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What Al did we achieve?

e Al for artificial environments. e.g., Chess, Go, Atari games.
e Al for specific real-world tasks. e.g., handwritten recognition, face
recognition.




What Al did we achieve? [A'forthe closed world]

e Competence on specific tasks % solve a narrow range of tasks ]

o Onecan collect alot of data ﬁ L — ]
o Onecandefinea precise criteria of success. e.g. game scores, precision

m Thiscriteria not only reveals whether a machine has achieved a goal, but also

reveals how the machine falls short of the goal.

m Human designers can fix the problems one after the other until the machine is
deemed good enough for the task.

m Attheend,instead of proving that our machine is intelligent, we often find

1
satisfaction in proving that we are intelligent. rely on priori knowledge of
human designers

[ This is not what we want! }

3

1. Leon Bottou, https://leon.bottou.org/feuilleton/turing



https://leon.bottou.org/feuilleton/turing

What AI dO we need? [AI for the open-world }

e Solves any task that a human could possibly undertake
o  With fewer examples,
m  We cannot wait too long for a Al system to learn a new task.
o And less priori knowledge from designers.
m  We cannot assign one human designer to each possible task.

——————————————————————————————————————————————————————

f Al for the Open-world

Al for open-world requires a machine to learn on a wide range of new
tasks/domains (versatility) quickly using fewer examples and less
task-specific priori knowledge (from human designers).
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Learning Principles to build Al for
open-world

Rich Features, h
aricher set of features beyond the need of i.i.d.
Al for the open-world generalization, helps the learning of a broader range of
unseen tasks; Y,
wide range of tasks ™\

disentangled representation,
driven by a cheap yet reliable
pressure predictive disentanglement, reduces the number of
examples required on unseen tasks Y,

few examples

less priori knowledges

inference-time learning,
amemory-based method at inference-time, leveraging rich
features and disentangled representation, reduces the
relying of designers’ priori knowledge.




Can we translate the success in Closed-world to
Open-worild?

Al for the closed-world Al for the open-world

narrow range of tasks I:“_ﬁ> wide range of tasks

] ¥ Trainon everything! l.e. The mainstream belief of foundational models.
o Computationally infeasible:
m Combining two pieces of knowledge results in a new knowledge, leading to an
exponentially large number of possible combinations
o Practically implausible:
m Pieces of knowledge change over time.

[ No! We need other learning principles to build Al for the open-world! } ©




This talk explores such learning principles and corresponding
techniques to build Al for the open-world.

Note: this is not a talk about language models or vision-models or applications of deep
learning, even though it contains many large-scale experiments of such kind.



1. rich features

a richer set of features beyond the need of i.i.d. generalization, helps the
[ learning of a broader range of unseen tasks;




|

Rich Features L=

e Benefits of rich features in learning unseen tasks.

e Canwe constructrich features by ERM training on big data & large
model (i.e., foundational model)?

e Approaches to construct rich features



Warm-up case

e Background

O L2 weight decay in deep neural network stochastic optimization has a sparsity bias (sparse
features) [Blanc et al. 2020]

e Transfer learning experiment
o  Pretrain resnet on cifar10 (1st row), then linear-probe on cifar100 (2nd row).
o Asexpected, L2 weight decay helps IID performance on Cifar10,
o  but hurt OOD performance on Cifar100 (linear-probe).

L2 weight decay | 0 5e — 4

CIFAR10 91.41+0.81 94.89+0.23

CIFAR10—CIFAR100 | 49.68+0.72 29.17+0.50 [zhang et al. 2023]

[ Rich features help learning unseen tasks. }
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Blanc, Guy, et al. Implicit regularization for deep neural networks driven by an Ornstein-Uhlenbeck-like process. PMLR, 2020.
Zhang, J., & Bottou, L. Learning useful representations for shifting tasks and distributions. ICML 2023.



Can we find rich features by scaling-up ERM training? %

e Let’s compare two representations (same number of

parameter):
o 1) Train alarge model with supervised or self-supervised
objective. Then take the penultimate layer as representation.
o  2) Train multiple small models (on the same data) with
different random seed.” Then concatenate the penultimate

layer representations.
e Weknowrich features help learning unseen tasks.
e &) Which representation is better for learning unseen

tasks (via linear-probe or fine-tune)?

n

1. Random seed controls network initialization and examples order in SGD optimization.



e Supervised transfer learning case.
o Pretraining ResNets on Imagenet.
o linear-probing / find-tuning on broad unseen tasks
o Orange solid line: 1st representation, big models
o Bluesolid line: 2nd representation, concatenation of small models
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Imagenet(384px)
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Figure 3. Supervised transfer learning from IMAGENET21K to

IMAGENET on vision transformers.

(Zhang, et. al, 2023)

Zhang, J., & Bottou, L. Learning useful representations for shifting tasks and distributions. ICML 2023.

Same result.
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e How about using self-supervised learning, large data, and large model?

o SWAV is trained on ImageNet.
o SEERistrained on 1B images with 10B dense parameters.
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Zhang, J., & Bottou, L. Learning useful representations for shifting tasks and distributions. ICML 2023.

Same result.
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Can we find rich features by scaling-up ERM training?

e = NO.

Once the optimization process discovered a group of features that are helpful to
the 11D training, there is no motivation to find other features that not are
incremental helpful to training, even though these features could be
substantially help to other distributions (OOD).

This confliction between rich features and optimization motivates
us to move from “optimization” to “memory”, and create Memory
Mosaics (to be introduced later).




Approaches to construct rich features

e Adversarial discovery
o Bonsai[Zhang, et al., 2022]
e Randomness
o feature ensemble [Zhang, et al., 2023]

o very-large dropout (in fine-tuning) [Zhang, et al., 2024]
o weight averaging (in fine-tuning) [Ramé, et al., 2023]

Zhang, J., Lopez-Paz, D., & Bottou, L. (2022, June). Rich feature construction for the optimization-generalization dilemma. ICML
Zhang, J., & Bottou, L. (2023, July). Learning useful representations for shifting tasks and distributions. ICML

Zhang, J., & Bottou, L. (2024). Fine-tuning with Very Large Dropout. arXiv preprint arXiv:2403.00946.

Ramé, et al. (2023). Model ratatouille: Recycling diverse models for out-of-distribution generalization. ICML

16



Rich Features

e Benefits of rich features
o Helplearning broader range of unseen tasks

e Canwe findrich features by scaling-up ERM training?
o No!

e Approachesto find rich features

o Adversarial discovery — Bonsai
o Randomness — feature ensemble, weight averaging, very-large dropout

17



2.

Disentangled representation

driven by a cheap yet reliable pressure predictive disentanglement,
reduces the number of examples required on unseen tasks

18



Disentangled representation

e Benefits of disentanglement
e The pressure that motivates a model to learn disentanglement

e An architecture to learn disentanglement in practice (memory

mosaics)




Benefits of disentanglement

Tracking notes of

Tracking notes of
Astronomer A Astronomer B
% Example: Tracking Three Moons )
[ ’ = ’ ]
> Astronomer A tracks the 0, 0, 0] 0 0 0
joint position of three moons 527 13 '\ U
m Least Common Multiple 0y
(periods of m~ 0
>  Astrd The period of
the slowest
eaCh moon

Max (periods of moons)

A full period of the

combination of
0, 0, 0] 4m three moons 20
) )



The pressure that motivates a model to learn
disentanglement

e Statistical view [Roth 2022]: disentanglement is defined on
“independence”. Not reliable }
o Lackrobustness with respect to changing data distributions.
e Causal view [Bengio 2013, Bengio 2019]: disentanglement is defined

on active environments. \( . ]
expensive
o Cannot be tested without active experiments

Roth, Karsten, et al. "Disentanglement of correlated factors via hausdorff factorized support." arXiv preprint arXiv:2210.07347 (2022). 2

Bengio, Yoshua, et al. "A meta-transfer objective for learning to disentangle causal mechanisms." arXiv preprint arXiv:1901.10912 (2019).
Bengio, Yoshua. Deep learning of representations: Looking forward. In International conference on statistical language and speech processing, pages 1-37. Springer, 2013b.



Predictive disentanglement: a quick learning
pressure

Memories being forced to learn quickly! 1

2 Gradient (meta) training J
A

cost per time step

—

X1, X2, X3, et training sequence i, Xp

e View one natural sequence (e.g. an article) as one environment/distribution. (cheap environments)

e Training objective minimizes average loss at different sequence length. (the area under the curve).

e The tail of sequence is easy to model/predict anyway.

e Then training objective instead minimizes the sequence length needed to produce good predictions.
(The “quick learning” pressure)

e Disentanglement occur when it is more efficiently to predict in isolation than together. (i.e. quick
learning — disentanglement)

[ What we need to do is to encourage this “prediction in isolation” behavior. } ®




Memory Mosaics:
architecture that encourages disentanglement

e Memory Mosaics is a network of multiple separated Associative Memories.

e Associative memory contains key-value pairs.% Encourage “prediction in isolation” ]
o Key represents the recent past <[ Key is query. J
o Valuerepresents the near future Query is key.

o Key-value pairs are treated as permutation invariant

[ No position encoding. }

Zhang, J., Nolte, N., Sadhukhan, R., Chen, B., & Bottou, L. (2024). Memory mosaics. ICLR.



Associative Memory (noquery)

e Store key=Vallie pairs, retrieve values given a key. (Invariant to permutation of

stored pairs.)
= [k {(k1,v1) - (K, vn)})

e Theretrieval function is a conditional expectation.
o = E(V|K =k)

@)

e Estimate the key-value distribution by Kernel Density Estimation (e.g.
Gaussian kernel smoothing) _ i% BRIy with 7 = ie—ﬁ”k—kilf
1=1

=1

@)

e Connect to attention by fixing key vectors squared norm.
eBkai

n
© Z
= (%) 24
n kT k. K3
Zj:l ePk ki

=1




Construct key and value (on sequence data)?

e) <// Output time series
tracks (vy) without looking
Associative memory forward into (x7) but using
retrieves past pairs (k, v;) memory matches.
G (om ke )emat Associative Memory

Value time series
O\ (ke) I I (V) Z represents the near future of
Key time series 7 the input time series.

represepts the.recent past 7 = W (Xas Xy Xy o)
of the input time series. Feature Extractor

kr = @o(xXp, X714, ...)
T ) X7-1 /\ j

,J Input time series

(x¢) S

25



How to construct key and value?

Simple Case
I{?T == W(p rr
VT — W"l’ LTT+1
expressive case leaky average over t = T, T-1...., 1
kr = oz(pNorm(l;:T) with i_zT = l~cT + A¢ET_1 l;:T =W, :1:;;
v = a¢Norm(@T) with ’I:JT =0r+ >\¢'5T+1 = W¢ :L'{z;

convolution over t=T and T+1

26



Evaluate the “prediction in isolation” bias
in Memory Mosaics

Experiments on Tracking Three Moons problem

Left: one big associative memory
Right: many small associative memories

generation error over 25 steps vs. context length

-
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context length for generation
One big associative memory: Good predictions
after the least common multiple of all moons
periods (red vertical line).

« | am good!
Multiple small associative
memories make things easy.

generation error over 25, ext length

1 | | | | i \ . |
0 100 200 300 400 500 600 700 800
context length for generation

Many small associative memories: Improving
predictions after each moon periods (black
vertical lines).
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Memory Mosaics on real-world tasks

e Afair comparison with
transformer architectures.

e C-mems (contextual memory)
are associative memory units of
context.

e P-mems (persistent memory)
are associative memory units of
gradient-updatable key-value
pairs. (fixed after training).

e NO position encoding

e key=query.

N, repeated blocks

Decoding layer
~ :III:
d

FFN

Layer norm

Y

=I
Attention
heads

Layer norm

N

Position Encoding

Ny, repeated blocks

Decoding layer
~
P-mems !

Layer norm

fan
N

Layer norm

N, persistent
memory units

N, contextual
memory units

Figure 8: Left: Classic GPT2-small transformer. Right: GPT2-like Memory Mosaic
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In-distribution performance

e Choose Transformer as a baseline, because it performs well on languages.
e Trainon 3-4yearsold tiny stories.
e Memory Mosaics and Transformer performs closely.

(depth) N,=1 (depth) N,=8 (depth) N,=12 (depth) N,=18

—— GPT2 train loss
== GPT2 val loss
= Memory Mosaic train loss

N
[N]
v

0 == Memory Mosaic val loss
o
E 2.0-
g
=4
]
0 18-
w
e
(]

16-

1.2 124 1.2
0 2 4 6 8 0 2 4 6 8 0 2 4 6 8 0 2 4 6 8
iterations le4 iterations led iterations le4 iterations le4d

We focus on open-world and

out-of-distribution performance. »




Out-of-distribution performance

e Trainon 3-4yearsold tiny stories.

e Inference on Simple English Wikipedia (hard for 3-4 years old children)

e Similar to the three-moons problem, Memory Mosaics is faster and better in
adjusting Wikipedia (a new data).

o
o
S

— GPT2
= Memory Mosaic

[e0]
~
w

©
n
o

)
o
S

cross-entropy loss
on Simple Wikipedia
% ¥
w (9]

>

w

o
1

6 1(I)0 2(I)O 360 4(I)0 S(I)O
token positions
The plot shows the per-token average loss as a function of

the generated token positions.
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Disentangled representation

e Benefits of disentanglement

o reducing the need of examples

e The pressure of learning disentanglement

o Predictive Disentanglement - a cheap yet reliable pressure.

e An architecture to learn disentanglement in practice

o Memory Mosaics




3. Inference-time learning

a memory-based method at inference-time, leveraging rich features and
disentangled representation, reduces the relying of designers’ priori knowledge.

32



Inference-time learning

e Why study inference-time learning?
e Build model to perform inference-time learning

e Gap between: “training on everything” & inference-time learning
approaches.

33



Why study inference-time learning?

e Givenrich & disentangled features, how to learn new tasks (with few data)?
o ¢ Transfer learning (fine-tuning): data preprocessing, choose architectures, tune
hyper-parameters, ...
e Whatif | have another new task to learn?

o Trythe above process again.

" The learning process on new tasks involves a lot of priori knowledge from
human designers.
This is of course expensive. More importantly, it doesn’t reveal the Intelligence of
_ Machine, but the Intelligence of us.
p

Inference-time learning aims at reducing the need of priori knowledge from
human designers while learning new tasks. 34




model-based vs memory-based
approach

To learn new tasks one after other with less priori knowledge and fewer
examples, a model needs to shape hypothesis space and avoid negative
interference (catastrophic forgetting).
Shaping hypothesis space
o Model-based: preprocessing, architectures, learning mechanisms (e.g.
regularization) @2
o Memory-based: one smoothing parameter (e.g. bandwidth in kernel
smoothing) (&
Negative interference
o Model-based: hard to avoid.
o Memory-based method were initially motivated to solve the negative
interference problem. [Atkeson et al. 1997]

35

Christopher G Atkeson, Andrew W Moore, and Stefan Schaal. Locally weighted learning. Lazy learning, pages 11-73, 1997.



e Negative interference in memory-based and model-based methods.

©

: : 3
O el el S 11p Before After hen both model are trained
(LWR) and Neural Network E 2nd Training
. w 1.0} NN on ten attempts to make a
(NN) are used to predict o D . .
. 3 09f particular desired
the torques of two jointed o . e
. S 08} o movement. (distribution B)
arm dynamics. = .
\_ g 0.7}
@ 06}
§ 05}
® 04} 4
2) E oal _ After that, evaluate both
Train and evaluate on the Z 55l — models on distribution A.
same distribution A: T twr | NN fail, LWR success.
Both models work well! ] . .\
J 3 4 5 6

[Atkeson et al. 1997]

36

Christopher G Atkeson, Andrew W Moore, and Stefan Schaal. Locally weighted learning. Lazy learning, pages 11-73, 1997.



Build model to perform inference-time
learning

e We need memory-based methods!

e Potential problem of memory-based method: Curse of dimensionality
e Richfeature and disentangled representation could reduce this
difficulty’
o Richfeature: reduce the need for feature learning in inference time
O

Disentangled representation: organize each feature nicely ina
low-dimensional space

Model for inference-time learning: memory-based methods at inference-time
+ rich features and disentangled representations obtained from pre-training stage.

1.

This argument was first suggested by Pascal Vincent during my Memory Mosaic talk at the FAIR Lab Offsite in June 2024. Thus, the speaker 37
thanks Pascal Vincent for his insightful comments.



Now, | am going to introduce an attempt to build such inference-time
learning machine in practice, named Memory Mosaics v2.

38



Memory Mosaics v2
Architecture

Zhang, J., & Bottou, L. (2025). memory mosaics at scale. under review.
Zhang, J. (2025). Al for the Open-World: the Learning Principles. arXiv preprint arXiv:2504.14751.

39



3-level Memories

N» repeated blocks

|

[ Decoding layer ]

Attention
heads (rope)

normalize

Transformer

N» repeated blocks

|

[ Decoding layer ]

Persistent
memories

memories memories

normalize

long-term ] [ short-term

Memory Mosaics v2

e associative memories, or
e dense neural networks, or
e  mix-of-expert sparse networks

memories

Persistent
store persistent knowledges of training data

! Implementations

[

------ long-term short-term
. memories memories
N ignore focus on

near key-value pairs

near key-value pairs

|
:
|
1 t-m t 1 t-h t1t
|
'
i
|

Attention Mask
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Why 3-level Memories?

e Goal of design:

o decompose & distribute “features” into different memories according to
“how invariant a feature is”.
o learning new environments efficiently.

A

Persistent memory

Lunch

Ginger ale

Long-term memory

Short-term memory

time or environments



Why 3-level Memories?

e Goal of design:

o decompose & distribute “features” into different memories according to
“how invariant a feature is”.

o learning new environments effici

A

Persistent memory

Long-term memory Lunch

Short-term memory Ginger ale

time or environments



Why 3-level Memories?

e The storyis actually experiments driven.
e Wetried to merge long-term and short-term memories as one memory.
e And got the following attention distribution of the last token:

Avg attention scores at
close are “peaky”
(depend on position)

Avg attention scores at far
distance are “flat”.
(Independent of position)

score

Two different regimes.
Separating them helps a lot
w\hen learning new tasks.

-7 L i I
10 0 200 400

Thus we distribute the “flat” and “peaky” parts
into long-term & short-term memories, J

create 3-level memories.

Ve MAverage atten
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Adaptive bandwidth (in gaussian kernel
smoothing)

e Memory stores Key=Vallie pairs, retrieves values given a key.

n eﬁk—l—ki
f(ka {(kla vl)a sy (kna Un)}) — Zi:l s e (%

e Asthe number of examples in memory increases (n), the inverse
bandwidth parameter B of kernel smoothing must be increased to
sharpen the response.

B = Bin® + By

44



Feature extractor of key and value

e Key represents the recent past.

o Memory mosaics compute key by
normalizing &;,k; = norm(k;), where k,
comes from the right RNN process.

e Valuerepresents the near future.

o Memory Mosaics compute value by
normalizing v, v = norm(v;), where
vy = Wy + AWz

ki1

QD

A

t ~
gtk

. %

Lt

ki

i%t = WkiL’t
Ae = exp(—|Wiaxy|)
gt = 8$P(Wgﬂ3t)

rwkv [1] kinds of process

In a preliminary small scale (1.5B) experiment, this key feature extractor provide ~0.5% on common tasks,

8% on ruler long-context tasks (train on 4k, evaluate on 32k).

[1] Peng, Bo, et al. "Rwkv: Reinventing rnns for the transformer era." arXiv preprint arXiv:2305.13048 (2023).

45



Evaluation dimensions

uonngusip-ul {

uoINGIIISIP-JO-IN0

<

IID regime.
. . . More data + larger model =

Persistent-knowledge storing and retrieval better performance

o Knowledge learned from training data o)

o Benchmarks: MMLU, arc_challenge, gsm8k, etc ™\

. . The prerequisite of
New-knowledge storing and retrieval effective in-context
learning.

o Knowledge learned from inference data g s 4

o Benchmarks: RULER question-answering (“needle in a haystack”). | only 7 seconds memory, how
can it learn a 90-mins movie?j

In-context learning

o The ability to learn a new distribution/task, rather than simply store

OOD regime.

The new task could be never
seen in the training data, or
even conflict with training
data.
(interesting)

and retrieve new-knowledge.
o  Tasks: multi-class classification with semantic labels (e.g. ‘dog’, ‘cat’)
or anonymous labels (e.g. ‘class-1’, ‘class-2’)
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Models to compare

e Memory Mosaics v2 small & Transformer small* (~Llama-1.5B size)
o 24 layers, hidden dimension 2048, trained on 200B tokens
® Memory Mosaics v2 large & Transformer large  (~Llama-8B  size)
o 32 layers, hidden dimension 4096, trainedon 1T tokens
e All models are pretrained on 4K context length. (marked as “4k”)
e Then fine-tuned on 32k context length. (marked as “32k”).
e We choose Transformer as the only baseline, because other approaches
(RNNs, LSTM, state-space model) do not work at all.

~. Memory Mosaics contains some additional parameters than transformer due to the explicit working memory & short-term memory design.
For the easy of explanation, | simply names model size as “small” and “large”. | will show later that the additional parameters are worthful. .



Persistent-knowledge storing and retrieval

O

(i.e. FFN with SwiGLU), :
perform closely in persistent-knowledge storing and retrieval (after extendingto 32k !

Task Description: ga, arch_easy, mmlu, math, etc (19 common tasks)

e Results:
Memory Mosaics and Transformer share the same “persistent memory” architecture

O
context length).
’l
1
T
context arc wino- ar : . e mmlu human race race !
model length obqa e wranie halllenges siga piqa boolq — nq tqa squad mbpp math gsm8k alt .evils high saiddle bbh:?g_
transformer small 32k |35.2 61.0 60.1 314 445 736 63.0 593 11.7 26.7 547 92 1.2 30 352 324 374 522 26.(’ 1?'78 |
memory mosaics small 32k |35.0 60.1 59.0 3310004616 73.00062:8° 57.95 "7 29.5159:2 N 9.3 1 01! 24 347 312 383 494 271 38.0 1/
transformer large 32k |45.8 773 723 526 493 808 72.6 79.2 319 615 763 98 87 324 490 383 456 62.6 45.4,"52.2 |,'l
memory mosaics large 32k |45.4 78.0 71.2 51.8 486 804 73.1 786 309 620 782 9.6 88 274 482 430 46.5 61.6 47.%'52.2 -I,’

1

1
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e Results:
o  For many common tasks, the long-term memory in Memory Mosaics v2 does not even
fire!
o  We can safely remove the long-term memory in Memory Mosaics v2 after training
without hurting the performance. (but reduce parameters and computation)

arams flops/token obga are owines B siga piga bool hefl: nqg tqga |av

P P 4 easy grande challenge 92 plq q aswag 1 ' &
Transformer Large 8.8B 16.7B 458 773 723 52.6 493 80.8 72.6 79.2 31.9 61.562.3 |
vl‘gf’m"ry W IEENACES 8.3B 15.6B 456 779 720 521 494 805 731 788 303 6164621 |
ithout long-term memory |
Memory Mosaics v2 Large 9.9B 18.9B 456 779 72.0 52.1 49.4 80.5 734 787 29.6 61.7/62.1 |
—J

flops/token is estimated at context length 256.
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New-knowledge storing and retrieval

e Task description (A question-answering task from RULER [Hsieh et al, 2024]):

o Multiple articles are concatenated, followed by a question conspondings to
one random article.

o Example: "Answer the question based on the given documents. The following are
given documents. Document 1: [...] Document2: [...][...] Document 20: [...]Question:
What religion were the Normans? Answer:”

o Memory compression algorithms, e.g. RNNs, LSTM, state-space models, fail on
this task by construction.

o ‘Local window’ memory, e.g. Alibi position-encoding, local-window attention,

fails on this task by construction.

50

Hsieh, Cheng-Ping, et al. "RULER: What's the Real Context Size of Your Long-Context Language Models?." arXiv preprint arXiv:2404.06654 (2024).



New-knowledge storage and retrieval

e Results:

Trained on 4k

context length,
No fine-tuning.

Memory Mosaics can

easily extrapolate

context length x4 ~ x8

times.

model comtext | g | sk 16k 32
length
transformer small 4k 39.4 X X X
memory mosaics small 4k 45.0 35.0 34.1 31.7
transformer large 4k 517 X X X
memory mosaics large 4k 593 48.8 46.4 26.5

Memory Mosaics v2 can effectively store and retrieve new-knowledge!

N model Clxtg?;t & sk 16k 32 ‘ 64k
Trained on 4k : = .
transtormer sm 32 37.0 29.3 29.0 22.1 X
. contex.t Iength’ kmemory mosaics small 32k 44.9 39.2 39.8 37.3 ‘ 25.3
Fine-tuning on 32k.
ransformer large . . . .
t f 1 g 32k 51.2 48.8 44.7 41.1
memory mosaics large 32k 58.9 555 54.9 53.4 46.4

Memory Mosaics
outperforms
Transformer >10%
(53.4% vs 41.1%)
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In-context learning

e Task description: Multi-class classification with semantic or anonymous labels

O

Input X example:

m  “My bank transfer is still not showing up in my account.”
Target label Y example:

m Semanticlabel : “balance not updated after bank_transfer”

m  Anonymous label: “class 71"
Anonymous label tasks heavily rely on the learning of “inference data”.
Prompt example: “Given a customer service query, please predict the intent of the
query. [...] The examples are as follows: query: [X1], instant: [Y1], [...], query:[X], instant:”
To reduce the influence of prompt strategies, we sweep various prompts strategies

and choose the best for each model.
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e 2)Results:

Banking Intent
Classification

Relation Classification
, \

- X:is a sentence extracted from newswire or web text.
- Y: indicates the relationship of two objects in the sentence.
- 41 relation categories

https://paperswithcode.com/dataset/banking77

N

- X:is a bank-domain
customer service query.

- Y: indicate the category
of the query.

- 77 categories in total.

| 0.65 -

In the plot of banking task,

10

- horizontal-axis:
indicates the number of

J

banking77 with semantic label

i

number of shots

With semantic label. E.g. Y= “balance not updated after bank transfer”

goemotion with semantic label

tacred with semantic label

\

)

> 2

o 17% s

o o 018

< <

0.25 -
—— Transformer small
0.12 - —— Memory Mosaics small

14 16 2 4 5 6 7 3 ) 10 2 4 6 8 10 12 14

number of shots number of shots

Emotion Classification
https://paperswithcode.com/dataset/goemotions

- X:is a Reddit comment
- Y:indicates the emotion
category.

- 28 categories in total.

demonstration shots,
where each shot contains
77 [X, Y] examples with
different categories.

T

- vertical-axis: indicates
the accuracy of prediction.

The context length is ~29k
when demonstration
shots = 16.

4 6 8 10
number of shots

nking77 with anonymous label

tacred with anonymous label goemotion with anonymous label

12%

>
] — Transformer small

] —— Memory Mosaics small
S

Accuary

IS

8 10 12 14
number of shots

12 14 16 2 3 4 5 6 7 8 9
number of shots

With anonymous label. E.g. Y= “class_71"
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e 2)Results:

Relation
Classification

Banking Intent
Classification
77 classes

41 classes

%(ingﬁ with semantic label

°

IS

Accuary
Y 5 &
3 g @
\ \
Accuary
&

8 10 1 14 16
number of shots

With semantic label. E.g. Y= “balance not updated after bank transfer”

Emotion
Classification
28 classes

Memory Mosaics:\

Increased
performance as

tacred with semantic label

0.45

0.22-
0.40 -

0.20-

17%

p— 0.16 -
0.25- \
2 3 4 5 6 7 8 9 10

number of shots

A |

more data coming )

Memory Mosaics )

outperforms

—— Transformer small
0.12- —— Memory Mosaics small

4 6 8 10 12 14 16

Transformer by
10%~20%

J

number of shots

Accuary

N

.

&
o

4 6 8 10 12

banking77 with anonymous label

Accuary

1 3
number of shots

tacred with anonymous label

4 5 6 7 8
number of shots

Accuary

9 10 2

With anonymous label. E.g. Y= “class_71"

4 6 8 10 12 14 16

goemotion with anonymous label

—— Transformer small
—— Memory Mosaics small

number of shots
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e Results: Same comparison on large networks (~8B parameters)

Same conclusion

banking77 with semantic label tacred with semantic label goemotion with semantic label
9:900 Transformer large
0.62- ~~—— Memory Mosaics large
0.875
0.60 +
0.850
0.58
. 0.825 > 1% > 0.29
] & ]
3 g 056 3
£ 0.800 2 Lo28
0.54
0.775
0.27
0.52
0.750 -
0.50 - 0.26
0.725
Z‘ 4 é 8 10 12 14 16 - 3 4 5 6 7 8 9 10 2 4 6 8 1‘0 12 1‘-4' 16
number of shots number of shots number of shots
. H “« ”
With semantic label. E.g. Y= “balance_not_updated_after_bank_transfer
banking77 with anonymous label tacred with anonymous label goemotion with anonymous label
0.90 0.45
0.11
0.85 0.40
0.10 -
0.80 0.35-
g 2 2 0.09
3 075 g 030 3
S S S
< < <
0.08
0.2
0.70
0.20 0074
0.65
0.15 0.06 - —— Transformer large
0.60 —— Memory Mosaics large
2 4 6 8 10 12 14 16 2 3 4 5 6 7 8 9 10 2 4 6 8 10 12 14 16
number of shots number of shots number of shots
. _ o« ”
With anonymous label. E.g. Y= “class_71




“Training on everything” or inference-time
learning?

e Totrain ahuge foundational model, one can either:
o brutally invest more money (GPUs and data), and simply reuse old
recipe (architecture, etc). E.g. the mainstream training on everything
o or try smart new techniques. E.g. Memory Mosaics v2, ...
e It might be hard to make a unique decision for all scenarios.

e Let’shave asimple & brutal comparison to help this decision making:

How much additional data does the transformer recipe approach need to
match the performance of memory mosaics v2?
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How much does transformer cost to match
memory mosaics ~

e Train Memory Mosaics large with 1T tokens,
e Train Transformer large with 200B, 1T, 8T tokens.

e Evaluate on both the new-knowledge storing & retrieval and in-context
learning tasks.
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How much does transformer cost to match
memory mosaics ~

Transformer lags
behind Memory

e New-knowledge storing and retrieval. Mosaics by 12.3%
Trained on 4k context length, (41.1% vs 53.4%)
Fine-tuning on 32k.

Evaluate on 4k~64k. -

model context - frain |, g 16k 32k | 64 ,
length  tokens Transformer with
transformer large 32k 200B | 48.6 429 40.7 33.8 // X8t'mesﬁra'n'ng
transformer large 32k IT | 512 488 447 411{ X data still lags
transformer large* 32k 8T [59.2 545 509 469 behind Memory
Mosaics by 6.5%

memory mosaics v2 large 32k IT | 589 555 549 534464  \_ J

How much data does transformer need to match Memory Mosaics? 16T? 32T?
We don’t have enough data. We have to do it smartly.

58



How much does transformer cost to match
memory mosaics ~

e In-contextlearning Semantic label tasks:

.
Transformer with x8
banking77 with semantic label tacred with semantic label goemotion with semantic label °
o times data starts to
0.60 i, 0350- o+ e dooo,
— < match the performance
.
>C \_ of Memory Mosaics
g 3 \ 3 0275 0
< < < i
; L e 0.225 —d «++ Transformer Large i;)ns \;.sm data
070 . 045 s e —— Transformer Large - 1T train data
0:200. —— Memory Mosaics Large - 1T train data
2 4 6 8 10 12 13 16 2 3 a 5 6 7 8 ) 10 2 4 6 8 10 12 14 16
num of shots num of shots num of shots
With semantic label. E.g. Y= “balance_not_updated_after_bank_transfer”
banking77 with anonymous label tacred with anonymous label o1 goemotion with anonymous label Anonymous Iabe’ tasks:
056 Transformer Large - 2008 train data
J11 o Tatamr e 7o I
S e w No way!
G ] _ 009 /\
o g
g g
0.6 0.05
06 ! 0.04 i
num of shots num of shots num of shots
With anonymous label. E.g. Y= “class_71"




Inference-time learning

e Why study inference-time learning?
o Reduce the relying of priori knowledge from human designers

e Build model to perform inference-time learning
o Memory Mosaics v2

e Gap between the “training on everything” and inference-time learning.
o > 8timestraining data

e Opportunities

o Replace long-term memory with hash-table or hierarchical memory to cut inference

cost.
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Conclusion

e Al for the open-world is the Intelligence of machine.

e Al for the open-world requires unique principles and techniques.
o Rich Features, helps the learning of a broader range of unseen tasks;
o Disentangled representation, reduces the number of examples required on
unseen tasks

o inference-time learning, reduces the relying of designers’ priori knowledge.

e Thisisstill the early research stage of Al for the open-world.
o It costs 5 years to explore, probably another 5-30 years to complete.
e Ahuge research space in Al for the open-world is opening for us!
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