame rate. Next we perform pairwise comparison between frames within a frame
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window of length, L = 20. We map the 360 panoramic frames using an equirectangular projection £ (1,6, ¢)
where @ is the pitch, ¢ is the yaw, and [ is the image. We map the panoramic image to four different
views E(I,j *« w/2,0) for j € {1,...,4}. Thus a panoramic frame, F} at time ¢ produces four frames
{Ft0, Fin 25+ Ft 3un /2}. We then pass all pairs within the time window to the Dust3r model [255] which
outputs relative pose estimate, P and confidence map, C'. We take the mean confidence over the spatial
components of the confidence map with height A and width w, p. = ﬁ > ccc ¢ and filter out frames below
threshold, 7 = 4. A higher mean confidence means that the frames must be overlapping as the model can

accurately estimate the pose.

Once the correspondences have been found we refine the relative pose between them by performing
gradient descent on the pitch and yaw of both equirectangular projections with respect to p.. Intuitively, we
can think of this as rotating the cameras to maximize the overlap (Figure 3.2). After all correspondences
have been found, we discard pairs with relative translation less than .25 m because they provide minimal

information for training the model.

3.4.2 Correspondence Propagation

Computing relative pose between frames, especially for video, has been computationally prohibitive and
a major bottle-neck for large-scale multi-view datasets [36, , ]. An exhaustive search between all
frames of a video would incur a cost of s?r? where s is the number of seconds, and 7 is the frame rate. A
common approach is to limit the search with a window of size L to reduce the cost to L?, however this limits

the pairs to short-range correspondences.

We propose a hybrid approach that enables finding long-range correspondences with limited additional
compute. After the initial frames have been found as detailed in section 3.4.1, we create a graph in which
the nodes are frames and an edge exists if two frames have correspondence. We then perform the same
procedure outlined in section 3.1 for all connected frames in each sub-graph. Intuitively, if two frames share
a corresponding third frame (connected in the graph)then the two are also likely to share a correspondence.

This approach allows us to maintain a small search window, while still finding long-range correspondences.
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3.4.3 Resolving Scale Ambiguity

Dust3R and other structure-from-motion methods [162, , ] output relative camera poses in dimension-
less quantities, therefore we need to calibrate them to a universal scale. We do so by fusing the depth map
estimates, b, from an off-the-shelf depth estimator [275], with the point map, X &€ RAxwx3 predicted by
Dust3R. A pointmap is a correspondence between each pixel (4, j) and the point in 3D where the ray from
pixel (7, j) intersects the scene. We anchor the dimensionless pointmap to the depth math D by optimizing

for a scale factor, o, in the following equation:

h w
argmginzz |Cij(azij — Dij)|a (31)
i=1 j=1
where z;; is the depth component of X;; and Cj; is the confidence map output by Dust3R. Cj; is close to 0
for points which the model has high uncertainty and acts as a filter for points with poor estimates. We choose
L1 distance to limit the effect of outliers. Once we recover this scale factor, we multiply the translation of the

estimated camera pose (R, t) by o to obtain the metric pose estimate.

3.5 Dataset Collection and Statistics

To leverage the proposed scalable correspondence search (Section 3.4) for generating a large-scale multi-view
dataset, we collect the largest 360° video dataset to date, 360-1M, consisting of over 1 million 360° videos.

In this section, we describe the collection process and statistics for the dataset.

3.5.1 Collecting 360° Video

We collect all meta-data from YouTube in order to filter 360° videos. The meta-data provides information
on duration, view count, format, and subject category among other fields. We filter for the equirectangular
format which indicates 360° video and results in 1,076,592 total videos. We then download the videos in
the equirectangular format at the best quality available. We will release the meta-data for the 360° videos
alongside the dataset.

We filter the downloaded videos for empty, and duplicate videos. We remove duplicated videos with a

deduplication model [90] run on the thumbnails of the videos. This does not guarantee the contents of the
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video are unique, however running over all frames is computationally infeasible.

3.5.2 Dataset Statistics

360-1M consists of 80,567,325 unique frames extracted from 1,076,592 videos with an average of 74.83
unique frames per video. The average video length is 6.3 minutes and is distributed in a long-tail fashion.
When searching for correspondences, we sample the videos at 1 FPS. The videos are distributed evenly across
15 subject categories, with the most popular category being Travel and Events (149,534 videos) and the least
popular being Pets and Animals (8802 videos). We find 363,417,730 total frame correspondences along with

their relative camera poses.

3.6 Method

Our final goal is to generate images along a viewpoint trajectory conditioned on a single image of a scene — a
task known as novel view synthesis (NVS). Note that our task differs from tradition novel view synthesis
work such as [152] which aim to generate novel views after training on many images of a single scene.
Similar to prior works [208, ], we leverage a diffusion-based model. This class of models have shown
impressive capabilities in learning priors from large-scale data. An alternative is a NeRF based approach

which is mainly effective in small-scale settings.

3.6.1 Viewpoint Conditioned Diffusion

Given a single image, x € R"* %3 of a scene, our objective is to generate a sequence of images, &;
from different viewpoints, (R, ) where R is the relative rotation and ¢ is the translation between views.
Following [135], we use a latent diffusion architecture which consists of an encoder £, a denoiser U-net fy,

and decoder D. The standard diffusion training objective is:

HbinEwa(m),t,ewN(O,l) H(E - fG(Zt’ t f(:C, R, t)))”%

Our modeling objective differs from previous work in that we condition on both rotation, R, and

translation ¢. The long-range correspondences in our training data afford much freer camera movement
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Input Views ODIN (Ours) Zero 1-to-3 ZeroNVS

Figure 3.3: Qualitative comparison of novel view synthesis on real-world scenes. The left and right images
are conditioned on camera views from the left and right respectively. In the middle scene of the kitchen,
ODIN accurately models the geometry of the table counter and chairs as well as unseen parts of the scene
such as the living room.

throughout the scene compared to previous works. Due to the limitations of previous training data, other

methods can only rotate about a center point of the object or scene.

3.6.2 Motion Masking

Learning how to perform novel view synthesis from videos poses a challenge as it assumes the scene itself
does not vary with time when generating images from novel viewpoints. Previous approaches have addressed
this challenge by training solely on videos of static scenes such as only indoor houses [290] or manually
filtering videos [194, 283]. However, such approaches limit the diversity and scale of the data. Therefore, to
learn from in-the-wild videos, we propose motion masking, an approach for handling dynamic objects.

Motion masking consists of predicting a dense mask of values between 0 and 1, which we apply to the
output by the U-net fy through elementwise multiplication. This soft mask allows the model to filter out
portions of the scene which may be difficult to predict due to object movement. To produce the motion mask
we add an additional channel to the U-Net denoiser, which outputs a dense mask with values which we clamp
between 0 and 1. During training, this mask filters dynamic elements from the loss function.

Formally, let M € R"*% denote the dense mask generated by the decoder. The modified loss function,
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Single Input Images Generated 3D Scenes

Figure 3.4: Examples of generated 3D scenes using ODIN. The blue dot indicates the location of the input

image and the red lines indicate the trajectory of the camera which generated the images. ODIN is capable of

long-range generation of geometrically consistent images. In the bottom scene, we see the model accurately
infers the geometry of the unseen cathedral ceiling and the long hallway.

incorporating temporal masking, is given by:

L= H(E_Ee(zt’t’ fg(l‘, th))) MH% (3.2)

However, directly optimizing this loss leads to a degenerate solution where all elements of the scene are
filtered from the loss. To address this, we introduce an auxiliary loss term that incentivizes the mask to be

non-zero.

Lawsitiary = =X Y My (3.3)

0]
Incorporating motion masking and the auxiliary loss enables the model to focus on static elements in

dynamic scenes while training for novel view synthesis.
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3.6.3 3D Reconstruction

Our model is trained to output a single image given an input image and target view, a popular approach which
provides flexibility in the type of data that can be trained on, while still allowing for 3D reconstruction and
multi-view generation. This flexibility is particularly crucial for training from video data, where obtaining a
full collection of frames for a given scene from in-the-wild videos may not be possible.

Naively, the image to image paradigm has the drawback that generating multiple views does not guarantee
consistency across views. To address this, we follow the approach of previous works [208, , ] which
employ various techniques to induce consistency across multiple generations. We adopt a trajectory-based
sampling approach similar to [208] where images are sampled along a smooth trajectory, though in our case
we are not restricted to simple rotations. While sampling, subsequent generations are conditioned on the
previous generation, €; ; = fp(z;, R,t). Once multiple views are generated we reconstruct the scene using

Dust3r [255].

3.7 Experiments

In this section we benchmark our model, ODIN, against existing methods for novel view synthesis and
3D reconstruction. We improve performance on standard benchmarks which consist of relatively simple
scenes with minimal camera translation, all without fine-tuning on the target task. Qualitatively we find that

ODIN has new capabilities in generating real-world scenes from long-range novel views.

3.7.1 Experimental Setup

We evaluate our model on the standard novel view synthesis (NVS) benchmarks, DTU [2], and Mip-NeRF
360 [9]. DTU consists of table-top items and Mip-NeRF 360 consists of scenes with views rotated 360°
around a point. We report the standard NVS metrics, PSNR, LPIPS, and SSIM. As noted by previous
literature, PSNR and SSIM are not well correlated with human evaluation so we primarily focus on LPIPS
and qualitative comparison. Furthermore, to showcase the novel capabilities of our model, we evaluate our
method on a held-out set of 360-1M constructed from one-thousand 360° videos.

For 3D reconstruction we compare with Zerol-to-3 [135], MCC, SJC-I, and Point-E on Google Scanned
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Objects (GSO) and ZeroNVS on our held-out set of 360-1M. For 360-1M we derive the pseudo-ground truth
from a Dust3R model which is trained on all ground truth views of the scene given by the video. We report
Chamfer-Distance for 360-1M in addition to volumetric IoU for GSO. The 3D reconstructions for our model
are created by generating images along trajectories then using Dust3r to reconstruct the scene.

Table 3.2: Comparison of various novel view

Table 3.1: Comparison with other novel view synthesis models on the MipNeRF 360
synthesis models on the DTU benchmark which benchmark [208, 9]. As noted by previous work [208],
consists of single objects placed on table tops. PSNR and SSIM are unreliable metrics for novel view
synthesis so we focus on LPIPS.
NVS LPIPS | PSNR{ SSIM 1
PixelNeRF [280] 0.535 15.55 0.537 NVS LPIPS | PSNRT SSIMT
SinNeRF [272] 0.525 16.52 0.560 PixelNeRF [280] 0.718 16.50 0.556
DietNeRF [88] 0.487 14.24 0.481 Zero-1-to-3 [135]  0.667 11.70 0.196
NeRDi [42] 0.421 14.47 0.465 ZeroNVS [208] 0.625 13.20 0.240
ZeroNVS [208] 0.380 13.55 0.469 ODIN (Ours) 0.587 16.84 0.537

ODIN (Ours) 0.378 16.67 0.525

The models we benchmark against are trained on a variety of 2D and multi-view data sources. The
diffusion-based methods, Zerol-to-3 [135] and ZeroNVS [208] start from a StableDiffusion pretrained model.
Zerol-to-3 [135] fine-tunes on Objaverse [39], while ZeroNVS [208] fine-tunes on Co3D [194], ACID [133],
and Real-Estate10k [290]. When possible we evaluate the models provided by the original works. Most
closely related to our work in architecture is Zerol-to-3 [ 135] with the key difference being our addition of

motion masking for training on video.

3.7.2 Novel View Synthesis

We observe improved performance on DTU and Mip-NeRF 360 on the standard NVS metrics (Tables 3.1
and 3.2). Our improvement on DTU is relatively small which is to be expected as the dataset consists of
simple objects, with black backgrounds. On Mip-NeRF 360, which consists of real-world scenes, we see
significant improvement. In particular, the other methods struggle to generate reasonable images from views
that differ significantly from the input view. In Figure 3.3 we compare qualitatively to other recent works.
We observe that Zerol-to-3 cannot generate full scenes and struggles to generate real objects as expected due
its training data. ZeroNVS generates more plausible views, but is still considerably worse for more complex

scenes.
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3.7.3 3D Reconstruction

We present 3D scenes reconstructed from ODIN generated images along a trajectory (Figure 3.4). Quantitative
comparison can be found in Table 3.3. For Google Scanned Objects [45] our method is comparable to Zero-
1-to-3 [135] and outperforms other methods. Comparable performance to Zero-1-to-3 is expected as it was
designed for synthetic objects. We compare with ZeroNVS for scene reconstruction on a held-out set of

360-1M. Other methods are not capable of generating scenes therefore we only benchmark against this

method.
Table 3.3: 3D reconstruction results on Google Scanned Objects [45].
Method MCC [266] SIC-1[254] Point-E [164] Zero-1-to-3 [135] ODIN (Ours)
Chamfer Distance | 0.1230 0.2245 0.0804 0.0717 0.0697
IoU 1 0.2343 0.1332 0.2944 0.5052 0.5328

3.8 Limitations and Broader Impact

The framework and method we presented in this work are a promising step towards large-scale 3D models,
however there are some limitations to our approach. From a modeling perspective, the motion mask allows us
to filter portions of scenes which have dynamic elements, however ideally we would like to learn to model the
dynamic elements as well. Some progress has been made on 4D NeRF models which can move the camera
view in both time and space, however generalized 4D models are largely unexplored.

Our work may have positive societal impact in the creation of 3D assets for AR and VR or downstream
applications such as robotic navigation. From a negative perspective our work could be used to create fake

images or inappropriate scenes.

3.9 Conclusion

In this work, we propose a scalable approach to constructing real-world multi-view data and show the
merits of our model, ODIN, trained on the largest multi-view dataset, 360-1M, to date. Enabled by the

scale, diversity, and long-range correspondences in 360-1M, ODIN demonstrates capabilities beyond those of
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previous methods in generating 3D-consistent novel views of real-world scenes with free camera movement.
On novel view synthesis and 3D reconstruction benchmarks ODIN outperforms existing methods without
fine-tuning to the target data. While ODIN shows impressive results, we believe that there is further potential
in the use of 360-1M and 360° video for novel view synthesis as well as other domains such as video
generation. For novel view synthesis an exciting next step would be to model dynamics to generate 4D scenes.

We will open-source our code, models, and dataset.
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Chapter 4

Neural Priming for Sample-Efficient

Adaptation

4.1 Overview

We propose Neural Priming, a technique for adapting large pretrained models to distribution shifts and
downstream tasks given few or no labeled examples. Presented with class names or unlabeled test samples,
Neural Priming enables the model to recall and conditions its parameters on relevant data seen throughout
pretraining, thereby priming it for the test distribution. Neural Priming can be performed at inference, even for
pretraining datasets as large as LAION-2B. Performing lightweight updates on the recalled data significantly
improves accuracy across a variety of distribution shift and transfer learning benchmarks. Concretely, in the
zero-shot setting, we see a 2.45% improvement in accuracy on ImageNet and 3.81% accuracy improvement
on average across standard transfer learning benchmarks. Further, using Neural Priming at inference to adapt
to distribution shift, we see a 1.41% accuracy improvement on ImageNetV2. These results demonstrate the
effectiveness of Neural Priming in addressing the challenge of limited labeled data and changing distributions.

Code is available at https://github.com/RATVNLab/neural —priming.
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4.2 Introduction

Humans have a vast store of prior experience which we draw on to flexibly perform a diverse range of tasks
[81, 20, 19, 57]. While engaging in an activity, we naturally retrieve relevant information or schema in a
cognitive phenomena known as Priming [151]. This process ensures that necessary knowledge is readily
accessible in memory, leading to enhanced performance for the task at hand [196]. Pre-trained, general-
purpose models such as CLIP [182] and ALIGN [94] have extensive prior knowledge learned from large-scale,
diverse datasets. These datasets seek to capture all natural variation in real data within their distribution. Can
these models also benefit from something like priming? We observe that models trained even on the largest
of such datasets often substantially improve in performance when fine-tuned on task-specific data. This begs
the question of what the model learns from fine-tuning on the target dataset, if it already trained on many
similar examples during pre-training.

We speculate that the effect of fine-tuning a pre-trained model on task-specific data is similar to that of
priming. Given the sheer size and diversity of the pre-training dataset it becomes challenging for the model
to find a consistent solution that is optimal for all subsets of the data. This becomes particularly evident
for open-vocabulary models such as CLIP, where multiple natural language descriptions can correspond to
a single image, highlighting the challenge of accommodating diverse interpretations. We hypothesize that
training on the downstream dataset re-aligns the model to the specific objective.

With this in consideration, we propose Neural Priming. Specifically, Neural Priming recalls a subset
of the pre-training data similar to the target distribution, re-aligns the natural language descriptions to the
downstream task, and quickly adapts the model to the subset. We perform extensive experiments on 7 transfer
learning and 4 distribution shift datasets to validate our method. We use the OpenCLIP [182, ] ViT [44]
set of models pre-trained on the LAION-2B and 400M [213]. We find Neural Priming leads to significant
accuracy improvements, particularly when labeled data is scarce and in specialized domains. Concretely,
Neural Priming improves accuracy by 2.45% on ImageNet and 4.25% on average across the other 6 datasets
over the base CLIP model. In the few-shot setting, Neural Priming improves accuracy by 3.81% on average
over recent methods on standard transfer learning benchmarks. We show Neural Priming is efficient and
can be performed on-the-fly. For datasets containing more than 2 billion images, we can prime our model to

ImageNet in less than 2 minutes with a single commercial GPU.
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Neural Priming is flexible and can be used with variable degrees of information about the downstream
distribution. When the model has language-only task descriptions, our approach can efficiently retrieve a
priming pool of relevant examples from the pre-training set and attune the model to this data. At inference
time, given a set of test images to classify, Neural Priming is able to use test examples to adapt the priming
pool to distribution shifts. When we have access to training examples in the few-shot setting, Neural Priming
can filter the priming pool to align with the training distribution.

We make the following contributions:

* We introduce Neural Priming, a novel method that leverages retrieval from the pre-training dataset for
efficient and accurate adaptation of large, pre-trained models to downstream tasks.

* Neural Priming achieves state-of-the-art zero-shot and few-shot accuracy on the standard transfer learning
datasets — up to 4.25% and 3.81% improvements respectively over baselines (Section 4.5.2).

* Neural Priming also enables transductive learning and improves performance on standard distribution
shift datasets by 2.51% on average, all without using any additional data (Section 4.5.3).

* Our approach generalizes to various architectures and pre-training datasets while being complementary to

techniques [150, ] that improve zero-shot performance of open-vocabulary models.

4.3 Related Work

4.3.1 Open-Vocabulary Models and Zero-shot Inference

Open-vocabulary models have proven to be an effective approach for transfer learning. Such models enable
training on vast amounts of web-scale images without the need for labor-intensive human labeling by
leveraging pre-existing natural language descriptions [182]. Open-vocabulary models have set state-of-the-art
on ImageNet [43] as well other transfer learning benchmarks [271, 7, ].

Open-vocabulary models offer additional capabilities beyond standard pre-trained models. They can
perform zero-shot inference, where predictions are made without training on target data. Additionally,
they are robust to distribution shifts [182], enable prompt-tuning methods [178, ], and can be used for

text-based retrieval [53]. Zero-shot can have different meanings in the literature. In the context of this paper,
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Figure 4.1: A diagram of Neural Priming, our proposed method. Neural Priming is a framework for
leveraging an open-vocabulary model’s own pre-training data to improve performance on downstream tasks.
Neural Priming encompasses two processes: 1. Collecting a priming pool of relevant examples from the
pre-training set to prime with and 2. using these examples to attune our model to a given task. We show
performance improvements across a wide range of transfer learning and robustness benchmarks.

we consider zero-shot as the experimental setting in which the model receives no training examples drawn
from the training distribution.

Prompt-tuning has emerged as a popular research direction in the domains of large language and open-
vocabulary models. In the context of open-vocabulary models, prompt-tuning can involve modifying the
textual prompts or queries used during the training or inference of the model to improve its understanding of
visual content or achieve specific goals. In the original CLIP paper, Radford et al. [182] design hand-crafted
prompt templates for ImageNet and other transfer learning datasets and show that this leads to substantial
accuracy improvements. More recently, other work [ 150, 289] has used machine learning approaches to learn

the prompts rather than hand-crafting them.

4.3.2 Distribution Shifts

Robustness to distribution shift is a key property of good machine learning models as it represents a notion
of reliability. In particular, studies on natural distribution shifts, including ImageNet-V2 [192], ImageNet-
Sketch [253], ImageNet-R [79], and ImageNet-A [80], find that models have a consistent performance drop

when exposed to a distribution at inference time not seen during train time [233]. In order to focus on

58



robustness and eliminate the confounder of better models being generally better, this performance gap is
measured through effective robustness, which is the robustness improvement over ImageNet trained models.
Prior work has shown that the performance of models on in distribution and out of distribution is highly
correlated across many algorithmic training interventions, except for cases where training on larger and more
diverse datasets increases robustness [155].

The most significant recent improvement in effective robustness [192] is the introduction of open-
vocabulary models. At its time of release, CLIP [182] achieved unprecedented effective robustness on a variety
of distribution shifts. Studies have suggested that these models achieve high effective robustness through
their data distribution [52], a result of training on large amounts of web-scraped data. However, these models
are still worse at downstream tasks than models fine-tuned on in-distribution data. Moreover, fine-tuning on
downstream data causes robustness on other data distributions to deteriorate [182, ]. Many mitigation
methods have been proposed to such as Wise-FT, FLYP, LP-FT, and model surgery [265, 64, , ]. Our
paper differs from these methods in goal: whereas they seek to keep model robustness while gaining the
benefits of fine-tuning on task-specific data, we seek the benefits of fine-tuning while not collecting any
in-distribution data. Hence these methods are complementary to Neural Priming, and we employ Wise-FT in

our model attunement procedure.

4.3.3 Transductive Learning

Transductive learning [58, 29] focuses on leveraging unlabeled data during inference. It differs from traditional
supervised learning, which solely relies on labeled data at train time. Related to transductive learning is
test-time training [231, 59, 217]. Test-time training involves adapting and refining the model’s predictions
based on the specific testing examples encountered. Transductive learning differs from test-time training in
that test-time training only considers one test sample at a time, whereas transductive aims to learn from the

entire test set.

4.3.4 Few-Shot Learning

Few-shot learning research aims to addresses the challenge of learning from a limited number of labeled

examples. In many real-world scenarios, acquiring large labeled datasets is impractical or costly. Older
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lines of work have focused on meta-training small models [222, 55, , 91] on small-scale datasets. More
recently, the approach for few-shot learning has shifted towards training large, general-purpose models such

as CLIP [182] and ALIGN [94] on web-scale datasets.

4.3.5 Retrieval-Augmented Models

In language, works have demonstrated the effectiveness of retrieval from text corpora or structured data for
tasks such as question answering [17, 69, ]. In general, these methods seek to recover facts either from a
large corpus or knowledge graph, then use those to complete tasks. This differs from our scenario, where exact
examples at inference time do not necessarily exist in the pre-training corpus. REACT [134] and SuS-X [242]
are retrieval-augmented methods for open-vocabulary models which use search to fine-tune with relevant
examples [134]. We differ from Liu et al. [134] in that they add a substantial number of new parameters
whereas we do not. Additionally, our approach is significantly more efficient, both computationally and
in terms of number of samples, enabling use at inference for additional improvement (Section 4.4.1). We
differ from [242] in that their work uses semantic retrieval whereas Neural Priming leverages language for
fast initial filtering and image search for accurate retrieval. Further, Neural Priming shows that models can
improve by revisiting examples seen throughout pretraining whereas other works retrieve new examples from

external datasets.

4.4 Method

Neural Priming is the process of retrieving relevant information from the pre-training dataset and leveraging
it for a specific task. We study it in the context of vision-language contrastive pre-training, so the form our
task description takes is a set of class names, C, already in natural language. A CLIP model [182] consists of
a vision embedding model, V', and a language embedding model, L, each producing a vector representation
in R, The pre-training dataset, D, consists of a large number of image-text pairs collected from the web.
The text component can be noisy, potentially containing irrelevant or inaccurate information about the image
content.

We break our method down into two main steps: 1. Collecting the priming pool, where we gather data

from our pre-training dataset relevant to a particular task and 2. model attunement, where we leverage this
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data to improve our model.

4.4.1 Collecting the Priming Pool

Leveraging Natural Language Task Information

The goal of this step is to collect an initial pool of images relevant to the task at hand given the previously
defined natural language description C. For example, if our task is a set of dog breeds, ideally we would
collect sets of images belonging to those breeds and label them accordingly. A simple way to prime is by using
retrieval to gather relevant data points from our pre-training dataset. An existing method for language-based
retrieval involves using the CLIP text embedding of a class description ¢ € C for retrieval using semantic
similarity scores on the pre-training set [12, ]. However, with neural priming, prioritizing precision over
recall is crucial, considering the size, diversity, and noise of the pre-training dataset. This form of semantic
retrieval has a major downside: it is not clear where to threshold similarity scores to retrieve the most relevant
images. Threshold too late and we allow unrelated images to be included in our pool. Further, this threshold

is often specific to a category, making it infeasible to search at scale.

Our approach to language-based priming is to search for the existence of the class name, ¢ € C, in the
captions of our pre-training dataset to retrieve images relevant to a particular category. We organize these
image-text pairs into separate categorical clusters { B.} according to the class name ¢ mentioned in their
captions. This approach has a few advantages over semantic retrieval: 1. After setting up an inverted index
search structure for text retrieval [ 108, ], exact string matching is far faster than semantic retrieval, even
when approximate nearest neighbor strategies are employed [97], 2. with exact string search, the category
boundary is clear and therefore does not require per category tuning, 3. the retrieval results are overall
qualitatively more relevant. Finally, to leverage the semantic understanding of our CLIP model, we filter
the priming pool using CLIP similarity score. We do this by constructing a “zero-shot” CLIP classifier, as
defined by Radford et al. [182], and removing examples from categorical clusters that do not align with their

label according to the CLIP model.
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Leveraging Image Information at Test Time

At inference time, the model can narrow the relevant priming pool even further by utilizing information about
the test distribution. To do this, given an image « in our test set, we compute the cosine similarity using our
CLIP image encoder V, cos(V(x), V (y)) for every y € P, our priming pool. We retrieve examples with the
top-k cosine similarity scores (k = 10 in most of our experiments). We do this collectively for every image
in the test set and collect the retrievals to form a filtered priming pool. If an example is retrieved twice, we
de-duplicate them in the final priming pool. Since we do this for all images in the test set, we consider this

the transductive setting to align with prior work [58, 29].

4.4.2 Attuning CLIP to the Priming Pool

The goal of this step is to modify our CLIP model to take advantage of the data in the priming pool P. We
first construct the task-specific zero-shot linear head W, € Rdxn using the text encoder and the natural
language names of each class, where d is the feature dimension and n is the number of classes. To get logits

for a particular example, =, we compute W, - L(x), so our prediction is arg max, W, - L(x).

To attune our CLIP model to the priming pool, we perform nearest-class mean (NCM) [147] on all
retrieved examples to obtain a classification head from the priming pool. Namely for a given class c, we
compute a centroid g, = ﬁ > zep, L(x) and then normalize this centroid to produce a class embedding
Ye = Je/||lycll. We define the collection of centroids as matrix Wy = [y.]. € R¥™. To expand this to
few-shot scenarios, we mix the labeled data into the corresponding categorical clusters before performing
NCM. Finally, we ensemble 1, and Wy, using a mixing coefficient o € [0, 1] as Wy, = (1—c)- Wp+a- W,
which is our final classification head. We choose alpha according to a heuristic a = e~1P1/7* which can be
derived from a Bayesian prior over the text features. We also find that « can be effectively chosen through
cross-validation on a held-out portion of the retrieval set. Intuitively, if we do not have much data in our
priming pool, we want it to influence our model less. We use NCM as the classifier as it has shown to be

sample-efficient [222].
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Figure 4.2: A qualitative example of our approach for transductive image filtering. Given an initial
priming pool, acquired through natural-language text search on the captions of our pre-training dataset
(Section 4.4.1), we filter out irrelevant examples using images from our test set. (left) we show examples
from the great owl categorical cluster of our priming pool before filtering, (center) we show an example
image from the same category of ImageNet-V2, (right) example retrievals using image embedding similarity
from the entire priming pool. The visual similarity of the retrievals are apparent, and they are generally from
the appropriate categorical cluster. Doing this filtering results in a significantly more relevant priming pool.

4.5 Experiments

Our key results include: 1. Priming improves performance over baselines in the few-shot setting by 3.81% on
average across all datasets and 2.4% on ImageNet in the zero-shot setting 2. Priming in the transductive, or
on-the-fly, setting further improves performance over baselines by 2.51% accuracy and 1.09% over standard
Neural Priming 3. Priming is complementary to existing prompt-tuning methods. Our finding indicates that
images in the priming set impart distinct information to the model compared to textual class descriptions. We

include full details of hyperparameter choices and error bars included in the appendix.

4.5.1 Datasets and Architectures

We evaluate on standard transfer learning and distribution shift benchmarks. ImageNet [43] is a large-scale,
general classification dataset that has been well-studied in both transfer learning and distribution shift.
ImageNetV2 [192] is one of its natural distribution shift test sets, made by reproducing the original data
collection procedure of ImageNet, but even modern large-scale pre-trained models have performance drops

on it. ImageNet Sketch [253] and ImageNet-R [79] are natural distribution shifts created by assembling
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Table 4.1: Performance of Neural Priming and comparable methods in the zero-shot setting. Priming
consistently improves top-1 accuracy across standard transfer learning data sets. Performance reported for
the OpenCLIP ViT-B-16 model pretrained on LAION-2B.

ImageNet Stanford FG Ve Flowers102 Food101 Oxford SUN397
Cars Aircraft Pets

CLIP [182, 87] 68.30 87.40 25.86 71.65 86.58 90.21 67.35
Retrieval + Finetuning 70.28 87.95 26.22 72.15 86.63 90.35 68.01
VLM [150] 69.35 87.88 28.54 72.11 86.31 90.24 67.73
CuPL [178] 70.25 88.63 29.64 72.32 86.20 91.16 70.80
Priming (Ours) 70.75 89.30 33.03 79.81 86.66 91.87 71.21
Priming + CuPL (Ours) 71.38 90.23 36.00 80.04 86.86 91.85 72.35

sketches and various renditions of the ImageNet classes. ImageNet-A [80] is a natural adversarial distribution
shift of ImageNet, created by collecting images that are misclassified by ResNets. StanfordCars [114],
FGVCAircraft [143], Flowers102 [167], and OxfordPets [172] are fine-grained classification datasets which
require understanding subtle visual differences between classes and are commonly used for transfer learning
benchmarks [76, 87, , ]. SUN397 [271] is a large-scale scene recognition dataset with 397 scene
categories.

We perform our experiments with OpenCLIP models [265] trained on LAION-2B and 400M [213]. We
choose OpenCLIP because their pretrain datasets are publicly available, therefore we can control what data is
introduced to the model. The model architecture reported in the main paper is the B-16 variant trained on

LAION-2B unless otherwise stated.

4.5.2 Zero-shot Results

In this setting, our model only has access to data it has seen during pre-training, in this case LAION-2B.
Neural Priming improves top-1 accuracy by 2.45% on ImageNet and 4.25% on average across 6 other diverse
downstream datasets compared to the CLIP baseline. In the zero-shot setting, Neural Priming outperforms
the 3-shot CLIP model on StanfordCars and FGVCAircraft. This result is particularly noteworthy since
traditionally training on in-distribution data generally outperforms zero-shot techniques [285]. Note that we
do not present error-bars for the zero-shot experiments as the process is deterministic.

We also compare with VLM [150] and CuPL [178], two zero-shot prompt-tuning methods which obtain
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natural language descriptions of each class using language models, and a retrieval with fine-tuning baseline.
Interestingly, we find that Neural Priming is complementary to existing prompt-tuning methods. The accuracy
improvements from CuPL and VLM are additive with Neural Priming. For example, CuPL and Neural
Priming each improve performance by 3.78% and 7.17 % respectively on FGVCAircraft. Ensembling the
methods results in 10.74% improvement over the baseline (Table 4.2). This surprising result suggests that
the textual class descriptions in CuPL and VLM provide unique information to the model that differ from the
information obtained from the images in the priming set.

Another observation is that Neural Priming is especially effective for specialized domains such as
StanfordCars, Flowers102, and FGVCAircraft. We speculate this is due to the fact that the label space
and image content differs from the majority of the pre-training set. For example, although airplanes occur
frequently in LAION-2B, they are rarely described according to their specific model such as Boeing 737-200.
Therefore, recalling and priming the model on pre-train images with such fine-grained classes significantly
improves the model.

In contrast, for datasets which are more aligned with LAION-2B and the distribution of internet images,
such as ImageNet and SUN397, the accuracy gain provided from Neural Priming is smaller in comparison,
albeit still significant. In the limit of this trend, Food101 sees almost no improvement across all methods, and
even training on in-distribution data for the few-shot case barely improves the accuracy. We speculate that
this is because images similar to those in Food101 are already well-represented in LAION-2B, rendering
additional food images of marginal informational value.

To be precise, when we refer to term “shot number” throughout the experiments section, we mean
the number of labeled examples from the target training set. We do not consider images retrieved from

LAION-2B as shots in this setting because they are obtained from the pre-training set.

4.5.3 Few-Shot Results

Neural Priming improves performance for all datasets and shots in the few-shot setting. We compare with
CoOp, a recent method for few-shot prompt-tuning, and a Nearest-class-Mean (NCM) baseline. On average
across all shots and datasets Neural Priming improves by 3.81% in accuracy over the closest baseline. Results

can be found in Figure 4.3.
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Figure 4.3: Performance of Neural Priming and comparable methods in the few-shot setting. We find
consistent improvement across shot numbers and datasets. In particular, Neural Priming especially excels for
fine-grained datasets such as FGVCAircraft and Flowers102. We hypothesize that such fine-grained
captioned images are not well represented in LAION-2B, therefore revisting this subset of data improves the
model more.

Notably, we find that Neural Priming can match the accuracy of models trained with a substantial number
of training examples without using any of the labeled training data for all of the evaluated datasets (Figure
4.3). Additionally, we observe that as the shot number increases, improvement over the baseline decreases. At
1-shot the improvement in accuracy over the baselines is 5.63% on average, while at 10-shot the improvement

is 2.04%. Intuitively, as the model receives more target training data, obtaining additional examples from the

pretrain set becomes less necessary.

4.5.4 Transductive Results

We compare Neural Priming in the transductive setting on 4 standard distribution shift datasets, ImageNet-V2,

ImageNet Sketch, ImageNet-R and ImageNet-A. Distribution shift datasets are a natural application of
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Table 4.2: Performance of Neural Priming and relevant methods for the transductive setting. Neural
Priming finds examples similar to the test image at inference to optimize the model. Models are evaluated
zero-shot on 4 distribution shift datasets. Neural Priming excels on distribution shifts which differ
significantly from the natural language description of the class names. Performance reported for the
OpenCLIP ViT-B-16 model pretrained on LAION-2B.

ImageNet
ImageNet-V2 ImageNet-R Sketch ImageNet-A
CLIP [87, ] 59.35 64.57 57.05 35.95
TPT [217] 59.84 78.74 52.75 36.92
Priming (Ours) 60.12 77.98 58.29 37.56
Transduct. Priming (Ours) 60.76 79.37 59.97 38.20

adaptation at test-time. Often real-world datasets differ from the training data, therefore models should
be able to adapt on-the-fly. In this setting, the model can learn from the test images without labels before
making predictions. We compare with Test-Time Prompt-Tuning (TPT), a state-of-the-art method which uses
a self-supervised objective to learn from test data.

We find that Neural Priming with images in the test set improves performance over standard Neural
Priming by 1.09% as well as 2.51% over TPT across the 4 distribution shifts (Table 4.2). Looking at Figure
4.2, we qualitatively see that the priming pool more closely matches the test images after filtering for the
closest images in the initial priming pool. Though the distribution shift can often be imperceptible such as
between ImageNet and ImageNetv2, quantitatively we see that the transductive filtering step finds images in
the pretraining close to the test distribution.

The transductive retrieval for 50,000 images in the test set on average takes 96 seconds for a priming
pool of 1 million images, while retraining the classifier takes on average 11.5 seconds for a priming pool of

size 10,000 on standard hardware.

Flowers-102

Stanford Cars

FGVC Aircraft

Oxford Pets

o
o
1

Top-1 Accuracy
~
o]
1

~
o
1

0 __-® 36 o — S
> 904 - > A= >91.75 o

@ » ® 34 e ®

o 7’ < 7 = &

3 1 3 : 3 91.50

[v) Vs V32 e v

o 7 o O .

< 89 7 < ! < e

— -/ =304 - ~ 91.25 N

g |/ g 1/ g :

® el F 28+ "91.00—"
T T T T T T T T T T T T T T T T T T T T
20 40 60 80 100 20 40 60 80 100 20 40 60 80 100 20 40 60 80 100

Samples per class

Samples per class

Samples per class

Samples per class

Figure 4.4: Ablation over the number of samples per class in the priming pool. We observe a consistent
zero-shot accuracy improvement as the number of samples drawn from our pool increases.
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4.5.5 Ablations

We investigate the impact of the priming pool size on the zero-shot accuracy of downstream tasks (Figure
4.4). Our analysis reveals that as the size of the priming pool increases, there is a general improvement in
accuracy. However, there are certain limitations associated with enlarging the pool. The majority of classes
in the downstream task have a limited number of available images. Consequently, when we retrieve a larger
number of images for the priming pool, they tend to contain more noise and mislabeled samples. Furthermore,
for rare classes, the number of images obtained through exact string search is often less than 100. To address
this, a potential extension could involve utilizing a language model to generate alias names for classes, which

could then be used to perform additional string searches, thereby expanding the initial priming pool size.
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Figure 4.5: Analyzing the effect of model capacity on Neural Priming. We find the relative error
reduction stays consistent even as the scale of the model increases.

We also analyze the impact of the architecture on the accuracy improvement achieved by Neural Priming
in the zero-shot setting (Figure 4.5). To examine this, we conduct experiments using models of varying
capacities, namely ViT B-32, B-16, and L-14. We observe that the gains remains consistent across the models.
This finding suggests that even as we scale the architecture’s capacity, our method will continue to yield

significant and consistent relative error reduction.

4.6 Limitations

Neural Priming has a few potential limitations. Firstly, it requires that the pre-train dataset contains images
similar to those in the downstream task. Though all of the datasets we benchmark have abundant relevant
data, it is possible for more out-of-distribution datasets that LAION-2B simply does not contain related or
queryable images. Secondly, accurate class names are required for retrieval. Meaningful class names for

some datasets can be difficult to obtain. For example, in the Flowers102 dataset, some flower species are
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given by their latin names, which leads to poor retrieval. This issue generally affects open-vocabulary models
which require accurate class names to initialize the zero-shot classifier. This limitation may be resolved by
using language models to replace class names with their more commonly known synonyms. Lastly, Neural
Priming requires access to the pre-training data set which is not always possible such as in the case of OpenAl

variant of CLIP. In this case a surrogate dataset would likely suffice, such as using LAION-2B.

4.7 Discussion & Conclusion

We present Neural Priming, a method to improve the performance of open-vocabulary models by leveraging
their own large-scale, diverse pre-training data with no additional data required. With Neural Priming, we
demonstrate how to construct a high quality priming pool of examples from the pre-training dataset relevant
to a particular task and how to utilize this pool to improve our model. We further show that our method
is effective across a variety of downstream tasks and settings. In particular, our method can be used in
situations where only natural language descriptions of relevant classes are given, when we have the ability
to adapt at inference time, and when we are provided with few labeled in-distribution examples. In all
settings, our framework demonstrates a substantial improvement in performance over existing interventions,
and is in fact complementary with current prompt-tuning and robustness methods. Our method is also
computationally cheap, not requiring any modification of model backbone weights and only a fast text search
on the pre-training corpus.

The efficacy of Neural Priming leads to some interesting questions for future work. For example, if
the model has seen this data before, why does it help to recall them? We hypothesize that this is due to the
fact that the diversity of these datasets introduces competing objectives, which are difficult for the model to
optimize directly. For example, the same kind of image could appear with multiple captions and vice-versa,
making it difficult to prompt a CLIP model trained on such data at inference time for a particular task. A

systematic study of this could elucidate important limitations of current large-scale training paradigms.
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Chapter 5

Task adaptive Parameter Sharing for

Multi-Task Learning

5.1 Overview

Adapting pre-trained models with broad capabilities has become standard practice for learning a wide range
of downstream tasks. The typical approach of fine-tuning different models for each task is performant, but
incurs a substantial memory cost. To efficiently learn multiple downstream tasks we introduce Task Adaptive
Parameter Sharing (TAPS), a general method for tuning a base model to a new task by adaptively modifying
a small, task-specific subset of layers. This enables multi-task learning while minimizing resources used
and competition between tasks. TAPS solves a joint optimization problem which determines which layers
to share with the base model and the value of the task-specific weights. Further, a sparsity penalty on the
number of active layers encourages weight sharing with the base model. Compared to other methods, TAPS
retains high accuracy on downstream tasks while introducing few task-specific parameters. Moreover, TAPS
is agnostic to the model architecture and requires only minor changes to the training scheme. We evaluate our
method on a suite of fine-tuning tasks and architectures (ResNet, DenseNet, ViT) and show that it achieves

state-of-the-art performance while being simple to implement.
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Figure 5.1: Overview of our approach. Difference between (b) our approach, (a) feature extractor as well

as (c) finetuning. Here we have two tasks 77 and 7T5. T shown by turquoise and 75 by green. Yellow boxes

denote the base network layer. Our approach adds task specific parameters to different layers based on the

target tasks. Notice that this is in contrast to (a) no task specific layers are used and (c) where every layer is

tasks specific. Also (c) suffers from catastrophic forgetting, and lose the base network’s parameters unlike (b)
and (a).

5.2 Introduction

Real-world applications of deep learning frequently require performing multiple tasks (Multi-Task Learn-
ing/MTL). To avoid competition between tasks, a simple solution is to train separate models starting from
a common pre-trained model. Although this approach results in capable task-specific models, the training,
inference, and memory cost associated grows quickly with the number of tasks. Further, tasks are learned

independently, missing the opportunity to share when tasks are related.

Ideally, one would train a single model to solve all tasks simultaneously. A common approach is to fix a
base model and add task-specific parameters (e.g., adding branches, classifiers) which are trained separately
for each task. However, deciding where to branch or add parameters is non-trivial since the optimal choice
depends on both the initial model and the downstream task, to the point that some methods train a secondary

network to make these decisions.

Moreover, adding weights (layers, parameters, etc.) to a network independent of the task is also not ideal:
some methods [145, , ] add a small, fixed number of learnable task-specific parameters, however they
sacrifice performance when the downstream task is dissimilar from the pre-training task. Other methods
perform well on more complex tasks, but add an excessive number of task-specific parameters even when the

downstream task is simple [203, 67, ]

In this work, we overcome these issues by introducing Task Adaptive Parameter Sharing (TAPS). Rather

than modifying the architecture of the network or adding a fixed set of parameters, TAPS adaptively selects a
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minimal subset of the existing layers and retrains them. At first sight, selecting the best subset of layers to adapt
is a complex combinatorial problem which requires an extensive search among 2% different configurations,
where L is the number of layers. The key idea of TAPS is to relax the layer selection to a continuous problem,
so that deciding which layers of the base model to specialize into task-specific layers can be done during
training by solving a joint optimization using stochastic gradient descent.

The final result is a smaller subset of task-specific parameters (the selected layers) which replace the base
layers. Our approach has several advantages: (i) It can be applied to any architecture and does not need to
modify it by introducing task-specific branches; (ii) TAPS does not reduce the accuracy of the target task
(compared to the paragon of full fine-tuning) while introducing fewer task-specific parameters; (iii) The
decision of which layers to specialize is interpretable, done with a simple optimization procedure, and does
not require learning a policy network; (iv) It can be implemented in a few lines, and requires minimal change
to the training scheme.

Our method finds both intuitive sharing strategies, and other less intuitive but effective ones. For example,
TAPS tends to modify the last few layers for ResNet models while for Vision Transformers TAPS discovers
a significantly different sharing pattern, learning to adapt only the self-attention layers while sharing the
feed-forward layers.

We test our method on standard benchmarks and show that it outperforms several alternative methods.
Moreover, we show that the results of our method are in-line with the standard fine-tuning practices used in

the community. The contributions of the paper can be summarized as follows:

1. We propose TAPS, a method for differentiably learning which layers to tune when adapting a pre-
trained network to a downstream task. This could range from adapting or specializing an entire model,
to only changing 0.1% of the pre-trained model, depending on the complexity/similarity of the new

task.

2. We show that TAPS can optimize for accuracy or efficiency and performs on par with other methods.
Moreover, it automatically discovers effective architecture-specific sharing patterns as opposed to

hand-crafted weight or layer sharing schemes.

3. TAPS enables efficient incremental and joint multi-task learning without competition or forgetting.
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5.3 Related Work

Multi-Domain and Incremental Multi-Task Learning In many applications, it is desirable to adapt
one network to multiple visual classification tasks or domains (Multi-Domain Learning, or MDL). Unlike
Multi-Task Learning (MTL) where the tasks are learned simultaneously, in MDL the focus is to learn the
domains incrementally, as often not all data is available at once. Accordingly, in this work, we also refer to
MDL as incremental MTL. The standard approach for adapting a network to a single downstream task is
fine-tuning. However, adapting to multiple domains incrementally poses the challenge of catastrophically
forgetting previously learned tasks. To foster research in the area, Rebuffi et al. [188] introduced the Visual
Decathlon challenge and proposed residual adapters. Residual adapters fix most of the network while training
small residual modules that adapt to new domains. This architecture was modified to a parallel adapter
architecture in [191]. A controller based method called Deep Adaptation (DA) was introduced in [199] to
modify the learning algorithm using existing parameters. A simpler approach of using binary masks was
proposed in Piggyback [145]. Task specific masks are learned then applied to the weights of the original
network. This approach was further extended in Weight Transformations using Binary Masks (WTPB) [146]
by modifying how the masks are applied. These methods focus on adding a small number of new parameters
per task and underperform on more complex tasks as they have fixed capacity. Other solutions such as
SpotTune [67] focus on performance without consideration for parameter efficiency. It trains an auxiliary
policy network that decides whether to route each sample through a shared layer or task-specific layer. In
contrast, TAPS does not require modification of the network architecture via adapters or training an auxiliary
policy network. TAPS trains in one run with the same base architecture and requires no additional inference

compute.

Parameter Efficient Multi-Domain Learning (MDL) Another line of work in MDL is that of parameter
sharing [158, ]. These approaches typically perform multi-stage training. NetTailor [158] leverages the
intuition that simple tasks require smaller networks than more complex tasks. They train teacher and student
networks using knowledge distillation and a three-stage training scheme. PackNet [144] adds multiple tasks
to a single network by iterative pruning. However, pruning weights generally causes performance degradation.

More recently, Berriel et al. proposed Budget-Aware Adapters (BA?) [15]. This method selects and uses
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feature channels that are relevant for a task. Using a budget constraint, a network with the desired complexity
can be obtained. In summary, most efficient parameter methods obtain efficiency at the loss of performance.
Even with the largest budget in BA?, the performance is substantially lower compared to TAPS. Unlike
existing methods, TAPS does not need to choose a high accuracy or a high efficiency regime. As shown in

fig. 5.2, for a given task we can obtain models anywhere along the accuracy-efficiency frontier.

Multi-Task Learning (MTL) MTL focuses on learning a diverse set of tasks in the same visual domain

simultaneously by sharing information and computation, usually in the form of layers shared across all tasks

and specialized branches for specific tasks [109, ]. A few methods have attempted to learn multi-branch
network architectures [ 138, ] and some methods have sought to find sharing parameters among task-
specific models [ 156, , 60]. A closely related work is AdaShare [230], which learns a task-specific policy

that selectively chooses which layers to execute for a given task in the multitask network. They use Gumbel
Softmax Sampling [140, 92] to learn the layer sharing policy jointly with the network parameters through
standard back-propagation. Since this approach skips layers based on the task, it can only be applied to a
subset of existing architectures where the input and output dimension of each layer is constant. Additionally

because the sharing policy is trained jointly across all tasks, AdaShare cannot learn in the incremental setting.

Incremental Learning Related to MDL is the problem of incremental learning. Here, the goal is to start
with a few classes and incrementally learn more classes as more data becomes available. There are two
approaches in this regard, methods that add extra capacity [203], [284] (layer, filter, etc.) and methods that
do not[30, , , ]. Methods that do not add extra capacity mitigate catastrophic forgetting by either
using a replay buffer [30, ] or minimizing changes to the weights [106]. Similar to our method, [203, ]
add capacity to the network to accommodate new tasks and prevent catastrophic forgetting. Progressive
network [203] adds an entire network of parameters while Side-Tune [284] adds a smaller fixed-size network.
Adding fixed capacity independent of the downstream task is sub-optimal since less complex tasks require
fewer added parameters. In the extreme case where the pretrain task matches the downstream task no
additional parameters are needed. In contrast to previous methods, TAPS adaptively adds capacity based on
the downstream task and base network. Further, the goal of TAPS differs from incremental learning in that it

starts with a pre-trained base model and learns new tasks or domains as opposed to adding new classes from
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a similar domain.

5.4 Approach

Given a pre-trained deep neural network with L layers of weights and a set of K target tasks 7 =
{1, T, ..., Tk}, for each task we want to select the minimal necessary subset of layers that needs to
be tuned to achieve the best (or close to the best) performance. This allows us to learn new tasks incrementally
while adding the fewest new parameters. In principle, this requires a combinatorial search over 2% possible
subsets. The idea of Task Adaptive Parameter Sharing (TAPS) is to relax the combinatorial problem into a
continuous one, which will ultimately give us a simple joint loss function to find both the optimal task-specific

layers to tune and optimize parameters of those layers. An overview of our approach is shown in fig. 6.1.

Weight parametrization We first introduce a scoring parameter s; for each shared layer, where i =

1,..., L. We then reparametrize the weights of each layer as:

w; = w; + I-(s;) dw;, (5.1)

where w; are the (shared) weights of the pre-trained network and dwy; is a trainable parameter which describes
a task-specific perturbation of the base network. The crucial component is the indicator function I, (s;)

defined by

1 if S; > T,
L(si) = (5.2)

0 otherwise.

for some threshold 7. Hence, when s; > 7, the layer is transformed to a task-specific layer, and consequently
will make its parameters task-specific. On the other hand, for s; < 7 the layer is the same as the base network

and no new parameters are introduced.

The same approach can be used for different architecture and layer types, whether linear, convolutional,
or attention. In the latter case, we add task-specific parameters to the query-key-value matrices as well as the

projection layers.

76



Joint optimization Given the parametization in eq. (5.1), we can recast the initial combinatorial problem

as a joint optimization problem over weight deltas and scores:

L
) A
(0w, s) = arg min Lp(w)+ 7 Zl |sil (5.3)
where s = (s1,...,81), 0w = (dwy,...,0wr), w = (wy,...,wr) and we denote with Lp(w) the loss

of the model on the dataset D. The first term of eq. (5.3) tries to optimize the task specific parameters to
achieve the best performance on the task, while the second term is a sparsity inducing regularizer on s which

penalizes large values of s;, encouraging layer sharing rather than introducing task-specific parameters.

Straight-through gradient estimation While the optimization problem in eq. (5.3) captures the original
problem, it cannot be directly optimized with stochastic gradient descent since the gradient of the indicator
function I, (s) is zero at all points except 7. To make the problem learnable, we utilize a straight-through

gradient estimator [14]. That is, we modify the backward pass and redefine the gradient update as:

Vsiwi = (5wi,

in place of the true gradient V,,w; = 0. This corresponds to computing the derivative of the function
w; = w; + s;0w; rather than w; = w; + I(s;)dw;. The inspiration to utilize the straight-through estimator
for gating task-specific weight perturbations, dw;, comes from sparsity literature [263, ] where it has been

used to prune network weights.

Joint MTL A natural question is if, rather than using a generic pretrained model, we can learn a base
network optimized for multi-task learning. In particular, is there a pretrained representation that reduces the
number of task-specific layers that need to be learned to obtain optimal performance? To answer the question,
we note that if data from multiple tasks is available simultaneously at training time, we can optimize eq. (5.1)

jointly across all downstream tasks for both the base weights w; (which will be shared between all tasks) and
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the task specific dw;. The loss function becomes:

K L
arg _min Z (ﬁDk (W, ow") + %Z |s¥ ), (5.4)
k=1 i=

where K is the total number of tasks, w is shared between all tasks and dwy, and s are task specific
parameters. This loss encourages learning common weights w in such a way that the number of task
specific parameters is minimized, due to the L; penalty on s. In Sec. 5.5.2 we show that the joint multi-task
variant of TAPS does increase weight sharing without loss in accuracy. In particular, the number of task-
specific parameters is significantly reduced in the joint multi-task training setting with respect to incremental
multi-task training.

A limitation of the joint multi-task variant of TAPS and other joint MTL methods [230] is that the memory
footprint during training increases linearly with the number of tasks. Our solution is to learn a single network
which is trained jointly on all tasks, with task specific classifiers. Then train with the incremental variant of
TAPS (Eq. 5.3) to adapt the jointly trained base network to each task. This approach achieves comparable

accuracy and parameter sharing with the joint variant, while requiring constant memory during training.

Batch Normalization Learning task specific batch normalization layers improves accuracy on average by
2 — 3%, while adding only a small amount of parameters (.06% for ResNet-34 model). For this reason, we

follow the same setup as most methods and learn task-specific batch-norm parameters.

5.5 Experiments

In this section, we compare TAPS with existing methods in two settings: incremental MTL (§5.5.1) and joint

MTL (§5.5.2). The details are as follows.

5.5.1 Incremental MTL

In this scenario, methods adapt the pre-trained model for each task individually and combine them into a

single model that works for every domain. This approach is efficient during training in terms of both speed
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and memory as it can be parallelized and requires at most 2x the parameters of the base model. Alternatively,

all tasks could interact and learn common weights, which is the joint multi-task scenario described in §5.5.2.

Datasets We show results on two benchmarks. One is the standard benchmark used in [67, , , ]
which consists of 5 datasets: Flowers [166], Cars [113], Sketch [48], CUB [251] and WikiArt [207]. Fol-
lowing [15], we refer to this benchmark as ImageNet-to-Sketch. For dataset splits, augmentation, crops,
and other aspects, we use the same setting as [145]. Our second benchmark is the Visual Decathlon Chal-
lenge [188]. This challenge consists of 10 tasks which include the following datasets: ImageNet [202],
Aircraft [142], CIFAR-100 [115], Describable textures [35], Daimler pedestrian classification [160], German
traffic signs [225], UCF-101 Dynamic Images [223], SVHN [163], Omniglot [121], and Oxford Flow-

ers [166].

Methods of Comparison Our paragon is fine-tuning the entire network separately for each task, resulting
in the best performance at the cost of no weight sharing. Our baseline is the fixed feature extractor, which
typically gives the worst performance and shares all layers. In the incremental multi-task setting we compare

our method with Piggyback [145], SpotTune [67], PackNet [ 144], and Residual Adapters [191].

Metrics We report the top-1 accuracy on each task and the S-score for the Visual Decathlon challenge
as proposed in [188]. In addition, we report the total percentage of additional parameters and task specific
layers needed for all tasks. Methods [145, , 146] that use a binary mask for their algorithm report the
theoretical total number of bits (e.g., 32 for floats, 1 for boolean) required for storage rather than reporting
the total number of parameters. However, as [145] notes, depending on the hardware, the actual storage cost
in memory may vary (e.g., booleans are usually encoded as 8-bits). To establish parity between different
reporting structures, we report the total number of parameters used without normalization and the normalized

count (assuming that a boolean parameter can be stored as 8-bits).

Training details We use an ImageNet pre-trained ResNet-50 [74] model as our base model for ImageNet-
to-Sketch. We train TAPS for 30 epochs with batch size 32 on a single GPU. For the fine-tuning paragon and

fixed feature extractor we report the best performance for the learning rates Ir € {0.001,0.005}.
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Performance of different methods on Stanford Cars
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Figure 5.2: Accuracy vs Task Specific Layers: Accuracy vs percentage of task specific layers for the Cars

dataset is shown. Varying A gives a variety of configuration. With even a very few task specific layers (high

), we perform significantly better than the feature extraction baseline. Our method also reaches the fine-tune
performance but needs a significant number of task specific layers.

For TAPS use the SGD optimizer with no weight decay. We sweep over A € {0.25,0.5,0.75} and
Ir € {0.001,0.005}. We fix the threshold, 7 = 0.1, for all datasets and use the cosine annealing learning rate
scheduler.

In addition to ResNet-50, we also apply TAPS to DenseNet-121 [84] and Vision Transformers [44]. To
the best of our knowledge, we are the first to provide results for a transformer based architecture.

For the Visual Decathlon challenge, we use the WideResNet-28 as in [188], which is also referred to
as ResNet-26 in [67]. Following existing work, we use a learning rate of 0.1 with weight decay of 0.0005
and train the network for 120 epochs. We report our results for A € {0.25,0.5, 1.0}. Like existing methods
[67, , ], we report our accuracy on the test set while training on the training and validation dataset.

We also calculate the S-Score to make a consolidated ranking of our method.

Results on ImageNet-to-Sketch table 5.1 shows the comparison of our method with existing approaches
on ImageNet-to-Sketch. Average accuracy over 3 runs of our method and fine-tuning are reported. TAPS
outperforms Piggyback and Packnet across all 5 datasets, Spot-Tune for 3 out of the 5 datasets, WTPB and
BA? for 4 out of 5 datasets. We also note that TAPS uses, on average, only 57% of the parameters that

Spot-Tune does. We do not outperform existing methods on the Cars dataset. Indeed, for this dataset the best
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results are obtained with A = 0.0 (see fig. 5.2), suggesting that most layers needs to be adapted for optimal
performance. In general, we perform significantly better in terms of accuracy compared to methods that are
parameter efficient, while we achieve the same performance as methods that are designed for accuracy, but at

a fraction of the parameter cost.

Table 5.1: Performance of various method using a ResNet-50 model on ImageNet-to-Sketch
benchmark. Accuracy for different methods are shown for the different datasets. For TAPS and fine-tuning,
we report the average accuracy over three runs. We report the total number of paramters (when available) and

in parenthesis the data-type normalized parameter count. Numbers in bold denote the best performing
method (other than fine-tuning) for each dataset. For Packnet, the arrow indicates the order of adding tasks.

‘Param Count ‘Flowers WikiArt Sketch Cars CUB

Fine-Tuning 6x 95.73 78.02  81.83 91.89 83.61
Feature Extractor | 1x 89.14 61.74 6590 5552 63.46
Piggyback [145] | 6x (2.25x) | 9476 7133 7991 89.62 81.59
Packnet [144] — | (1.60x) 93.00  69.40 7620 86.10 80.40
Packnet [144] +— | (1.60x) 90.60 703 787 80.0 714
Spot-tune [67] | 7x (7x) 96.34 7577 802 92.4 84.03
WTPB [146] 6% (225x) | 96.50 748 802 915 826
BA® [15] 38x (1.71x) | 9574 7232 79.28 92.14 81.19
TAPS | 4.12x | 96.68 7694 80.74 89.76 82.65

Task-specific layers In fig. 5.3, we show the layers that are task-specific for the different datasets. As
expected, the final convolutional layers are always adapted. This corresponds to the common practice
of freezing the initial 3 out of the 4 blocks of the ResNet-50 model and fine-tuning the last block. But,

interestingly, we see that some of the middle layers are also always active. For instance, layer 26 is often

Table 5.2: Percentage of additional parameters and layers. The percentage of task specific parameters
and layers needed for each dataset across network architectures is shown. Numbers in bold denote the lowest
across architectures. ViT-S/16 uses the least number of extra parameters, while ResNet-50 adds the least
number of task specific layers.

Flowers WikiArt Sketch Cars CUB
Percentage of Additional Parameters

DenseNet-121  80.2 41.2 58.5 504 4338
ViT-S/16 41.3 30.4 24.1 26.1 413
ResNet-50 65.5 52.8 75.9 419 70.6
Percentage of Task Specific Layers

DenseNet-121  69.4 22.5 41.1 28.3 239
ViT-S/16 54.2 20.8 22.9 37.5 542

ResNet-50 22.6 20.8 43.4 145 283
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adapted as a task-specific layer. Specifically for the Sketch task which has differing low-level features
compared to ImageNet, the first convolution layer is consistently considered as task-specific. We see this is
the case across varying values of A, which aligns with the intuition that initial layers of ResNet should be

retrained when transferring to a domain with different low-level features.

CUB-
Sketch -

Cars- [ | ] | | ENEE BB
WikiArt - BE B B
Flowers -

Figure 5.3: Task-specific layers for different datasets. Each row shows the 53 convolution layers of
ResNet-50 layers for different datasets. Layer O is closest to the input, while layer 52 is closest to the
classifier. Layers shown in yellow are shared with the ImageNet pre-trained model while layers shown in
color are task-specific weights. We see that most tasks specific layers are toward the classifier.

Effect of choice of pre-trained model To analyze the effect of using different pre-trained models, we
replaced the base ImageNet model with a Places-365 model and applied TAPS on the datasets listed in
table 5.1. We notice changes both in task-specific layers and in the performance. The number of task-specific
layers increases for every task, in particular the average percentage of task-specific layers grows from 25.91%
to 36.60%. We hypothesize that the Places-365 pre-training may not be well suited for object classification,
so more layers need to be tuned. Supporting this, we also see a drop 2.77% in average accuracy across the

datasets. These observations are consistent with the findings in [145].

Table 5.3: Accuracy of various methods across architectures and datasets. Classification accuracy for
various methods is shown across different datasets and architectures. The ViT-S/16 model has the highest
accuracy, across datasets. TAPS is able to match the fine-tuning performance for ViT-S/16 and is about 1-2%
away for DenseNet-121.

Flowers WikiArt Sketch Cars CUB

DenseNet-121

Fine-Tuning 95.6 77.0 81.1 89.5 826
Piggyback 94.7 70.4 79.7  89.1 80.5
TAPS 95.8 73.6 80.2 88.0 809
ViT-S/16

Fine-Tuning 99.3 82.6 819 892 889
TAPS 99.1 82.3 822 88.7 884
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Effect of Architecture Choice To demonstrate that TAPS is agnostic to architecture, we evaluate it on
DenseNet-121 [84]. We report the performance of our method compared to fine-tuning and Piggyback in
table 5.3 and parameters in table 5.2. The number of task-specific layers are high in DenseNet-121 compared
to ResNet-50. We conjecture that because of the extra skip connections, changing a single layer has more

impact on the output compared to the ResNet model.

Transformers We show results of our method on the transformer architecture. Here, we use the ViT-S/16
model [227]. In table 5.3 we report the performance of our method and parameters in table 5.2. For the
transformer architecture, the performance is better than CNNs as expected. We also notice that fewer
parameters are made task-specific compared to CNNs. Although TAPS modifies more task specific layers, the
adapted layers have fewer parameters. We show the layers that are task-specific in fig. 5.4. From this figure
we see that the layers that are adapted to be task-specific for transformers follow a very different pattern from
those of CNNs. While in the latter, lower layers tend to be task agnostic, and final layers task-specific, this
is not the case for transformers. Here, layers throughout the whole network tend to be adapted to the task.
Moreover, attention and projection layers tend to be adapted, whereas MLP layers are fixed. This shows that

TAPS can adapt in nontrivial ways to different architectures without any hand-crafted prior.
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Figure 5.4: Task-specific layers for different datasets for the ViT model. The figure shows the
task-specific layers that are active for different datasets. Each rows shows the different layers that are present
in a ViT model. Layer 0 is closest to the input. Layers shown in yellow are shared with the ImageNet
pre-trained model. The last row shows the type of layer and is denoted in color. Here crimson denotes the
Query-Key-Value in the attention layer, gold denotes the projection layer and purple denotes the MLP layer.
Unlike CNNs, we see that the fine-tuning strategy is very different. Instead of freezing blocks, we need to
freeze the MLP layers.

Visual Decathlon table 5.4 shows that for A = 0.25, our method achieves the second highest S-score,
without any dataset-specific hyper-parameter tuning. For this A\, we use half the number of parameters as

Spot-Tune while performing better in 6/10 datasets and also have a higher mean score. All variants of our
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method outperform Res. Adapt., Deep Adapt., Piggyback. Moving from A = 0.25 to A = 1.0, we further
reduce the number of task-specific layers by half while increasing the mean error only by 1%. At A = 1, we
we outperform Piggyback while using lesser total number of parameters and storage space of the models,
even considering that Piggyback uses Boolean parameters.

To analyze what layers are being used we plot the active layers at the highest compression (A = 1) in
fig. 5.5. For all datasets, the number of task-specific layers is small, with Omniglot requiring the most layers,
while DPed and GTSR require the least. In fact, for the latter datasets, no task-specific layers are required
outside of updating the batch norm layers (which leads to a significant boost in performance compared to
fixed feature extraction). Again, we note that TAPS can easily find complex nonstandard sharing schemes for

each dataset, which would otherwise have required an expensive combinatorial search.

Table 5.4: Accuracy of various methods on the Visual Decathlon Challenge datasets. Accuracy for each
dataset, the mean accuracy across all datasets and the S-Score [188] is shown. TAPS has the second best
S-Score at almost half the parameters of the best method. Our method can tradeoff accuracy vs additional

parameters. We report the total number of parameters and in parenthesis the data-type normalized parameter

count.
Method Params | Airc. Cl100 DPed DTD GTSR Flwr. Oglt. SVHN UCF | Mean | S-Score
Fixed Feature [191] 1x 233 631 803 454 682 737 585 435 268 | 543 544
FineTuning [191] 10x 603 821 928 555 975 814 877 966 512 | 765 | 2500
Res. Adapt.[188] 2x 567 812, 939 509 971 662 89.6 961 475 | 739 | 2118
DAM [199] 2.17x 641 801 913 565 985 861 897 968 494 | 77.0 | 2851
PA [191] 2x 642 819 947 588 994 847 892 965 509 | 781 | 3412
Piggyback[145] 10x(3.25x) | 653 799 970 575 973 791 876 972 475 | 766 | 2838
WTPB [146] 10x(3.25x) | 528 820 962 587 992 882 892 968 486 | 772 | 3497
BA? [15] 6.13x (228x) | 499 781 955 551 994 861 887 969 502 | 757 | 3199
Spot-tune [67] 11x 639 805 965 571 995 852 88 967 523 | 781 | 3612
TAPS (A\=0.25) 5.24x 66.58 81.76 97.07 5883 99.07 8699 8879 9572 51.92 | 7870 | 3533
TAPS (1=0.50) 3.88x 62.05 81.74 97.13 5702 9840 8580 8896 9562 49.06 | 77.61 | 3180
TAPS (1=0.75) 3.43x 62.62 81.07 9577 5734 9861 8567 89.00 9565 49.56 | 77.56 | 3096
TAPS (\=1.0) 3.13% 6343 81.04 9699 5819 98.38 8408 89.16 9499 51.10 | 77.77 | 3088

5.5.2 Joint Multi-Task Learning

Setting We compare TAPS with AdaShare [

] in the joint MTL setting, where multiple tasks are learned

together with (selectively) shared backbones and independent task heads. We follow the same setting as
AdaShare, .i.e, datasets and network for a fair comparison. Specifically, we compare performance on the

DomainNet datasets [173] with ResNet-34. This dataset contains the same labels across 6 domains and is an
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Figure 5.5: Task-specific layers for Visual Decathalon. Each row shows the task-specific layers for
different datasets (A = 1.0). For two datasets: DPed and GTSR, no task-specific parameters are needed. The
performance improves solely due to updating the batch norm parameters.

Table 5.5: TAPS vs AdaShare. The accuracy of methods on the DomainNet dataset in both joint and
incremental MTL settings is shown. All results are obtained with ResNet-34 unless stated otherwise. Bold
numbers represent the higher accuracy between TAPS and AdaShare. Numbers with underline denote the
best performing method in each setting. TAPS outperforms AdaShare in both settings. The Params column

measures the total parameters for supporting all tasks in comparison with the single base model.

MTL Setting | Method Params | Real | Painting | Quickdraw | Clipart | Infograph | Sketch | Mean
Fine-tuning 1x 75.01 66.13 54.72 75.00 36.35 65.55 | 62.12
Joint AdaShare 1x 76.90 67.90 61.17 75.88 31.52 63.96 | 62.88
TAPS 1.46x | 78.91 67.91 70.18 76.98 39.30 67.81 | 66.84
Fine-tuning 6 81.51 69.90 73.17 74.08 40.38 67.39 | 67.73
Incremental AdaShare 5.73x% 79.39 65.74 68.15 74.45 34.11 64.15 | 64.33
AdaShare ResNet-50 | 4.99x | 78.71 64.01 67.00 73.07 31.19 63.40 | 62.90
TAPS 4.90x 80.28 67.28 71.79 74.85 38.21 66.66 | 66.51

excellent candidate for MTL learning as there are opportunities for sharing as well as task competition.
To analyze the difference between TAPS and AdaShare, we further compare them in the incremental MTL

setting, where each task is learned independently (KX = 1). We also include full fine-tuning as a baseline.

Select-or-Skip vs Add-or-Not As shown in Table 5.5, TAPS outperforms AdaShare in both the incremental
and joint multi-task settings across all six domains. This may partly be due to AdaShare’s select-or-skip
strategy, which effectively reduces the number of residual blocks of the network. TAPS, on the other hand,
replaces layers with task-specific versions without altering the model capacity, which results in performance

closer to full fine-tuning. To verify whether a larger network will improve AdaShare’s performance, we
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perform the same incremental experiment with ResNet-50. Surprisingly, AdaShare with ResNet-50 has a
slightly lower performance than its ResNet-34 version, suggesting that capacity might not be a limiting issue

for the method.

Incremental Training vs Joint Training As shown in Table 5.5, full fine-tuning for each task often yields
the best performance and significantly outperforms the joint fine-tuning version. This suggests that rask
competition exists among the domains and only one domain (ClipArt) benefits from the joint training. When
Adashare is trained with the incremental setting, we also see an increase in performance compared to the
joint fine-tuning version. However, both methods come at the cost of weights sharing among tasks and a
linear increase of the total model size. For TAPS, we see the performance is relatively stable when switching

from joint training to incremental training and is close to the performance of fine-tuning.

Parameter and Training Efficiency In the incremental setting, TAPS is 18% more parameter efficient
compared to Adashare while performs 2.18% better on average. In this setting, AdaShare modifies the
weights of existing layers and no layers are shared across tasks. Parameter savings here come from skipped
blocks. Conversely, in the joint MTL setting, AdaShare is more parameter efficient, as no new parameters
are introduced. However, this leads to performance degradation. TAPS performs uniformly better while
introducing 0.46 x more task-specific parameters.

As for training efficiency, AdaShare learns the select-or-skip policy first, which optimizes both weights
and policy scores alternatively. After the policy learning phase, multiple architectures are sampled and
retrained to get the best performance. This two-phase learning process increases the training cost significantly

in comparison with TAPS, which has very little overhead compared to standard fine-tuning.

5.6 Limitations

A limitation of TAPS is that tasks do not share task-specific layers with each other, .i.e., new tasks either
learn their own task-specific parameters or share with the pre-trained model. The joint training approach we
propose mitigates this issue by learning parameters common to all tasks. However, tasks added incrementally

still cannot share parameters with others. Retraining the network on all tasks becomes infeasible as the
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number of tasks grow. We leave this aspect of parameter sharing as future work.

5.7 Conclusion

We have presented Task Adaptive Parameter Sharing, a simple method to adapt a base model to a new task by
modifying a small task-specific subset of layers. We show that we are able to learn which layers to share
differentiably using a straight-through estimator with gating over task-specific weight deltas. Our experimental
results show that, TAPS retains high accuracy on target tasks using task-specific parameters. TAPS is agnostic
to the particular architecture used, as seen in our results with ResNet-50, ResNet-34, DenseNet-121 and ViT
models. We are able to discover standard and unique fine-tuning schemes. Furthermore, in the MTL setting

we are able to avoid task competition by using task-specific weights.
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Chapter 6

Fluid: A Unified Evaluation Framework for

Flexible Sequential Data

6.1 Overview

Modern machine learning methods excel when training data is large-scale, well labeled, and matches the
test distribution. Learning in less ideal conditions remains an open challenge. The sub-fields of few-shot,
continual, transfer, and representation learning have made substantial strides in learning under adverse
conditions, each affording distinct advantages through methods and insights. These methods address different
challenges such as data arriving sequentially or scarce training examples, however often the difficult conditions
an ML system will face over its lifetime cannot be anticipated prior to deployment. Therefore, general ML
systems which can handle the many challenges of learning in practical settings are needed. To foster research
towards the goal of general ML methods, we introduce a new unified evaluation framework — FLUID (Flexible
Sequential Data). FLUID integrates the objectives of few-shot, continual, transfer, and representation learning
while enabling comparison and integration of techniques across these subfields. In FLUID, a learner faces a
stream of data and must make sequential predictions while choosing how to update itself, adapt quickly to
novel classes, and deal with changing data distributions; while accounting for the total amount of compute.
We conduct experiments on a broad set of methods which shed new insight on the advantages and limitations

of current techniques and indicate new research problems to solve. As a starting point towards more general
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methods, we present two new baselines which outperform other evaluated methods on FLUID. Code can be

found at https://github.com/RAIVNLab/FLUID.

Standard Supervised Learning Task-Style Continual Learning Standard Few-Shot Learning
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Figure 6.1: Comparison of supervised (top-left), continual (top-middle), and few-shot learning (top-right)
with FLUID (bottom). The learner (grey box) accumulates data (dotted path), trains on given data (filled
nodes), then is evaluated (empty nodes). The size of the node indicates the scale of the training or evaluation.
Each color represents a different set of classes.

6.2 Introduction

Modern ML methods have demonstrated remarkable capabilities, particularly in settings with large-scale
labeled training data drawn IID. However, in practice the learning conditions are often not so ideal. Consider
a general recognition system, a key component in many computer vision applications. One would expect
such a system to learn from new data distributions, recognize classes with few and many examples, revise the
set of known classes as novel ones are seen, and update itself over time using new data.

Various subfields such as few-shot, continual, transfer, and representation learning have made substantial
progress on the challenges associated with learning in non-ideal settings. The methods from these fields excel

when the deployment conditions can be anticipated and align with specific scenarios. For example, few-shot
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methods perform well when the number of new classes and examples per class are few and known in advance.
Similarly, continual learning techniques improve performance when data from new distributions arrive in
fixed-size batches at predictable intervals. However, in many applications the exact conditions cannot be
known a priori and are likely to change over time. For example, computer vision systems for autonomous
self-checkout systems must account for changing inventories, distribution shifts in background and lighting
between stores, and a long-tailed distribution of products, among other real-world challenges [175, ].

This calls for general methods that can handle a plethora of scenarios during deployment.

To make progress towards such general methods, new evaluations which reflect the key aspects of
learning in practical settings are essential. But, what are these aspects? We posit the following as some of
the necessary elements: (1) Sequential Data - In many application domains the data streams in. ML methods
must be capable of learning from sequential data and new distributions. (2) X-shot - Data often has a different
number of examples for each class (few for some and many for others). Current evaluations assume prior
knowledge of which data regime (few-shot, many-shot, etc.) new classes will be from, but often this cannot be
known in advance. (3) Flexible Training Phases — Practical scenarios rarely delineate when and how a system
should train. ML systems should be capable of making decisions such as when to train based on incoming
data, which data to train with, and whether to update all parameters or just the classifier. (4) Compute Aware —
Real-world systems often have computational constraints not only for inference but also for training. ML
systems should account for the total compute used throughout their lifetime. (5) Open-world - As new data
is encountered the set of known classes may change over time. Learning in practical settings often entails

recognizing known classes while detecting when data comes from new classes.

With these elements in consideration we introduce FLUID (flexible sequential data), a unified evaluation
framework. FLUID integrates the objectives of few-shot, continual, transfer, and representation learning into
a simple and realizable formulation along with a benchmarkable implementation. In FLUID, a learner is
deployed on a stream of data from an unknown distribution and must classify incoming samples one at a time

while deciding when and how to update based on newly received data.

We conduct extensive experiments with FLUID on a broad set of methods across subfields. The experi-
mental results quantitatively demonstrate the current limitations and capabilities of various ML approaches.

For example, we find that current few-shot methods do not scale well to more classes and a varying number
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of examples. Similarly, we observe that catastrophic forgetting is a significant challenge in the FLUID setting
which is not solved by existing continual learning approaches. Finally, we briefly investigate the unexplored
problem of update strategies for deciding when and how to train efficient on incoming data. The framework,
data and models will be open-sourced.

We make the following contributions:

1. We propose a new evaluation framework, FLUID, which unifies the objectives of few-shot, continual,
transfer, and self-supervised learning into a simple benchmark that enables comparison and integration of

methods across related subfields and presents new research challenges.

2. We present empirical findings from experiments with FLUID which demonstrate the utility of more general
evaluations. Specifically, we find that existing few-shot methods do not scale well to the FLUID setting
which has more classes and varying number of examples per class. Larger networks perform better for
few-shot classes, contrary to prevailing thought in few-shot works which train light-weight models to
avoid overfitting [222, 55, , ]. We find this discrepancy to be caused by meta-training decreasing
performance for larger networks whereas supervised pretraining does not. We observe in the FLUID
setting that freezing network parameters prevents catastrophic forgetting and learns novel classes better

than existing continual learning methods and suggests significant room for improvement.

3. We introduce two baselines, Exemplar Tuning & Minimum Distance Thresholding, which outperform

evaluated methods in FLUID while matching performance in supervised and few-shot settings.

6.3 Related Work

We discuss the key aspects of FLUID in the context of other works and evaluations. We compare existing
frameworks in Table 6.1.

Sequential Data and Continual Learning New data is an inevitable consequence of our dynamic
world and learning over time is a long-standing challenge [236]. In recent years, continual learning (CL) has
made notable progress on the problem of learning in a sequential fashion [127, , ,4,5, ]. Several
setups have been proposed in order to evaluate systems’ abilities to learn continuously and primarily focus on

catastrophic forgetting, a phenomenon where models drastically lose accuracy on old tasks when trained
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on new tasks. The typical CL setup sequentially presents data from each task then evaluates on current and
previous tasks [127, , ]. Recent variants have proposed a task-free setting where the data distribution

changes without the model’s knowledge [71, , 73, , ].

Recently several works have empirically investigated the disconnect between existing continual learning
evaluations and real-world applications [177, 86, 1]. Such works show that implicit details in the experimental
setups can lead to significantly different methods and empirical conclusions. For example, [177] show that not
accounting for compute allows for an unrealistic method which retrains from scratch to drastically outperform
sophisticated CL. methods. In FLUID, we aim to address unrealistic assumptions and carefully consider each

detail of the experimental design.

There are two assumptions in existing CL evaluations which we remove in FLUID. The first assumption
is that data will be received in large batches with ample data for every class in the task. This circumvents a
fundamental challenge of sequential data which is learning new classes from only a few examples. Consider
the common scenario in which a learner encounters an instance from a novel class. The system must determine
that it belongs to a new class with no previous examples (zero-shot learning and out-of-distribution detection).
The next time an instance from the category appears, the system must be capable of one-shot learning, and so
forth. In other words, few-shot learning is an emergent requirement of learning from sequential data. The
second assumption is that the training and testing phases will be delineated to the system. Deciding when to

train and which data to train on is an intrinsic challenge of learning continuously.

Some CL evaluations include a memory cache to store images, typically between 0 - 1000 examples from
previous tasks. We argue that setting a specific memory constraint, particularly this small, is too constraining.
Methods should account for memory, but the FLUID framework does not explicitly restrict memory during
streaming. Note that all methods use memory caching during the sequential phase except for the Nearest

Class Mean (NCM) baseline.

Data stream classification [62, , , 16] has worked on the problem of learning from sequential data.
This line of work primarily focuses on traditional classification and not image recognition. At a high level
FLUID has similar goals as data stream classification. FLUID differs in its implementation while integrating

the preexisting fields of few-shot, transfer, representation, and continual learning.

Most closely related to FLUID is the OSAKA benchmark [25]. Caccia et al. [25] propose a more
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Table 6.1: We categorize existing evaluations frameworks aimed at learning in practical settings. v:
presence; X: absence & —: not applicable.

. Variable Compute Memory Flexible Distribution Non-
FrameworkProperty Open-world "~ Sequential Batch-size Few-shot - Many-shot Aware  Constrained Training Shift Stationary
Representation Learning X X - X v - - - v -
Transfer Learning X X - X v - - - v -
Task-based Continual Learning X v X X v - v X v 4
Task-free Continual Learning X 4 X X 4 - 4 X 4 v
Few-shot Learning X X - v X - - - v -
Generalized Few-shot Learning X X - v v - - v -
Streaming Perception X 4 - - - - - X X
Open Long-Tailed Recognition v X - v v - - X X
Data Stream Classification - v v - v - v -
Test Time Training X v v - - - - X v X
OSAKA 4 v v v v - - v v v
FLUID (Ours) v v v v v v - v v X

general scenario which unifies meta-learning, meta-continual learning, and continual-meta learning and
addresses limitations of the previous evaluations. FLUID builds upon this direction of research with a few key
differences. First, FLUID accounts for compute consumed throughout training, which is important metric to
consider when flexible training phases are allowed. Second, FLUID samples from a long-tail distribution and
evaluates accuracy with respect to class frequency (head and tail class accuracy). This allows us to study the
trade-off between meta-learning methods which excel in the few-shot regime and methods which are better
with large-scale data. Last, we conduct the experiments at the ImageNet scale. We find that the larger-scale
setting leads to new empirical findings such as meta-training not scaling to larger networks and more data.

One key distinction that OSAKA and other CL frameworks incorporate that is not included in FLUID
is a non-stationary distribution. In general, FLUID differs from traditional continual learning formulations
[244, 37] in that the goal is to perform well on the deployment distribution, rather than current and previously
seen distributions. In FLUID the system adapts to one unknown distribution shift, whereas traditional CL
frameworks change distributions over multiple episodes.

Few-shot and X-shot Learning Learning from few examples for some classes is an inherent aspect of
the real-world. Learning from large, uniform datasets [201, ] has been the primary focus of supervised
learning while few-shot learning has gained traction as a subfield [187, 70, , ].

While few-shot learning is a step towards more generally applicable ML methods, the framework has
assumptions that are unlikely to hold in practical settings. The experimental setup for few-shot is typically the
n-shot k-way evaluation. Models are trained on base classes during meta-training and then tested on novel

classes during meta-testing. The n-shot k-way experimental setup is limited in two respects. n-shot k-way
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assumes that a model will always be given exactly n examples for k classes at test time which is unrealistic.
Second, most works only evaluate 5-way scenarios with 1, 5, and 10 shots. Realistic settings often have a mix
of classes from both the high and low data regime. Recently, more general variants of the few-shot benchmark

have been proposed which introduce variable shot numbers and greater domain difference between datasets

[28, 239, 46].

FLUID naturally integrates the few-shot problem into its framework by sequentially presenting data
from a long tail distribution and evaluates systems across a spectrum of shots and ways. Our experimental
results on canonical few-shot methods indicate that methods are overly tuned to the specific conditions of the

few-shot evaluation which indicates the need for more general experimental frameworks such as FLUID.

Flexible Training Phases Current experimental setups dictate when models will be trained and tested.
Ideally, an ML system should decide when to train itself, what data to train on, and what to optimize for [33].
By removing the assumption that training and testing phases are fixed and known in advance, FLUID provides

a benchmark for tackling the unexplored challenge of learning when to train.

Compute Aware ML systems capable of adapting to their environment over time must account for
the computational costs of their learning strategies as well as of inference. Prabhu et al. [177] showed
that current CL frameworks do not measure total compute and therefore a naive, but compute-hungry
strategy can drastically outperform state of the art methods. Previous works have focused on efficient
inference [ 186, 83, , , , , ] and some on training costs [50]. In FLUID we measure the total

compute for both learning and inference over the sequence.

Open-world Practical scenarios entail inferring in an open world - where the classes and number
of classes are unknown to the learner. Few-shot, continual, and traditional supervised learning setups
assume that test samples can only come from known classes. Previous works explored static open-world
recognition [136, 13, , , ] and the related problem of out-of-distribution detection [78, , ].
FLUID is a natural integration of sequential and open-world learning where the learner must identify new

classes and update its known class set throughout the stream.
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6.4 FLuUID Evaluation Details

FLUID evaluation is designed to be simple and general while integrating the key aspects outlined in section

6.3.
Formulation Let learning system S be composed of a model, fs : x — Yy, and update strategy,
T T
U: fox U (e, yt) — for, where | (2, y¢) is the training data collected up to time 7". Model, fy, may be
t=1 t=1

initialized using pretraining data D = {x;, y; }1" ;.

At each new time step, ¢ + 1, the model is given a sample, x;, and provides a class label, fp(x¢11) €
{1...K + 1}, for K known classes. In other words, the sample may belong to one of K previously seen
classes, or a new class. The model output is evaluated with respect to the true label, 1{ fp(z1+1) = Y41},
and (441, y¢+1) is added to the training set. If 3,1 is from a new class, the set of known classes is updated
accordingly. Next the model, fy, may be updated according to U using all previously observed data. This
process is repeated for some total number of time steps.

Systems are evaluated on a suite of metrics including the overall and mean class accuracy throughout the
stream along with the total compute required for updates and inference.

Data In this paper, we evaluate methods with FLUID using a subset of ImageNet-22K [43]. Traditionally,
few-shot learning used datasets like Omniglot [120] & Minilmagenet [249] and continual learning focused on
MNIST [123] & CIFAR [115]. Some recent continual learning works have used Split-ImageNet [260]. The

aforementioned datasets are mostly small-scale and have very few classes. We evaluate on the ImageNet-22K

Table 6.2: The evaluation metrics used in the FLUID framework to capture the
performance and capabilities of various algorithms.

Metric Description

Overall Accuracy Accuracy over the sequence.

Mean Per-Class
Accuracy

Accuracy averaged over all classes in the sequence.

Total Compute MAC operations for all compute over the sequence.

Unseen Class

. AUROC for the detection of OOD samples.
Detection

Classes in the sequence belong fall into 4 subcategories:
1) Pretraining-Head: > 50 samples & in pretraining.

2) Pretraining-Tail: < 50 samples & in pretraining.

3) Novel-Head: > 50 samples & not in pretraining.

4) Novel-Tail: < 50 samples & not in pretraining.

Cross-Sectional
Accuracies
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dataset to present new challenges to existing models. Recently, the INaturalist [246, ] and LVIS [68]
datasets have advocated for heavy-tailed distributions. We follow suit and draw our sequences from a
heavy-tailed distribution.

The dataset consists of a pretraining dataset and 5 different sequences of images for streaming (3 test
and 2 validation sequences). For pretraining we use the standard ImageNet-1K [201]. This allows us to
leverage existing models built by the community as pre-trained checkpoints. Sequence images come from
ImageNet-22K after removing ImageNet-1K’s images. Each test sequence contains images from 1000
different classes, 750 of which do not appear in ImageNet-1K. We refer to the overlapping 250 classes as
Pretrain classes and the remaining 750 as Novel classes. Each sequence is constructed by randomly sampling
images from a heavy-tailed distribution of these 1000 classes. Each sequence contains ~ 90000 samples,
where head classes contain > 50 and tail classes contain < 50 samples. The sequence allows us to study how
methods perform on combinations of pretrain vs novel, and head vs tail classes. Pretraining Supervised
pretraining [75] on large annotated datasets like ImageNet facilitates the transfer of learnt representations to
help data-scarce downstream tasks. Unsupervised learning methods like autoencoders [240] and more recent
self-supervised methods [95, , 63] like Momentum Contrast (MoCo) [77] and SimCLR [31] have begun
to produce representations as rich as that of supervised learning and achieve similar accuracy on various
downstream tasks.

Before the sequential phase, we pretrain our model on ImageNet-1K. In our experiments, we compare
how different pretraining strategies (contrastive learning, meta-training, & supervised training) perform under
more adverse conditions. We find new insights such as contrastive representations perform significantly
worse on few-shot classes compared to their supervised counterparts in the FLUID evaluation.

Evaluation metrics Table 6.2 defines the evaluation metrics in FLUID to gauge the performance of the

algorithms.

6.5 Baselines and Methods

In this section, we summarize the baselines, other methods, and our proposed baselines, Exemplar Tuning and
MDT.

Standard Training and Fine-Tuning We evaluate standard model training (update all parameters in the
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network) and fine-tuning (update only the final linear classifier) with offline batch training.

Nearest Class Mean (NCM) Recently, multiple works [237, ] have found that Nearest Class Mean
(NCM) is comparable to state-of-the-art few-shot methods [229, ]. NCM in the context of deep learning
performs a 1-nearest neighbor search in feature space with the centroid of each class as a neighbor. We
pretrain a neural network with a linear classifier using softmax cross-entropy loss, then freeze the parameters

to obtain features.

Few-shot Methods We evaluate the following methods: MAML [55], Prototypical Networks (PTN) [222],
Weight Imprinting [181], ProtoMAML [239], SimpleCNAPS [10], New Meta-Baseline [32] and Constella-

tionNet [273].

PTN trains a deep feature embedding using 1-nearest neighbor with class centroids and soft nearest

neighbor loss. Parameters are trained with meta-training and backprop.

MAML is a gradient-based approach which uses second-order optimization to learn parameters that can

be quickly adapted to a given task.

Weight Imprinting initializes the weights of a cosine classifier as the class centroids, then fine-tunes with
a learnable temperature. Meta-Baseline is same in implementation as NCM except a phase of meta-training

is done after standard batch training.

Continual Learning (CL) Methods We evaluate Learning without Forgetting (LwF) [127], Elastic
Weight Consolidation (EWC) [107], Dark Experience Replay(DER) [23], & Experience Replay with Asym-
metric Cross-Entropy (ER-ACE) [24] to observe whether continual learning techniques improve performance

in FLUID.

LwF leverages knowledge distillation [21] to retain accuracy on previous training data without storing it.
EWC enables CL in a supervised learning context by penalizing the total distance moved by the parameters
from the optimal model of previous tasks weighted by the corresponding Fisher information. Unlike LwF,
EWC requires stored data, typically the validation set, from the previous tasks. In FLUID, we use LwF and
EWC to retain performance on pretrain classes. For the continual learning methods we train all network

parameters according to standard training procedures.

Out-of-Distribution (OOD) Methods We evaluate two methods proposed by Hendrycks & Gimpel [ 78]

(HG) and OLTR [136] along with our proposed OOD baseline. The HG baseline thresholds the maximum
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probability output of the softmax classifier to determine whether a sample is OOD.

We propose the baseline, Minimum Distance Thresholding (MDT), which utilizes the minimum
distance from the sample to all class representations, ¢;. In the case of NCM the class representation is the
class mean and for a linear layer it is the i¢th column vector. For distance function d and a threshold 7, a
sample is out of distribution if: I (min;d (¢;,x) < t). MDT with a Nearest Class Mean classifier can be
derived from a Dirichlet process mixture model [82], where a sample is considered to be out of distribution if
it is assigned to a new cluster. The concentration parameter for the Chinese Restaurant process can be related

to the out of distribution threshold 7 as:

(6]
T =20 log (M)

p is the covariance scaling of the gaussian prior over the cluster means, p ~ N (0, pI) and o is the scaling
for the isotropic covariance of each gaussian cluster, N (g, 01). Similar to the DP-Means derivation, as o
goes to 0, the probability of a sample x being assigned to a new cluster goes to 1 when the distance of x to the

closest cluster exceeds 7.

Other metric learning techniques have proposed using distance to detect out of distribution examples [ 124,
]. MDT primarily differs from these works in that it can be used with a standard classification network

and can be performed in a single forward pass with negligible extra compute.

Exemplar Tuning (ET) We present a new baseline that leverages the inductive biases of instance-based
methods and parametric deep learning. The traditional classification layer is effective when given a large
number of examples but performs poorly when only a few examples are present. On the other hand, NCM
and other few-shot methods are accurate in the low data regime but do not significantly improve when more
data is added. Exemplar Tuning (ET) synthesizes these methods in order to initialize class representations
accurately when learning new classes and to have the capacity to improve when presented with more data.

We formulate each class representation (classifier), C;, and class probability as the following:

:0) eCif(;0)

N SO e
CZ - n Z ”f($,9)” + ry; p(y - Z’.T) - Zi;,éj eCj'f(95§9) (6.1)
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where f(x;0) is a parametrized neural network, r; is a learnable residual, n is the number of class examples,
and D; are all examples in class i. C; is analogous to the i-th column vector in a linear classification layer.

The class centroid (the first term of C; in Eq 6.1) provides an accurate initialization from which the
residual term r; can continue to learn. Thus ET is accurate for classes with few examples (where deep
parametric models are inaccurate) and continues to improve for classes with more examples (where few-shot
methods are lacking). In our experiments, the centroid is updated after each sample for minimal compute and
batch train the residual vector with cross-entropy loss according to the same schedule as fine-tuning.

We compare ET to initializing a cosine classifier with class centroids and fine-tuning (Weight Imprinting).
Exemplar Tuning outperforms Weight Imprinting and affords two significant advantages besides better
accuracy. 1) ET has two frequencies of updates (fast instance-based and slow gradient-based) which
allows the method to quickly adapt to distribution shifts while providing the capacity to improve over a
long time horizon. 2) ET automatically balances between few-shot & many-shot performance, unlike
Weight Imprinting which requires apriori knowledge of when to switch from centroid-based classification to

fine-tuning.

6.6 Experiments and Analysis

We evaluate an array of methods from few-shot, continual, self-supervised learning, and out-of-distribution
detection in the proposed FLUID framework. We present a broad set of empirical findings which validate the
need for more general evaluations such as FLUID and suggest future research directions. Table 6.3 displays a
comprehensive set of metrics for the set of methods (outlined in Sec 6.5). Throughout this section, we will

refer to rows of the table for specific analysis. For a summary of the main insights see Sec 6.6.7.

6.6.1 Few-shot Analysis

We evaluate three groups of methods to understand the effects of meta-training on generalization to novel
classes and to gauge the overall utility of current few-shot methods in FLUID. The first group consists of
methods which are purely meta-trained (Prototypical Networks and MAML). The second group consists
of methods that do not utilize meta-training (Weight Imprinting, NCM, and fine-tuning). Finally, we

evaluate methods which use both meta-training and standard batch training (ProtoMAML, SimpleCNAPS,
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Table 6.3: Performance of the suite of methods (outlined in Section 6.5). We present several accuracy
metrics - Overall, Mean-per-class as well as accuracy bucketed into 4 categories: Novel-Head, Novel-Tail,
Pretrain-Head and Pretrain-Tail (Pretrain refers to classes present in the ImageNet-1K dataset).

Method Pretrain Novel - Pretrain - Novel - Pretrain - Mean Overall GMACs|
Strategy Head (>50) Head (>50) | Tail (<50) Tail (<50) | Per-Class (x10%)
Backbone - Conv-4
2| @ Prototypical Networks Meta 11.63 22.03 6.90 13.26 11.13 15.98 0.06
=~ | (b) MAML Meta 2.86 2.02 0.15 0.10 1.10 3.64 2.20
Backbone - ResNet18

(c) Prototypical Networks Meta 8.64 16.98 6.79 12.74 9.50 11.14 0.15
(d) ConstellationNet Sup+Meta. 39.26 65.35 26.28 5291 40.21 46.13 0.16

2 | (e) Meta-Baseline Sup.+Meta 40.47 67.03 27.53 53.87 40.23 47.62 0.16/5.73

B | (f) ProtoMAML Sup.+Meta 41.68 69.48 28.91 54.16 42.94 49.25 5.73
(g) SimpleCNAPS Sup.+Meta 41.59 68.79 25.79 52.16 41.82 48.23 0.16
(h) Weight Imprinting Sup. 40.32 67.46 15.35 34.18 32.69 48.51 0.16/5.73
(i) OLTR Sup. 40.83 40.00 17.27 13.85 27.77 45.06 0.16/6.39
(j) LwF Sup. 30.07 67.50 7.23 56.96 31.02 48.76 | 22.58/45.16

- | (k) EWC Sup. 39.03 70.84 16.59 47.18 34.89 50.39 12.29

© (1) DER Sup. 35.34 74.41 10.64 52.05 32.30 49.07 11.29
(m) ER-ACE Sup. 33.13 69.61 16.59 49.00 31.34 44.50 12.29

% | (n) Fine-tune Sup. 43.41 77.29 23.56 58.77 41.54 53.80 0.16/5.73

% (o) Standard Training Sup. 38.51 68.14 16.90 43.25 33.99 49.46 11.29

Z | (p) NCM Sup. 42.35 72.69 31.72 56.17 43.44 50.62 0.15

M (q) Exemplar Tuning (Ours) Sup. 48.85 75.70 27.93 45.73 43.61 58.16 0.16/5.73
(r) Weight Imprinting MoCo 16.77 26.98 6.19 8.69 12.60 22.90 0.16/5.73

. (s) OLTR MoCo 34.60 33.74 13.38 9.38 22.68 39.92 0.16/6.39

2 (t) Fine-tune MoCo 14.49 27.59 0.10 4.96 8.91 26.86 0.16/5.73

S | (u) Standard Training MoCo 26.63 45.02 9.63 20.54 21.12 35.60 11.29
(v) NCM MoCo 19.24 31.12 14.40 21.95 18.99 22.90 0.15
(w) Exemplar Tuning (Ours) MoCo 31.50 46.21 12.90 21.10 24.36 39.61 0.16/5.73

ConstellationNet, Meta-Baseline).

We observe the methods that purely meta-train (PTN and MAML) do not perform well in the large-scale
FLUID setting with over 30% lower overall accuracy than the NCM baseline (Table 6.3 and Figure 6.2-
a). One might argue that PTN and MAML could simply scale to the larger setting by increasing model
capacity. However, few-shot works indicate that training with deeper and overparameterized networks
decrease performance [229, , , 55]. We verify this observation, noting that the 4-layer convnet PTN

(Table 6.3-a) outperforms the ResNet18 PTN in overall and novel class accuracy.

The prevailing thought in few-shot literature has been that smaller networks overfit less to base classes,
and therefore methods use shallow networks or develop techniques to constrain deeper ones. We find evidence

to the contrary, that deeper networks generalize better to novel classes when using standard batch sampling
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Figure 6.2: (a) Compares the accuracy of various methods over the stream of data. (b) Compares the
accuracy of NCM on novel classes across network architectures. Contrary to prevailing thought, we find that
deeper networks generalize better to novel few-shot classes.

(see Figure 6.2-b). Given that NCM and PTN differ only in the use of meta-training, the experiments indicate
that meta-training is responsible for the lower performance of deeper networks. This evidence is further
reinforced by the fact that Meta-Baseline performs worse than NCM with the inclusion of meta-training

(Table 6.3-e,p).

For the more recent few-shot methods (ProtoMAML, Meta-Baseline, ConstellationNet) that utilize a
combination of meta-training and mini-batch training we observe significantly better results compared to
purely meta-trained methods. However, we find that these recent few-shot methods are outperformed by the
NCM baseline for novel, pretrain, tail and head classes (Table 6.3) indicating that meta-training in its current

form reduces performance in settings with varying number of examples.

Typically meta-training is performed with a fixed number of classes (way) and number of examples (shot).
In FLUID the number of examples and classes are changing, therefore standard meta-training may not be
suitable to match the test conditions. We conduct experiments to observe whether changing the meta-training
procedure to better reflect the test conditions improves performance of the model. We ablate over the way
and shot number as well as randomly sample the shot and way throughout training. We find that changing the
shot hyper-parameter changes which part of the distribution the model performs well on (tail and head), but

the overall accuracy does not significantly improve.
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6.6.2 Continual Learning Analysis

We evaluate Learning without Forgetting (LwF), Elastic Weight Consolidation (EWC), Dark Experience
Replay (DER), and Experience Replay with Asymmetric Cross Entropy (ER-ACE). For analysis, we compare
to the baselines NCM, standard training, and fine-tuning. LwF and EWC are prominent CL methods while
DER and ER-ACE are recent methods with state-of-the-art performance.

We find that catastrophic forgetting of the pretrain parameters is a significant challenge in the FLUID
evaluation. Standard training of the parameters on the sequential data degrades not only the accuracy for
pretrain classes, but also for novel classes compared to CL. methods and freezing network parameters (table
3). We hypothesize that large-scale pretraining provides better features even for novel classes compared to
training on the smaller sequential data set. A similar observation was made by [72] in a CL setting. Further
evidence for this can be found in the update strategies section where we observe that standard training on
sequential data for too many epochs reduces overall accuracy (Section 6.6.6 - Figure 6.3).

Our experiments show that freezing the feature extractor (NCM and fine-tuning) is more effective in
preventing catastrophic forgetting than existing CL methods. Specifically, NCM obtains ~ 8% (Table 6.3
Jj-m) higher mean-per-class accuracy compared to existing CL. methods and fine-tuning obtains ~ 4% higher
overall accuracy. This result indicates that there is significant room for progress in reducing forgetting in the
FLUID setting and motivates the need for new evaluations which more closely model the challenges faced
by real-world ML systems. For scenarios in which the pretraining data is radically different from the target
distribution the above conclusion may not hold, such as for permuted MNIST.

The notable differences between FLUID and standard CL formulations are the inclusion of pretraining,
flexible training, one distribution shift rather than multiple, and measuring performance only on the deploy-
ment distribution. We contend pretraining is a reasonable inclusion as real-world vision systems have access
to large datasets such as ImageNet, though some scenarios, especially those outside the domain of computer

vision, may not afford pretraining.

6.6.3 Exemplar Tuning

We find that E'T (Table 6.3-w) has significantly higher overall and mean-class accuracy than other evaluated

methods and uses similar compute as fine-tuning. Figure 6.2-a shows how ET quickly adapts to new classes
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Figure 6.3: (a) Accuracy of standard training with MoCo & supervised pretraining. Unexpectedly, MoCo
accuracy falls during the initial streaming phase. (b) ROC curves for unseen class detection. MDT
outperforms all OOD baselines evaluated in FLUID. (c¢) Standard training accuracy curve for a range of
training frequencies & epochs showing that over training can lead to lower accuracy. MACs o total gradient
updates.

and continues to learn in the standard data regime (high accuracy at the start and end of the stream). Finally,
we show that ET outperforms simple NCM + fine-tuning (Weight Imprinting) by ~10%, in addition to the

practical advantages outlined in section 6.5.

6.6.4 Novel Class Detection and MDT

We measure AUROC for detecting new classes throughout the sequence and present in Figure 6.3-b. HG
baseline + ET, OLTR, and MDT + ET achieve 0.84, 0.78 and 0.92 AUROC scores respectively. The
performance of Minimum Distance Thresholding (MDT) indicates that standard recognition networks are

well suited for detecting out-of-distribution classes and can be done simultaneously with classification.

6.6.5 Representation Learning Analysis

We observe unexpected behavior from contrastive MoCo [77] and VINCE [63] representations in the
FLUID setting. For fine-tuning the classifier of a MoCo representation, we find that accuracy is less than
1% and 4.96% on novel and pretrain tail classes respectively (Table 6.3-t). In comparison the supervised
counterpart (Table 6.3-n) obtains 23.56% and 58.77% accuracy respectively. We conclude that this difficulty
is due to learning the linear classifier because NCM with MoCo (Table 6.3-v) does not exhibit the same
drop in performance. Figure 6.3-a shows other unexpected behavior in which MoCo accuracy drastically

decreases initially when standard training, then begins improving after 10K samples. This behavior is not
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observed for supervised pretraining and occurs for a range of learning rates. We argue that this is related to
learning a mixture of pretrain and novel classes which is the primary difference between FLUID and previous
downstream tasks. The significantly lower accuracy of MoCo representations on novel-tail classes while
fine-tuning (Table 6.3-t) further reinforces this hypothesis. These observations and insights are also observed
for VINCE [63], a similar contrastive method. These results validate the utility of an evaluation such as

FLUID which assess the capabilities of methods more generally.

6.6.6 Update Strategies

We investigate trade-offs between compute cost and accuracy of simple update strategies and leave the
challenges of learning adaptive update strategies in FLUID as future work.

For update strategies, we ablate over the frequencies and number of training epochs per update (Figure 6.3-
¢) and measure the trade-off in accuracy and total compute cost. We conduct these experiments for fine-tuning
and for standard training (Figure 6.3-c) on ResNet18 model with supervised pretraining.

We observe that training for too many total epochs (training frequency x epochs) with standard training
(Figure 6.3-c) decreases overall accuracy, though for fine-tuning accuracy asymptotically improves. We
hypothesize that the optimal amount of training balances the features learned from ImageNet-1K with those
from the smaller, imbalanced streaming data. This aligns with our continual learning experiments that
indicate large-scale pretrained features trained on more data outperform specialized features. These initial
experiments are intended to illustrate the new problems that FLUID presents for future research. The results
indicate that there is significant room for improvement in both efficiency and accuracy with new strategies for

training networks under streaming conditions which we leave for future work.

6.6.7 Summary of Insights

1. Representative few-shot methods do not scale well to FLUID with a varying number of examples per
class and more classes. Supporting Evidence: Prototypical Networks (PTN) and MAML perform 30%
worse in overall accuracy compared to baselines of fine-tuning and nearest class mean (NCM) (Table
6.3 a-b, n-p). Recent state-of-the-art methods ProtoMAML, SimpleCNAPS, and ConstellationNet are

outperformed by the baseline NCM for both novel and pretrain classes.
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2. The current formulation of meta-training inhibits few-shot methods from scaling to more data and larger
architectures in the FLUID setting. Supporting Evidence: PTN decreases in all accuracy metrics
when increasing architecture size from Conv-4 to ResNet18 (Table 6.3 a, ¢) while NCM increases in all
accuracy metrics with larger models (Fig 2b). PTN & NCM differ only in that PTN uses meta-training

while NCM uses standard batch training.

3. Catastrophic forgetting is a significant challenge in the FLUID setting which is not solved by existing
continual learning approaches and large-scale pretraining changes the types of methods which are
effective for preventing forgetting. Supporting Evidence: Freezing the network parameters (Fine-
tuning and NCM) obtains higher accuracy on novel and pretrain classes compared to all evaluated CL

methods (Table 6.3).

4. Contrastive self-supervised representations perform significantly worse on novel classes compared to
those of supervised when learning from a mix of novel and pretrain classes in FLUID. Supporting
Evidence: Fine-tuning from MoCo (Table 6.3) obtain 0.1% and 1.69% accuracy on novel tail classes.
Supervised fine-tuning obtains 23.56% on the same cross-section of data. This drastic gap between
supervised & MoCo representation is absent in the original work by He et al. [77] when fine-tuning to

COCO and other downstream tasks.

6.7 Limitations and Future Work

Throughout this paper, we studied various methods and settings in the context of supervised image clas-
sification, a highly explored problem in ML. While we do not make design decisions specific to image
classification, incorporating other mainstream tasks into FLUID is a potential next step. Also while the
FLUID framework is agnostic to any particular data set, our experiments and conclusions are anchored in
the computer vision domain. Across the experiments in this paper, we impose some assumptions about
the learning conditions, albeit only a few, on FLUID. For example, we currently assume that FLUID has
access to labels as the data streams in. One exciting future direction is to add the semi- or un-supervised
aspects to FLUID. Relaxing these remaining assumptions to bring FLUID closer to real world conditions is an

interesting future direction.
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6.8 Conclusions

We introduce FLUID, a unified evaluation framework designed to facilitate research towards more general
methods capable of handling the challenges of learning in deployment settings. FLUID enables comparison
and integration of solutions across few-shot, transfer, continual and representation learning, & out-of-
distribution detection while introducing new research challenges like how and when to update model
parameters based on incoming data. Through our experiments with FLUID on a wide-range of methods
we show the limitations and merits of existing solutions. For example, few-shot methods do not scale well
to settings with more classes and varying number of examples and freezing network parameters prevents
catastrophic forgetting better than representative continual learning methods when in the FLUID setting. As
a starting point for solving the new challenges, we present two baselines, Exemplar Tuning & Minimum

Distance Thresholding, which outperform existing methods on FLUID.
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