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Abstract

Deep neural networks perform well on classifi-
cation tasks where data streams are i.i.d. and la-
beled data is abundant. Challenges emerge with
non-stationary training data streams such as con-
tinual learning. One powerful approach that has
addressed this challenge involves pre-training of
large encoders on volumes of readily available
data, followed by task-specific tuning. Given
a new task, however, updating the weights of
these encoders is challenging as a large number
of weights needs to be fine-tuned, and as a re-
sult, they forget information about the previous
tasks. In the present work, we propose a model
architecture to address this issue, building upon
a discrete bottleneck containing pairs of separate
and learnable key-value codes. Our paradigm will
be to encode; process the representation via a
discrete bottleneck; and decode. Here, the input
is fed to the pre-trained encoder, the output of
the encoder is used to select the nearest keys, and
the corresponding values are fed to the decoder
to solve the current task. The model can only
fetch and re-use a sparse number of these key-
value pairs during inference, enabling localized
and context-dependent model updates. We the-
oretically investigate the ability of the discrete
key-value bottleneck to minimize the effect of
learning under distribution shifts and show that
it reduces the complexity of the hypothesis class.
We empirically verify the proposed method under
challenging class-incremental learning scenarios
and show that the proposed model — without any
task boundaries — reduces catastrophic forget-
ting across a wide variety of pre-trained models,
outperforming relevant baselines on this task.
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1. Introduction

Current neural networks achieve state-of-the-art results
across a range of challenging problem domains. Most of
these advances are limited to learning scenarios where the
training data is sampled i.i.d. from some assumed joint dis-
tribution P(X,Y) = P(Y|X)P(X) in the supervised case.
In reality, learning scenarios are often far from i.i.d. and ex-
hibit various distribution shifts; for instance during continual
learning, when the training distribution changes over time.

Despite all successes, the training of deep neural networks
on non-stationary training data streams remains challenging.
For instance, training neural networks without additional
modifications on some small dataset or input distribution
may quickly lead to over-fitting and catastrophic forgetting
of previous knowledge (Chen & Liu, 2018; Thrun, 1995;
Van de Ven & Tolias, 2019). One paradigm that has dom-
inated in recent work is the use of models pre-trained on
large amounts of data e.g. in a self-supervised manner (Chen
et al., 2020; Azizi et al., 2021; Caron et al., 2021; Brown
et al., 2020). These models are then re-purposed for smaller
datasets via either (a) fine-tuning, which may involve chang-
ing large numbers of parameters, or (b) introducing a small
number of new parameters to adapt the model (Houlsby
et al., 2019; Zhou et al., 2022b; Wang et al., 2022).

Building upon this pre-training paradigm, we introduce
an approach (see Figure 1 for an overview of the model
architecture) to distil information into a discrete set of code
pairs, each consisting of a coupled key and value code. In
a nutshell, we follow a three-step process: encode, process
via a discrete bottleneck, and decode.

In the first step, an input is fed to the encoder to obtain a
continuous-valued representation that is projected into C'
lower-dimensional heads. In the second step, these heads are
used to search for the closest key within head-specific key-
value codebooks, and corresponding continuously learnable
value codes taken from a discrete set are fetched. In the third
step, these value codes are passed through a downstream
decoder to produce the final output. By freezing all compo-
nents except for the value codes, the model can continue to
improve its performance locally on input-dependent value
codes without affecting the prediction and key-value pairs
of prior training samples.
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As we will show theoretically and empirically, this architec-
ture offers an appealing ability to improve generalization
under input distribution shifts (also called covariate shifts)
without common vulnerabilities to non-i.i.d. training distri-
butions. We will show that we can mitigate forgetting via
localization because only fetched value codes are being up-
dated. Theoretically (see Section 3), this is enabled via the
following two mechanisms: first, having these intermediate
discrete codes minimizes the nonstationarity of the input
distribution shift by keeping the joint features fixed; and
second, the discrete bottleneck will reduce the complexity
of the hypothesis class through its separate key-value codes.

The fundamental difference to prior work on discrete bot-
tlenecks (Van Den Oord et al., 2017; Razavi et al., 2019;
Liu et al., 2021) is the introduction of the discrete pairs with
two different codes, the first (key codes) being optimized
for the encoder and the second (value codes) being opti-
mized for the decoder. This means that the gradients from a
particular downstream task will not directly affect the key
codes, which induces a rather different learning behaviour
compared to standard neural networks.

Contributions: We introduce a model architecture designed
for learning under input distribution changes during train-
ing. We corroborate this theoretically by proving that under
input distribution shifts, the proposed model achieves an
architecture-dependent generalization bound that is better
than that of models without the discrete bottleneck. We
empirically verified the method under a challenging class-
incremental learning scenario on real-world data and show
that the proposed model — without any task boundaries
— reduces the common vulnerability to catastrophic forget-
ting across a wide variety of publicly available pre-trained
models and outperforms relevant baselines on this task.

2. Encode, Processing via Discrete Key-Value
Bottleneck, Decode

This section introduces the proposed model architecture. An
overview of the workings of the model is given in Figure 1.
Our goal is to learn a model f : X' — ) from training data
S = ((zi,yi))iL, that is robust to strong input distribution
changes. We consider a model that can be decomposed as

fx)=(d ov ok oz )(z) (1)

with 6 = (a,8,7,0). In the first step, the encoder
z : X — Z € R™Mz extracts a representation from the
high-dimensional observation x. We further project this rep-
resentation into C' lower-dimensional feature heads, each of
them being passed as the input into a separate head-specific
learnable key-value codebook. As the name suggests, a key-
value codebook is a bijection that maps each key vector to
its value (where the latter is learned). Within each codebook,
a quantization process k selects the closest key to its input

head (think of it as a “feature anchor”) from a head-specific
key-value codebook. Next, a corresponding value vector
is being fetched and returned (one per codebook), which
we denote via v . The returned values across all codebooks
finally serve as input to a decoder d for prediction. In the
following, each component is motivated in detail.

Step 1: Encoding. The encoder z projects the input x
into a lower-dimensional vector z € R™z, further down-
projected into C separate heads of dimension dyey using
C fixed Gaussian random projection matrices. For tasks
where we judge x to be sufficiently low-dimensional, we
skip encoding and partition = directly. For the purpose
of this work we take a broad spectrum of differently pre-
trained encoders (Caron et al., 2021; 2020; He et al., 2016;
Trockman & Kolter, 2022; Radford et al., 2021; Dosovitskiy
etal., 2020), and show that they are all capable of embedding
features that are relevant for the studied task.

Step 2: Processing via Discrete Key-Value Bottleneck.

Step 2.1: Quantization. A quantization process snaps
each head to the closest key from the corresponding head’s
codebook, based on the head’s content. Closeness is de-
fined by the L2 distance between the head and key vectors.

Step 2.2: Retrieval. For each head, a simple lookup in the
head-specific codebook is performed to retrieve the value
corresponding to the key selected in the previous step.

Overall, the bottleneck will retrieve a set of C' value codes.

Step 3: Decoding. Finally, we predict the target variable
from this set of fetched values using any suitable decoder
function d . For the purpose of our experiments on
classification, we can apply a simple non-parametric
decoder function which uses average pooling to calculate
the element-wise average of all the fetched value codes and
then applies a softmax function to the output.

Initializing the Model. During training, we first initialize
the key codes. The non-parametric 1-to-1 mapping between
key and value codes means no gradient back-propagates
from the values to the keys. Instead, they are solely deter-
mined from the encoding of the input observation, implying
that no supervised data is required to learn them. A simple
and effective way to initialize the keys is via exponential
moving average (EMA) updates as proposed for VQ-VAE
in (Van Den Oord et al., 2017) and used for VQ-VAE?2 in
(Razavi et al., 2019). This procedure allows us to obtain
keys that are broadly distributed in the feature space of the
encoder, without introducing additional parameters. We
refer to Appendices C and E.3 and Section 5.3 for more de-
tails on the implementation and robustness of this procedure.
Once initialized, the keys are frozen and thus not influenced
by the task on the target domain, implying that any given
input z is mapped to keys from a fixed set.
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Figure 1. Overview of discrete key-value bottleneck. First, a pre-trained encoder maps the high-dimensional input to a lower-dimensional
representation. Second, this representation is projected into C lower-dimensional heads. C = 2 is chosen for illustrative purposes. Each
head is processed as input by one out of C separate key-value codebooks: In the codebook, the head is discretized by snapping to the
closest key code, and the corresponding value code for that key is fetched. Third, the values from different key-value codebooks are
combined and fed as input to the decoder for the final prediction. Keys and values can be of different dimensions in the proposed model.

Training under Dataset Shifts. Assume we are now given
training data S = ((zi,vi))iL;, but the data generation
process might undergo various covariate shifts of P(X)
without knowing when they occur. A particularly challeng-
ing example of that would be the task of continual learning
class-incrementally without having task boundaries, where
the support of P(X) changes dramatically. Having the
encoder and decoder solely connected through the key-value
codes, we can now train the model on this data stream by
only updating the value codes under such an input distribu-
tion shift. Since we only locally update the actual retrieved
values under the input distribution changes, the values from
other data domains remain unchanged, thereby enabling
localized, context-dependent model updates. In this way, we
can integrate new data and thus gradually improve the mod-
els’ performance. Moreover, as we will show theoretically,
the proposed architecture benefits from the fact that the
decoder works with a discrete set of value codes, as opposed
to directly predicting from the encoder representation.

3. Theoretical Analysis

In this section, we theoretically investigate the behavior of
the proposed method. In contrast to standard models, the
proposed model is shown to have the ability to reduce the
generalization error of transfer learning under input dis-
tribution shifts via two mechanisms: (1) the discretization
with key-value pairs, mitigating the effect of the input distri-
bution shift, and (2) the discrete bottleneck with key-value
pairs, reducing the complexity of the hypothesis class.

To formally state this, we first introduce the notation. We
consider the distribution shift of = via an arbitrary function
(z,€) — g () with random vectors e. In the target do-
main, we are given a training dataset S = ((«j, yi))ju, of
n samples where j € X € R™< and yj € Y C R™
are the i-th input and the i-th target respectively. The
training loss per sample is defined by ¢(f (zi), yi), where
¢: R™ x Y — [0, M] is a bounded loss function. We
compare the proposed model against an arbitrary model
f : X = R™y without the key-value discretization with
a hypothesis class F > f Let fS (for the proposed
model) and f S (for an arbitrary model) be the correspond-
ing hypotheses learned through the training set S. Let
K={(k oz )(z): 2z € X} be the set of keys. By order-
ing elements of KC, we use Kj to denote i-th element of .
Let d be a distance function. We define [n] = {1,...,n},
Ck = {z € X : k = argminjp;; d((k 0z )(2),Ki)}
(the input region corresponding to the k-th key), and I,i’ =
{i € [n] : xi € Ck,yi = y} (the data indices corresponding
to the k-th key and the label ). We define {a = b} = 1 if
a=band {a=>b}=0ifa# b Wedenote by Dyjy, the
conditional distribution of the input x given a label y, and
by S = ((Zi, 7i)); the random variable having the same
distribution as .S.

The following theorem (proof in Appendix A) shows that
under input distribution shifts, a model with the proposed
architecture has the ability to reduce the generalization
error of the base model:
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Theorem 3.1. There exists a constant(independent of 4. Related Work

n;f; F; ; andS) such that for any > 0, with probability i .
atleastl , the following holds for anf 2 f f S;f"sg: The hallmark of machine learning is to be able to develop

models that can quickly adapt to new tasks once trained
. 1 . on suf ciently diverse tasks (Baxter, 2000; Thrun & Pratt,
Epey): [(F(9 (x)):y)] n. (F(xi):i) 2012). Multiple ways to transfer information from one task
=t to another exist: (1) transfer information via the transfer of
2In(2e=) + By (f)+ 1ff = s G the neural network weights (when trained on source tasks);
n g 9Fs: (2) reuse raw data as in retrieval-based methods (Borgeaud
where et al., 2022; Nakano et al., 2021; Lee et al., 2019; Lewis
1 X etal., 2020; Guu et al., 2020; Sun et al., 2021; Goyal et al.,
By ()= — 1l i Exp ., [(F(g()):y) 2022); or (3), via knowledge distillation (Hinton et al., 2015).
yik Each approach implies inevitable trade-offs: When directly
(F(X);yY)ix 2 CI; transferring neural network weights, previous information
= i q__ about the data may be lost in the ne-tuning process, while
and Gs = vk ZRy*ni("A) + C % Here, transfer viaraw data may be prohibitively expensive as there
with  independent uniform random variables can be hundreds of thousands of past experiences. At the
;i1 o taking values inf 1;1g, Ry ( F) = §afme time, wgr\]/vant mp(_jels}that can c%ntin(tjufally aC(_:umuIate
I Neuiy, e - information without training from scratch and forgetting pre-
II\E/IErS)L\J/ztArZ ﬁ‘x 2|:é:k ') (f/;;()z;?)yzl)g: wifh S((),bﬁbili;y o)r?é vious information (Chen & Liu, 2018; Thrun, 1995; David-
thenB (f’s) _ 0 ' son & Mozer, 2020). To prevent models from forgetting
9 : previous information, continual learning approaches make

Implications for Empirical Results: The rst benet  Use of replay-buffers to replay old information (Rebuf

ofghe use of key-value pairs appears in the training los§tal-, 2017; Li & Hoiem, 2017; Shin etal., 2017; Tang etal.,
% :1:1 “(f (xi);yi) in the right-hand side (RHS) of the 2022), regularization durmg optimization (Klrkpatrlck et all.,
generalization error bound in Theorem 3.1. Since the?017; Zenke etal., 2017), incrementally adding task-speci ¢
bound is independent of the complexity\of, we can set model components to increase capacity (Xiao et al., 2014),
the hypothesis class of the local valuesto be highly using parameter isolation-based approaches (Verma et al.,
expressive to reduce the training loss for each local regiog021; Gao etal., 2022; Serra etal., 2018; Ke et al., 2021), or
of the input space (in order to minimize the RHS of ther_neta—lear.nlngfast—adaptlng models to prompte quick adapta-
bound in Theorem 3.1). Indeed, Figure 2 demonstrates thidon (Harrison et al., 2020; He et al., 2020; Finn et al., 2019).
(although the main purpose is to show another bene t inT he proposed method can be mostly linked with parameter
terms of localization and forgetting). Moreover, the bene t iSolation-based approaches by isolating the key-value pair
of the proposed architecture is captured by two furthe,for d_ifferent tasks and classes_. This bears some similar-
mechanisms: The rst mechanism, the teBg (f) in ity ywth the theory of Sparsg D|str|buted. Me_mory (SDM),
Theorem 3.1 measures the effect of the input distributiorfvhich is a model of associative memory inspired by human
shiftg . Theorem 3.1 shows that if the key>xfs still the long-term memory and connections to neural circuits found

key ofg (x) (i.e.,x 2 Cc) g (X) 2 C) with probability ~ in various organisms (Kanerva, 1988; 1992). The key-value
one, then we can further reduce the erroBagf S) = 0 bottleneck method has some similarities with the concurrent

work by Bricken et al. (2023) which builds upon SDM ideas,
but there are several crucial differences. While this model
also writes and reads from a xed set of "neurons", the

pairs. The second mechanism is shown by the fact that Broposed method does not require the implementation and

model with the proposed architecture reduces the boung@'€ful tuning of additional neurobiology-inspired model
by making the last terff = f’\SngAs vanish, because conjp?nents, such as GABA'\‘ switch implementations” to
_ fSq= ¢S . , avoid "dead-neuron proble_ms . Furthermo.re, key-value .bot—
11 = =g = O forf_ =1>. Th|§ removed term Consists yjanacks bene t from handling high-dimensional embedding
of the complexity of its hypothesis claBs; ( F). Thus,  spaces through random down-projection matrices and mul-
the proposed model avoids the complexity cost as comparegje distributed codebooks, while maintaining theoretical
to other architectures. This is becauselibéleneckwith guarantees on catastrophic forgetting, thereby performing
key-value pairs prevents over- tting. Finally, the bene t petter on the presented task. The bene t of random down-
from random projections in terms of Theorem 3.1 is thatprojections is further supported by recent work exploring the
this projection can reduce the termif (f ) in additionto  effect of orthogonal projection-based methods as weight reg-

the exibility in reducing the training loss term when having jjarization to avoid forgetting (Zeng et al., 2019; Saha et al.,
multiple codebooks as further discussed in Appendix B.

while By (') > 0in general. This captures the mecha-
nism, which is the minimization of the effect of the input
distribution shifts via the discretization with key-value

4
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Figure 2. Incremental training on non-overlapping datadetsD 4D 4D 4 (dots) using (a) Linear Probe (LP), (b) 1-layer MLP

(MLP), (c) key-value bottleneck with C = 1 and ground truth feature heads, (d) key-value bottleneck with C = 20 and randomly projected
feature heads. Using a discrete bottleneck of 400 key-value pairs with xed key codes, and locally updated value codes, alleviates
catastrophic forgetting. Color domains indicate one out of the 8 possible classes predicted by the model.

2021). Other models such as Shen et al. (2021) and Pourcgiterpretation bears similarity to memory networks, such as
et al. (2022) focus on the online-learning setting withoutthose proposed by (Sukhbaatar et al., 2015; Chandar et al.,
being exposed to the same classes for thousands of epocB816; Webb et al., 2021; Lample et al., 2019; Panigrahy
Most approaches for continual learning require the proviet al., 2021), which also write and read information from a
sion of task boundaries, but the proposed model architectureet of symbol-like memory cells. However, key-value codes
using discrete key-value codes avoids this constraint. Thact as an information bottleneck, whereas memory networks
information is distilled into discrete key-value codes andcondition predictions on retrieved memory.

a sparse set of value codes are locally adapted when faced
with new tasks, which integrates information organically5
as discussed in Section 3 and has some parallels with local
learning ideas (Bottou & Vapnik, 1992). A central part of the The insight we aim to convey with the presented experiments
proposed method is the use of pre-trained models, a prereg-to validate that having a key-value bottleneck allows for
uisite that is also harnessed for continual learning tasks réscalized, context-dependent model updales are robust
cently (Banayeeanzade et al., 2021; Ostapenko et al., 20229.training under input distribution changes. We will show
The proposed method builds upon discrete representatiorthat this allows us teeduce catastrophic forgettingnte-

most notably the VQ-VAE (Van Den Oord et al., 2017; Liu grate new informationand therebynitigate vulnerabilities

et al., 2021) and various successor methods that have beanchallenging class-incremental learning settings. We rst
shown to improve robustness under data corruptions (Razaghowcase a simpli ed yet challenging class-incremental
etal., 2019; Liu et al., 2021; Zeghidour et al., 2021; Yu et al. Jearning setting to give readers an understanding of why
2022; Shin et al., 2021; Mama et al., 2021). While thesestandard approaches fail and how the proposed method suc-
works can similarly reduce the representation space andeeds. We then explore the method's bene ts under a chal-
enhance robustness, such bottlenecks have a single setlefging class-incremental learning scenario on CIFAR10
codes, which does not allow tuning them while keeping theand analyze the role of different components and design
feature-extracting backbone frozen. Finally, the key-valuechoices of a key-value bottleneck. The code for reproducing
pairs can be interpreted as a memory bottleneck from whiclall experiments can be found in the supplementary material.
the model can selectively retrieve stored information. This

Experiments



Discrete Key-Value Bottleneck

5.1. A Simple Learning Setting Motivating the Method We present each set for 2000 epochs, which in an ordinary
architecture would cause catastrophic forgetting of the pre-
. X . vious sets. We perform ve replications of each model with

classes, where the training data is not i.i.d. but changes ov ifferent random seeds, with the seed also re-sampling the

four stages (see Figure 2). In each stage, we sample 1 class splits to avoid selecting any favourable class split. Im-

examples of two classes for 1_000 training steps, using grady5'0rtantly, we study one of the hardest yet most realistic set-
ent descent to update the weights, then move on to two ne hgs in continual learning byot allowing any memory re-

classes for the next 1000 steps. The input features of ea ay or provision of task boundarieghich is required by the

class follow spatially separated normal distributions. Wevast majority of existing continual learning methods. To the

rst discuss the behaviour on this task using a vanilla Iinearbest of our knowledge, the only method that can deal with
probe or 1-layer MLP with 32 hidden dimensions trained bythis learning scenario ,is (Bricken et al., 2023). We report
minimizing the cross-entrapy along the iraining data Streamexperiments on ve publicly available ba;:kbones including:
As can be seen from the decision boundaries in Figure 2 (a,
b), these naive approaches — unsurprisingly — over-t on
the most recent training data. This behaviour is because the
MLP is optimizingall weights on the most recent training 2. \4T-B/32 pre-trained with CLIP

data, thereby overwriting prior predictions. This problem

can be easily alleviated tsparse, localipdates using a dis- 3. ResNet50w2 pre-trained with SWAV as SSL method
crete key-value bottleneck. Here we present two different . .

con gurations. In the rst con guration, we use 400 pairs of 4. ResNet50 pre-trained with DINO as SSL method
2-dim keys and 8-dim values without random projection and 5. ConvMixer pre-trained on 32x32 downsampled Ima-
we initialize these keys from random points in the domain genet. We select this backbone to directly compare

x 2 [0; 1F (not the target dataset). Inpgt will now snap against results reported in (Bricken et al., 2023).
to the closest key and fetch its corresponding value. After

keys are initializ_ed, they are frozen, aqd we train the mode{ye initialize keys on the unlabelled non-overlapping
on the non-stationary data stream using the same l0ss aqFAR100 dataset except for the ConvMixer where we used
optimizer as before but optimizing the values only. As canye embeddings from the downsampled Imagenet dataset
be seen from Figure 2 (c), the proposed bottleneck mech, yaasons of comparison. We test the wide applicability
anism will now solely update the input-dependent valu€ys key.-value bottlenecks across these different architectures
codes. This enables the model to incrementally update itgp, pre-training schemes, using 256 codebooks with
predictions on unseen input domains and minimize interferggg key-value pairs each, 1l4-dimensional keys and
ence. Finally, we can prune all key-value pairs that were| 5_gimensional values. We additionally report results for
never selected in order to remove any dormant key-valugye proposed bottleneck and a Linear Probe under an 11D
codes (rightmost column). In the above example, itis essefraining scheme (presenting all classes simultaneously),
tial to have two separate sets of codes compared 0 a Singliih the latter representing a fair oracle upper bound.
set of discrete codes. Finally, we also study a con gurationyhen learning class-incrementally, we compare against the
with 20 codebooks each with 20 key-value pairs and usgeported SDMLP performance on the ConvMixer backbone,
randomly initialized projection matrices. This con guration, 5¢ well as a 1-layer MLP with 128 hidden dimensions and

which uses multiple codebooks but the same total number of jinear probe with and without bias term for all backbones.
key-value pairs, works just as well as seen in Figure 2 (d).\we refer to Appendix D for further experiments.

We consider a 2D input feature classi cation problem for 8

1. ResNet50 pre-trained on ImageNet

5.2. Continual Learning on Real-World Data Results. We summarize our results in Figur_e 3. First, we
observe that the key-value bottleneck can indeed success-
Having established some rst intuition on the localized fully learn and integrate new information under such a dif -
model updates, we now attempt to present the strong leargult class-incremental distribution shift consistently (green
ing capabilities of the introduced bottleneck on a challengcurves). At the same time, the key-value bottleneck sub-
ing and realistic continual class-incremental learning task.stantially reduces the severe catastrophic forgetting over
Experimental Setup. We use a class-incremental CIFAR10 the standard adaptation approaches (red, brown and purple
task with pre-training on another dataset without any memcUrves)- In line with the theory, we obseraeross all en-
ory replay or provision of task boundaries, which is a veryc0der backbonethe appealing learning property that the
bottleneck yields the same performance at the end of train-

challenging task setting in continual learning. Here, ve dis-’ o F - ) L
joint sets with two classes each are incrementally presentel9 compared to the benign i.i.d. setting (blue lines). Within

for many epochs each and the goal is to learn new classdg€ class incremental setting only, we observe thatrtae

and not forget previous classes at the very end of the trainin§ €f0rmances almost identical, irrespective of the sam-
pled class split. This result suggests that the bottleneck can
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Figure 3. The key-value bottleneck architecture successfully learns and integrates new information in a challenging 5-split CIFAR10
class-incremental (Cl) learning setting. Our method (green line) reduces catastrophic forgetting and yields strong nal performance across
various pre-trained frozen backbone architectures including (a) ConvMixer; (b) ResNet50 ; (c) ViT B/32 with CLIP, (d) ResNet50w2 with
SwAYV;, (e) ResNet50 with DINO. At the end of the training, the proposed method outperforms the reported performance of the SDM
method using the same pre-trained ConvMixer. Standard probe tuning exhibits major forgetting in this scenario (red, brown, purple curve).

of in this challenging task setting without memory replay
or provision of task boundaries. The key-value bottleneck
method achieves a nal accuracy of 77.3% compared to
71% for the best nal accuracy with SDMLP. Additionally,
the learning curves with the bottleneck show smooth im-
provements in performance, whereas the baseline spikes
at the introduction of new tasks and exhibits pronounced
catastrophic forgetting. Furthermore, we observe consistent
results across all other four backbones. The best results are
achieved with a CLIP-encoder with 91.3% and the super-
vised pre-trained ResNet50 backbone with 81.5% nal per-
formance (Figure 3 b & ¢). We are similarly getting strong
Figure 4.We demonstrate that the proposed key-value bottlenecklass-incremental learning abilities for both SSL backbones,
method maintains a constant loss measure, directly translatinghich were pre-trained without any labels, achieving up
to improved generalization when training class incrementally, a3o 66.3% in the case of SWAV and 62.5% in the case of
opposed to standard approaches which can over- t. DINO (Figure 3 d & e). Finally, we believe these results are
further encouraging as they demonstrate that the key-value
bottleneck is able to achieve strong performance across a
successfully mitigate the typically very destructive effect ofwide variety of pre-trained backbones and learned feature
learning under non-stationary training data and might be paspaces, suggesting that it has the potential to scale to even
ticularly robust against training curricula that are otherwisemore performant models in the future. Finally, we show in
adversarial to stochastic gradient-based training. We caRigure 4 that a key-value bottleneck does not over- t like
partially explain this behaviour by the fact that we freeze theother standard approaches. A linear probe may perform
keys during training and use a simple momentum-free SGIbetter when trained on all classes at once in an i.i.d. setting;
optimizer. In this case, any value code will approximatively but when trained incrementally, it over- ts. However, the
receive the same gradients over the entire course of trainingey-value bottleneck maintains a constant loss measure over

We now take a look at the results of the ConvMixer back°th: 1-i-d- and class-incremental settings, which leads to bet-

bone in Figure 3 (a). This re ects the same setup as in th<I,\e"r %ve\:\;';illlhpen;ornmalmcie th t?\n trraltntl nrgmoir;]q_er\]/v clafnszs.lThls
SDMLP method, the only applicable method we are awaré"'9ns ouranalysis otthe rstte eorem .L.
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Figure 5.Assessing the role of individual model components starting from the base model architecture in Figure 3 b. Reducing the
dimensionality of keys has a positive effect (a); increasing the number of pairs and codebooks enhances generalization performance (b +
c); nally, key-value bottlenecks keys can be initialized from a different dataset without major drop in overall performance (d).

5.3. Ablation and Sensitivity Analysis of pairs. Furthermore, increasing the number of codebooks
Wi lvze the role of vari | t ot K also decreases the training loss term. However, it is im-
€ now analyze the role ot various relevant botleneck Comy, , 1o ¢ 1o note that increasing the number of codebooks

ponents to better. L'mderstarjd.lts !earnlng ablll'tles, as well b0 much can also increase the valuedf Theorem 3.1,
further opportunities and limitations. We point the reader

to Appendix E.3 for an in-depth analysis of the (key,value)although we have not yet observed that in our experiments.
codes learned by the models. In the following paragraphd<ey Initialization Dataset. Finally, we tested the

we focus on the ResNet50 backbone and analyze the gbbustness of the proposed method by initializing the
fect of changing one particular component while keepingkeys on different datasets, such as STL10 and Imagenet,
everything else xed. We present the results in Figure 5. in addition to CIFAR100 used in previous experiments
(Coates et al., 2011; Krizhevsky et al., 2009). We also
calculated the performance of an "oracle" key initialization
by using the unlabelled CIFAR10 dataset. While there is
a slight decrease in performance compared to the oracle,
YKe architecture is robust to different datasets, even if those
Cc%atasets differ in resolution and scenes.

Dimension of Key CodesFirst, we found that there is an
optimal number of dimensions for the keys, around 8 to 12

fold suf ciently. On the other hand, having keys with too
few dimensions means that the keys are scattered in a mu
smaller space which increases the chances of unintended = = ]

key sharing among different classes. 6. Limitations and Extensions

Number of Key-Value Pairs. The number of keys used Pre-trained Encoders.The key-value bottleneck method

in the bottleneck can greatly affect the performance of theelies on pre-trained encoders that can extract meaningful
model. We found that increasing the number of key-valudeatures shared between the pre-training and actual training
pairs leads to better performance, with only a small decreasdata. This is an important requirement that has been
in performance when using four times fewer pairs. Our analshown by prior works in transfer learning (Yosinski et al.,
ysis also suggests that the model performance will continu@014; Chen et al., 2020; Azizi et al., 2021). However,
to improve asymptotically, though we have not yet reachedas self-supervised pre-trained models from massive
that point. When using 256 or fewer key-value pairs, we nodatasets become more prevalent, a key-value bottleneck
ticed a separation between the performance of the model inan be used to connect these encoders to downstream
i.i.d. and class-incremental settings. This is likely becaus#¢asks and minimize forgetting under distribution changes.
when there are fewer pairs, more of them are shared amonfydditionally, the method relies on encoders that are able
multiple classes, and this allows for a more balanced updatt® separate distinct features locally, as supported by recent
of the gradients when training on mini-batches. research (Huang et al., 2019; Caron et al., 2021; Zhou et al.,
2022a; Tian et al., 2022). Fine-tuning the encoder directly
can distort these features and, therefore, negatively affect
out-of-distribution generalization (Kumar et al., 2022). The

Number of Codebooks.The number of codebooks is an-
other important factor that controls the capacity of the model
S”T“'ar to the number of key-value pairs. We observed t.hakey-value bottleneck reduces this issue as encoder features
using more codebooks leads to better performance, with 6 not in uenced by ne-tuning

slightly more pronounced effect compared to the number '
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A. Proof of Theorem 3.1

Proof. Letf 2 ffS;fSg. We de ne
( )
G= (xy)2X Y :y=yk=argmind(k z )x);K;)
i2[jKj ]

We use the notation af = (x;y) andx = g (x). We rst write the expected error as the sum of the conditional expected
error:
N X N . X N
EL(F(x)yl=  ECEG)LNiz2GIPH(z2C) = Ex, [(f (& )iVIP(z2C);
kiy Ky

wherexk;y = 0 (Xxy) andxgy is the random variable conditioned onz 2 C,{ Using this, we decompose the
generalization error into two terms:

\ o X \ _ gy 7]
E-[(f(x);¥)] - (f (xi)syi) = Exoy [(f 8y )iy Pr(z2 G) . (2)
i=1 k;y0 1
X . Ypo1X
+ @ B, [l im0 (Fa)iwA
kyy i=1

P PP P
Sincer [, “(hiri)= &, kary 2y (F(xi);yi); the second term in the right-hand side(®fis further simpli-

ed as
. | y: 1)@ .

Exi, DO G IS =7 (8 (i)

kyy 0 i=1 1
1X X . 1 X

= — 184 @Exk;y [(f ey )iV (F (i) yi)A
Ny J kg

K k

wherel ¥ = fk 2 [[Kj]:jl Yj 1g. Substituting these into equation (2) yields

\ 1 X X \ o
ELEOOW] ~ EOw) = B, O] Przze) €
i=1 kyy 0 1
X X X
N L N 1) I S (Je R eI
y k21 i i21 Y

By using Lemma 1 of (Kawaguchi et al., 2022), we have that for any0, with probability at least

(i
Exiy [(F 6yl Pr(z2C) JTkJ “
k;y0 .
q r—
X - - . -
@ Exk;y [(f (4] Pr(z2 CE(’)A w
"
if . .
M@  Prz2C)A %:
ky

Here, we have thdh(jYjjKj =) =In( €"ViKi =) In(e=) In((e=) )= In(e=)where =max(l;InjYjjKj),
since 2 (0;1) and 1. Moreover, note that for anff; h; M ) such thatM > 0OandB  Ofor all X, we have that
Pf(X) M) PEX)>M) P@Bf(X)+ h(X)>BM + h(X)); where the probability is with respect to the
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randomness aX . Thus, by combining3) and(4), we have that for any> 0, with probability atleast  , the following
holds:

1 X
E; (@il = "(F(xi)iv) (5)
" i=1 #
1 X
=E E[(@Oy - (i)
0 =1 1,
X X X =
LT e, (@ iiz2 gl e FaA e 2NeT)
y2y k21 Fid iy y 1
— 11X X iYi @ “v)i y 1 X v A
=5 W ®EL()yIz2 Gl oy (f (xi); yi)
y2Y k21 Pid i y
1X Y ~ . N . 1 Yy
+ IRIEZ[E T (F(g )yl (F(X):y)iz 2 ]
ry2Y k21
2In(e=)
n

We now bound each term in the right-hand side of equgfdfior both cases of = 'S andf = fS. We rst consider the

case of = f'S. For the rst term in the right-hand side of equati¢B), we invoke Lemma 4 of (Pham et al., 2021) to obtain
that for any > 0, with probability at leasi

0 1
Ly S oy X A
PGB (S :iz2 QT &y (S(xi)iw)
y2y k21 J kJizll{
« s
1 oy . In(jYjiKj =
= iNli 2Ryx(C F)+ M %
y2Y K21 I
r r
X X | NViki=) X X Y
5 i szy;k( F) o M |n(JY£KJ ) il
y2y k21} : n y2y K21} :

P P
where we used the factthat,,y 5y | Ji = n. Moreover, we have that using the Cauchy—Schwarz inequality,

v
X X rj|¥j ux X j|Yj59H% p
Pd { k 1 YK

n n
y2Y k21 Y2y k21 y2Y k21}

Thus, sincdn(jYjjKj =) In(e=) with = max(1;InjYjjKj) (see above), for any> 0, with probability at least
1,

0 1
X
I @E Lz 2Cl] Ty (O e)iA ©)
y2y k21 ) J kJiZII‘{
XX R B, e,
2 jlfj—< . o —

y2Y k21

For the case of = 'S, by combining equatio(b) and(6) with union bound, it holds that any> 0, with probability at
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leastl ,

X
£ TGO = (o0

i=1

r r
X X Ryx( r—“)+c In@e=) , . 2In2e=)

5 .
i n 2n n
y2Y k21}

1 X h i
o B 0 (@ 0)y) (R yix 2 G
yik

We now consider the case bf= f S. For the rst term in the right-hand side of equation (5),

X
E[(FS(x)iy)iz 2 C] “1%] (5 00)i 1) @)
|2I.k . X
B v ok 2)0Wiz2G) v (@ vk 2w
i21 Y

= ((d v)(Kaiy) ((d v )(Ke);y)=0:
For the case of = f S, by combining equation (5) and (7), it holds that any 0, with probability at least

1 X
Ex [(fS(g (x));y)] = “(FS(xi):yi)
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Moreover, for the case df = 5, if x 2 Cc ) g (x) 2 C¢ with probability one, then

Exp ,,: (3@ ()iy) “(F5(x)iyix2G =((d v )(Kk)iy) “((d v )(Kk)y)
=0:

B. Why Do Random Down-Projection Matrices Help?

In addition to the exibility in reducing the ternﬁ P i”:1 “(f (xi);yi) when having multiple codebooks, the bene t from
random projections in terms of Theorem 3.1 is that this projection can reduce the tBgnfof. For example, consider
Zz + v wherez is an embedding andis some perturbation &. When computing a projection with a random matioy
R(z + v) andv is in the null space oR, thenR(z + v) = Rz and hence this perturbation has no effect. SiRde for
down-sampling, there is a large null spaceRorin other words, if the distribution shift results¥nsuch thaRv is small,
By (f) is small.

C. Implementation Details.

Below we summarize all relevant implementation details.

Model Architecture. Our experiments build upon the following model architectiEacoder: We use the following
publicly available backbones:

1. ResNet50 backbone, pre-trained supervised on ImageNet (He et al., 2016; Russakovsky et al.,, 2015): We
used the weights from PyTorchsrchvision.models package, specically the weights under identi er
ResNet50_Weights.IMAGENET1K_V2 2. The backbone yields an embedding dimensiomef= 2048.

https:/lgithub.com/ftraeuble/experiments_discrete_key_value_bottleneck
2https://pytorch.org/vision/stable/models.html
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2. ViT-B/32 backbone, CLIP-pre-trained (Radford et al., 2021): We used the ViT B/32 model that can be easily obtained
via OpenAl's of cial github repositoryclip  python packagé. The backbone yields an embedding dimension of
m; =512,

3. ResNetb0w2 with twice the standard wideness, SwAV self-supervised pre-trained (Caron et al.,
2020): We use the ofcial pytorch model that can be loaded with PyTorch using the command
torch.hub.load('facebookresearch/swav:main’, ‘resnet50w?2") . The backbone yields
an embedding dimension of, = 2048.

4. ResNet50, DINO self-supervised pre-trained (Caron et al., 2021): We use the of-
cial pytorch model that can be loaded with PyTorch using the command
torch.hub.load('facebookresearch/dino:main’, 'dino_resnet50") . The backbone yields an

embedding dimension oh, = 1024.

5. As a fth model, we present results using a ConvMixer pre-trained on a downsampled (32x32) Imagenet training set.
As we wanted to directly compare against SDMLPs performance on the same class-incremental learning setting, we
use their ConvMixer embeddings evaluated on the entire Imagenet and CIFAR10 dataset, which can be downloaded
from the associated github repositdrf¥he backbone yields an embedding dimensiomef= 256.

To cover a broad range of feature embeddings, we extracted the spatial continuous representation after the second last layer
of residual blocks in the case of the two self-supervised pre-trained backbones and applied adaptive average pooling. The
inferred continuous-valued representations cover a broad range of embedding dimensionalities depending on the backbone.
In all our experiments we obtained tizembedding heads for each key-value codebook by simply down-projecting

this vector usingC random projection matrices int® heads of dimensiodey . Key-Value Bottleneck: The key-value
bottleneck consists @56 key-value codebooks that have ed€96key-value pairs per codebook. Keys are of the same
dimension as the embedding headg), and we chose the value codes to be of the same size as the classes to predict, i.e.
dvaie = 10. Decoder: All C fetched value codes are element-wise average-pooled at the end and the resulting tensor is
passed to a softmax layer that predicts the class label. For simplicity of exposition, we assume that the encoder representation
does not have spatial dimensions; nevertheless, the extension to spatial feature maps is straightforward.

Initialization of Keys. To initialize the keys, we build upon the exponential moving average updates (EMA) implemented
in the pip packag®&ector-quantize-pytorch 5 as introduced in (Razavi et al., 2019; Van Den Oord et al., 2017).

For a given sequence bf 1;:::; T mini-batches, we compute the moving averages of the codes (=key) pokiiﬁbasnd
(t)

countsN; "’ as follows for the c-th codebook
NP = NE el (8)
&
m = m{ Ve B ) ©)
j
(t)
m:.
k" = (10)
(1)
N;

whereEC(x)i(_;):1 g are theni(t) (head) embeddings of the set of observations in the mini-batch that attach to the i-th

key. We use a decay factor of= 0:95. Moreover, we expire codes if they are not being adequately utilized. If the cluster
size corresponding to a key (i.e., the moving average of the number of encodings that attach to a key) is below a threshold,
we reinitialize the said key to a randomly selected encoding. This threshold scales dsatch-size h  w=num-pairs
with h andw the spatial feature map dimensions in case of spatial pooling after the bottleneck. Keys are initialized at
random encoder feature positions from the rst batch. Our experiments apply spatial pooling before the bottleneck such that
h=w=1.

3https://github.com/openai/CLIP

“https://github.com/anon8371/AnonPaperl
Shttps://github.com/lucidrains/vector-quantize-pytorch
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Figure 6.Analysing the effect of class-granularity during class incremental learning. In line with our theory, we disesseall possible
class-split sizethe appealing learning property that the bottleneck yields the same performance at the end of training.

Training. After initializing the keys for 10 epochs on the key-initialization dataset (1 epoch on the Imagenet datasets),
we train the model on the class-incremental CIFAR10 task with the SGD PyTorch optimizer without any weight decay or
momentum and a learning ratelof= 0:3 for the bottleneck antt = 0:001for the linear probe. We used a label smoothing
parameter of 0.1 though we did not nd its value to be sensitive to the result. We use no learning rate schedule. We used a
batch size of 256 during key initialization and continual learrfing.

D. Additional Experiments
D.1. Granularity During Class-Incremental Learning.

In addition to the class-incremental learning scenario discussed in the main text, we experimented with additional class-
incremental curricula of different split granularities. Speci cally, we also tested the same model's performance (with the
ConvMixer backbone) not only on 5 phases with 2 classes each but also on the more extreme case of 10 phases with a single
class each and two phases with 5 classes each. We show these results in Figure 6, further supporting our nding from the
main experiment that the proposed model is robust against various class-incremental curricula and approaches the same
performance at the end of training.

D.2. Additional Experiments on ConvMixer Backbone.

The authors in (Bricken et al., 2023) report two further methods with higher performance but their "SDMLP+EWC" results
does not apply as it requires task boundaries and the FlyModel from Shen et al. (2021) was not trained on the batched 2000
epochs streaming setup. However, we also attempted to implement the FlyModel that proposes a solution for continual
learning inspired by the neural circuit in the fruit y olfactory system. Similar to us, the FlyModel also relies on a frozen
backbone but then projects this embedding via sparse binary projections (which are likewise xed) into an extremely
high-dimensional space re ecting more than 10,000 so-called "Kenyon cells". It then instantiates num-class "MBON cells"
that are associative layers, fed from this high-dimensional representation. The FlyModel is trained such that learning
a particular class updates the "MBON" associative layer of this class and was primarily tested under less challenging
task-incremental settings by the authors. As mentioned before, the model reported in (Bricken et al., 2023) was not trained
for 2000 epochs per split. Instead, it was only updated over a single epoch simply assuming no further catastrophic forgetting
in the batched streaming setting we are investigating (the FlyModel is not trained using back-propagation). In order to make
the comparison as fair as possible, we trained the FlyModel for 2000 epochs per split building upon the implementation in
(Bricken et al., 2023). Following Bricken et al. (2023), we applied the following parameters that were reported to work
best for them on this task and this backbone, speci cally a learning rate of 0.005, 10,000 Kenyon cells and the number of
projection neuron connections to be 32. We also set0 to minimize catastrophic forgetting as described by Shen et al.
(2021). After rerunning this model for 5 random seeds each we obtained the results presented in Figure 7. As we can see,
the model learns new classes at the beginning of a new split but quickly drops to some lower-level performance until the end

5To the best of our knowledge, all software and assets we use are open source and under MIT, Apache or Creative Commons Licenses.
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Figure 7.Applying the FlyModel from (Shen et al., 2021) to the CIFAR10 learning setup with each split being repeated 2000 epochs. The
model with hyperparameters from (Bricken et al., 2023) learns new classes at the beginning of a new split but quickly drops to some
lower-level performance until the end of the phase. Eventually, the model cannot integrate any new information and remains at a very low
level.

of the phase. Eventually, the model cannot integrate any new information and remains at a very low level, which indicates
strong catastrophic forgetting in the batched streaming setting.

D.3. Additional Baseline: Ridge Regression on Frozen Backbone Features

We have also tested a further baseline method by directly performing ridge regression with the frozen feature encoder.
Speci cally, we were rerunning the CIFAR10 experiment on all ve backbones using two different heads (Linear Probe and
as well as the MLP head from Figure 3). In contrast to these baselines already shown in the main paper, we now applied
weight decay on the head parameters across four orders of magnitudewtiile 2;le 4;le 6]. We repeated

three runs with different random seeds each. In total, we trained 90 additional models for this experiment. As illustrated in
Figure 8 in the case of the Linear Probe and Figure 9 in the case of the MLP head, the learned networks were unable to
effectively integrate novel class information using this additional form of ridge regularization.

D.4. Class-Incremental Learning on Larger Datasets.

To further test the future scalability of our method, we have run additional experiments on two larger datasets with many
more classes. Importantly, we were using the very same architecture as for the CIFAR10 experiments:

1. CIFAR-100 (see Figure 10): Using 50 splits, each consisting of 2 classes, we tested our model on the ResNet-50 and
CLIP-Backbone architectures. Our model achieved nal accuracies of 54.7% and 64% respectively, compared to the
43% achieved by SDMLP on the same task (Bricken et al., 2023).

2. ImageNet (see Figure 11): We evaluated our model on 500 splits, each comprising 2 classes, using the CLIP encoder.
The nal accuracy reached 49.9% for the iid setting and 49.0% for the class-incremental setting. To the best of our
knowledge, no other method has been tested on such a large-scale class-incremental learning setting, encompassing
1000 classes and 500 splits.
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Figure 8. Additional baseline experiments: Rerunning the CIFAR10 experiment on all five backbones using the same Linear Probe as in
Figure 3. In contrast to these baselines already shown in the main paper, we now applied weight decay on the head parameters across four
orders of magnitude with wy 2 [1072; 10~%; 10°]. The learned models are unable to effectively integrate novel class information using
this additional form of ridge regularization.
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Figure 9. Additional baseline experiments: Rerunning the CIFAR10 experiment on all five backbones using the same MLP head as in
Figure 3. In contrast to these baselines already shown in the main paper, we now applied weight decay on the head parameters across four
orders of magnitude with wy 2 [1072;10™%; 10°]. The learned models are unable to effectively integrate novel class information using
this additional form of ridge regularization.
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CIFAR100: 50 splits each with 2 classes per split
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Figure 10. Additional class-incremental learning experiment on CIFAR100: Using 50 splits, each consisting of 2 classes, we tested
our model on the ResNet-50 and CLIP-Backbone architectures. Our model achieved final accuracies of 54.7% and 64% respectively,
compared to the 43% achieved by SDMLP on the same task (Bricken et al., 2023). Keys were initialized on the CIFAR10 dataset for this
experiment.

ImagenetlK: 500 splits each with 2 classes per split
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Figure 11. Additional class-incremental learning experiment on ImageNet: We evaluated our model on 500 splits, each comprising 2
classes, using the CLIP encoder. The final accuracy reached 49.9% for the iid setting and 49.0% for the class-incremental setting. To the
best of our knowledge, no other method has been tested on such a large-scale class-incremental learning setting, encompassing 1000
classes and 500 splits. Keys were initialized on the CIFAR100 dataset for this experiment.
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Figure 12. We have conducted additional experiments to assess the models’ robustness. Specifically, we evaluated the performance of the

models analyzed in Figures 8-11, which employ different backbones, when subjected to additive Gaussian noise spanning three orders of

magnitude. We applied the noise either to the original input pixels (left) or the backbone embeddings (right). Results indicate that the

model’s performance remains largely unaffected by the noise and only starts to deteriorate substantially when the noise level exceeds
= 0:1, at which point the image becomes nearly unrecognizable upon visual inspection. From a theoretical per

E. Additional Analysis
E.1. Robustness via Discrete Bottleneck.

The discretization of the bottleneck confers additional robustness, which is a significant attribute of our model. To illustrate
this property, we have conducted additional experiments to assess the models’ robustness. Specifically, we evaluated the
performance of the models analyzed in Figures 13 to 17, which employ different backbones, when subjected to additive
Gaussian noise spanning three orders of magnitude. We applied the noise either to the original input pixels or the backbone
embeddings. Our results which are shown in Figure 12, indicate that the model’s performance remains largely unaffected
by the noise and only starts to deteriorate substantially when the noise level exceeds o = 0.1, at which point the image
becomes nearly unrecognizable upon visual inspection.

E.2. Value Codes

Next, we want to provide additional analysis on the similarity of the learned values when training iid versus class-
incrementally. To answer how much the value codes differ depending on the training order (everything else being the same),
we computed the relative mean absolute difference between values learned iid and values learned class-incrementally in the
case of the five analyzed models in the previous section, formally

|’UG,ZE§SC| — values||p|

Y

|valuescy |

As we can see from Table 1, the analysis suggests that the learned values are indeed fairly similar, albeit not identical,
explaining the almost identical final performance.
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Backbone Rel. mean abs. distance

Resnet50 2.19%
CLIP 2.09%
DINO 2.2%
SwAV 2.2%
ConvMixer 3.07%

Table 1. Relative mean absolute distance between values trained iid and class-incremental for the five different backbones from the base
experiment.

E.3. Key Codes

In this section, we analyze key codes used in the proposed model to better understand how they cover the embedding
manifold of the data. We investigate three questions:

1. Do key codes broadly cover the embedding manifold with respect to the key initialization dataset?
2. How does key initialization on another dataset affect coverage on the embedding manifold under the target dataset?

3. Can we quantify the amount of key-value pair sharing among training samples?

To answer these questions, we inspect the key codes for each backbone discussed in Section 5, analyzing the model per
backbone with the same fixed random seed trained under the class-incremental training setting. Results are shown in
Figures 13 to 17.

We begin by inspecting the key code space of the first codebook under the supervised ResNet50 backbone in Figure 13
(left plot). The keys of this model were initialized on the unlabelled CIFAR100 dataset. When applying the UMAP
dimensionality reduction on the input heads of 10k CIFAR100 training samples, we can see that the 4096 key codes of this
codebook (black dots) broadly cover the entire data manifold (light blue dots). This verifies that the EMA method is working
as expected. When repeating the same procedure for the test set of the target distribution, here CIFAR10, we observe that
the fixed keys from before are still covering the entire data domain of CIFAR10, see Figure 13 (middle plot). Compared to
the distribution on the key initialization dataset, the coverage is more sparse with several concentrations of multiple clusters
of keys. We hypothesize that these keys might have specialized on certain features present in CIFAR100 but not present in
CIFARI10. At the same time, we observe keys across all CIFAR10 class domains (indicated by color) even though the same
class labels are not present in CIFAR100. We observe this behaviour across all backbones: Interestingly, we qualitatively
observe a slightly reduced clustering in the case of the lower-level SSL feature embeddings in Figure 15 and Figure 16 over
the others. In our ablation experiments, we only observed a slight drop in performance when initializing the keys on the
much higher-resolution ImageNet dataset, which can be partially explained with the analysis under the ConvMixer model,
that was initialized on a 32x32 downsampled Imagenet variant (see Figure 17). First, the EMA approach still yields a broad
coverage of the much more diverse Imagenet data manifold without any change in EMA parameters. Second, the keys
are covering the CIFAR10 domain sparsely but there are still at least a few keys present close to each domain. From our
discussed results we can thereby conclude that the bottleneck can still effectively learn to generalize along all classes even
though the keys might not be optimally distributed. Finally, we tracked the usage of all key-value pairs across all codebooks
over the course of the training class incrementally on the target dataset; see Figure 13 (right plot). Note that the y-axis is
scaling in counts of thousands. In the case of the ResNet50 backbone, we observe that the majority of key-value pairs were
fetched between 10,000 and 150,000 times over the course of training. As we repeat each episode for 2000 epochs, each
key that is snapped to by a particular training image contributes a utilization count of 2000 to this key. Interestingly, there
is also a long tail of a few keys that are used very often and about 28% of keys that are never used, which suggests that
the bottleneck did not distil the information during train time in all available key-value codes. This behaviour can be seen
similarly among all other backbones, too.
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Key-Init Dataset: CIFAR100 Target Testset: CIFAR10 Histogram of key counts
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Figure 13. Analysing the key codes on the ResNet50 backbone. Left Plot: UMAP of the codebook embedding heads from the key
initialization dataset (light blue) with the discrete key codes (black dots) as obtained by EMA. Keys are broadly covering the data manifold.
Middle Plot. The key code distribution on the target test dataset. Keys exhibit increased clustering, which reflects the smaller feature
diversity present in CIFAR10. Right Plot: Key code utilization across all codebooks over the course of class-incremental training (2000
epochs). The majority of keys is being shared among many different input samples, while the bottleneck retains some unused capacity.
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Figure 14. Analysing the key codes on the CLIP-pretrained ViT backbone. Left: UMAP of the codebook embedding heads from the
key initialization dataset (light blue) with the discrete key codes (black dots) as obtained by EMA. Keys are broadly covering the data
manifold. Middle. The key code distribution on the target test dataset. Although the coverage appears more clustered, the keys still cover
the majority of the target test set, which reflects the smaller feature diversity present in CIFAR10. Right: Key code utilization across all
codebooks over the course of class-incremental training (2000 epochs). The majority of keys is being shared among many different input
samples, while the bottleneck retains some unused capacity.
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Key-Init Dataset: CIFAR100 Target Testset: CIFAR10 Histogram of key counts
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Figure 15. Analysing the key codes on the DINO-pretrained backbone. Left: UMAP of the codebook embedding heads from the
key initialization dataset (light blue) with the discrete key codes (black dots) as obtained by EMA. Keys are broadly covering the data
manifold. Middle. The key code distribution on the target test dataset. Although the coverage appears more clustered, the keys still cover
the majority of the target test set, which reflects the smaller feature diversity present in CIFAR10. Right: Key code utilization across all
codebooks over the course of class-incremental training (2000 epochs). The majority of keys is being shared among many different input
samples, while the bottleneck retains some unused capacity.
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Figure 16. Analysing the key codes on the SWAV-pretrained backbone. Left: UMAP of the codebook embedding heads from the
key initialization dataset (light blue) with the discrete key codes (black dots) as obtained by EMA. Keys are broadly covering the data
manifold. Middle. The key code distribution on the target test dataset. Keys exhibit increased clustering, which reflects the smaller
feature diversity present in CIFAR10. Right: Key code utilization across all codebooks over the course of class-incremental training (2000
epochs). The majority of keys is being shared among many input samples, while the bottleneck retains some unused capacity.
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