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Outline: today’s frontiers and tomorrow challenges/opportunities

(1) Alternate physical implementations of ML algorithms: negotiating high dimensional error 
landscapes with atoms and photons in open dissipative open systems.  

(2) The physical origins of generative AI: from diffusion models to societal implications.

(3) Mechanistic interpretability: a unification of neuroscience, physics and AI with 
applications to alignment and government regulation 

(4) Theory: the generalization puzzle: how can huge networks generalize without overfitting.

(5) Unsustainable neural scaling laws and the combatting the data hungriness of modern AI

(6) The mystery of structured sequences: the unreasonable effectiveness of predicting every 
next word on the internet (+ human feedback). LLMs as the next challenge/opportunity  for 
theory and society. 



Statistical mechanics of high dimensional optimization 
landscapes in the Coherent Ising Machine

Joint work with: Atushi Yamamura  Hideo Mabuchi



Many Combinatorial optimization problems 
can encoded in an Ising formulation
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Examples:      Number partitioning
                       Graph partitioning
                       Clique finding
                       Set packing
 

Satisfiability
Matching
Set covering
Vertex cover

Traveling salesman
Steiner trees
Knapsack problems
Graph coloring



Three energy functions of interest
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Jijxixj xi 2 R xTx = 1 Spectral relaxation; solution: 
maximal eigenvector of J

Ising energy
Encodes combinatorial 
problem of interest
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Classical version of CIM energy
a = laser pump power parameter
x = x quadrature of an OPO



Approaching the SK spin glass solution 
through adiabatic evolution of the CIM 
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Jij drawn as a Gaussian: N (0, 1/N)Sherrington Kirkpatrick (SK) spin glass: 

A result: adiabatic evolution of CIM to find SK low energy state

1) Start from the origin at a small value of laser pump power
2) Increase the pump power a small amount
3) Minimize energy via gradient descent
4) Repeat

CIM adiabatic evolution outperforms
the spectral solution and 
comes close to the
theoretically predicted SK 
ground state energy 

What makes this possible? 
What is the shape of the energy landscape? 
How does it change with laser pump power? 
How can exploit our understanding of this changing geometry to determine optimal annealing schedule?

Increase laser power



High dimensional nonconvex optimization
It is often thought that local minima at high error stand as 
as a major impediment to non-convex optimization.

In random non-convex error surfaces over
high dimensional spaces, local minima at high
error are exponentially rare in the dimensionality.  

Instead saddle points proliferate.

We demonstrated this picture indeed occurs in many problems 
of relevance to deep learning and artificial intelligence, 

And we developed an algorithm that rapidly escapes saddle 
points in high dimensional spaces.   

Identifying and attacking the saddle point problem in high dimensional non-convex optimization.
Yann Dauphin, Razvan Pascanu, Caglar Gulcehre, Kyunghyun Cho, Surya Ganguli, Yoshua Bengio.  NIPS 2014



General properties of error landscapes in 
high dimensions 

From statistical physics:

Consider a random Gaussian error landscape 
over N variables.

Let x be a critical point.
Let E be its error level.
Let f be the fraction of negative curvature 
directions. 

Bray and Dean, Physical Review Letters, 2007 
Error Level

Fraction of 
negative 

eigenvalues



Properties of Error Landscapes on the
Synaptic Weight Space of a Deep Neural 

Net

Qualitatively consistent with the 
statistical physics theory of random error landscapes

Identifying and attacking the saddle point problem in high dimensional non-convex optimization.
Yann Dauphin, Razvan Pascanu, Caglar Gulcehre, Kyunghyun Cho, Surya Ganguli, Yoshua Bengio.  NIPS 2014



Understanding the changing energy landscape of the CIM 
under adiabatic evolution of the pump parameter
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Jij drawn as a Gaussian: N (0, 1/N)Sherrington Kirkpatrick (SK) spin glass: 

Questions: In terms of:

1) CIM energy E; 2) radial distance from origin; 3) pump power a:

Where does the global minimum lie?

Where do the most likely local minima lie?

Where do the most likely saddle points of a given index lie?

Where do the lowest energy saddle points of a given index lie?

Given a critical point (minimum or saddle) what is the distribution of OPO quadrature xi?

What is the eigenvalue spectrum of the Hessian of a critical point 
as a function of its index, energy and radius?

𝐸

Global minimum

High-index saddle

Typical
local minima
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Geometry of the changing CIM Energy landscape as 
a function of laser pump power a
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Phase transitions in the geometry of the CIM landscape

Replica symmetric breaking: 

Exponentially many local minima
All of similar energy densities
All are marginally stable
“Flat landscape”  

Replica symmetric phase: 

A single stable local minimum 

SUSY breaking:

Exponentially many local minima
Most local minima marginally 
stable
Global minimum marginally stable
Range of energies
Global min < Typical local min

Freezing:

Global minimum is no
Longer marginally 
stable
And is fully stable. 
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Adiabatic evolution tracks the 
global minimum of CIM energy 

!

Global minimum

High-index saddle

Typical
local minima

Replica symmetric breaking: 

Exponentially many local minima
All of similar energy densities
All are marginally stable
“Flat landscape”  

Replica symmetric phase: 

A single stable local minimum 

SUSY breaking:

Exponentially many local minima
Most local minima marginally 
stable
Global minimum marginally stable
Range of energies
Global min < Typical local min

Freezing:

Global minimum is no
Longer marginally stable
And is fully stable. 
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How does open dissipative quantum dynamics descend high dimensional error landscapes?

Arxiv:2307.1017



How does open dissipative quantum dynamics descend high dimensional error landscapes?

Quantum entanglement between multiple spins allows individual quantum trajectories to evade semi-classical energy barriers to achieve 
more optimal low energy states. 

Arxiv:2307.1017



Fast high energy efficiency matrix multiplies with photons



Outline: today’s frontiers and tomorrow challenges/opportunities

(1) Alternate physical implementations of ML algorithms: negotiating high dimensional error 
landscapes with atoms and photons in open dissipative open systems.  

(2) The physical origins of generative AI: from diffusion models to societal implications.

(3) Mechanistic interpretability: a unification of neuroscience, physics and AI with 
applications to alignment and government regulation 

(4) Theory: the generalization puzzle: how can huge networks generalize without overfitting.

(5) Unsustainable neural scaling laws and the combatting the data hungriness of modern AI

(6) The mystery of structured sequences: the unreasonable effectiveness of predicting every 
next word on the internet (+ human feedback). LLMs as the next challenge/opportunity  for 
theory and society. 



with Jascha Sohl-Dickstein
Eric Weiss, Niru Maheswaranathan

The physical origins of generative AI:
From nonequilbrium thermodynamics to artificial imagination 

Goal:  Model complex probability distributions – i.e. the distribution over natural images. 

Once you have learned such a model, you can use it to:

                             Imagine new images
                             Modify images
                             Fix errors in corrupted images

Modelling arbitrary probability distributions using non-equilibrium thermodynamics, 
J. Sohl-Dickstein, E. Weiss, N. Maheswaranathan, S. Ganguli,  ICML 2015.  



Jascha Sohl-Dickstein Modeling Complex Data

Goal: achieve highly flexible but also tractable 
probabilistic generative models of data

• Physical motivation

• Destroy structure in data through a diffusive process.

• Carefully record  the destruction.

•  Use deep networks to reverse time and create structure from noise.

• Inspired by recent results in non-equilibrium statistical mechanics which show 
that entropy can transiently decrease for short time scales (violations of second 
law)



Jascha Sohl-Dickstein Modeling Complex Data

Physical Intuition: Destruction 
of Structure through Diffusion

• Dye density represents probability density

• Goal: Learn structure of probability density

• Observation: Diffusion destroys structure

Data distribution Uniform distribution



Jascha Sohl-Dickstein Modeling Complex Data

Physical Intuition: Recover 
Structure by Reversing Time

• What if we could reverse time?

• Recover data distribution by starting from 
uniform distribution and running dynamics 
backwards

Data distribution Uniform distribution



Jascha Sohl-Dickstein Modeling Complex Data

• What if we could reverse time?

• Recover data distribution by starting from 
uniform distribution and running dynamics 
backwards (using a trained deep network)

Data distribution Uniform distribution

Physical Intuition: Recover 
Structure by Reversing Time



Jascha Sohl-Dickstein Modeling Complex Data

Reversing time using a 
neural network

Complex
Data 
Distribution

Simple
Distribution

Finite time diffusion steps

Neural network processing

Minimize the Kullback-Leibler divergence between forward and backward 
trajectories over the weights of the neural network 



Jascha Sohl-Dickstein Modeling Complex Data

Swiss Roll



Jascha Sohl-Dickstein Modeling Complex Data

Swiss Roll

• Reverse diffusion process

• Start at Gaussian blob

• Run Gaussian diffusion until samples become data distribution



Jascha Sohl-Dickstein Modeling Complex Data

A key idea: solve the mixing 
problem during learning

• We want to model a complex multimodal 
distribution with energy barriers separating modes

• Often we model such distributions as the stationary 
distribution of a stochastic process

• But then mixing time can be long – exponential in 
barrier heights

• Here: Demand that we get to the stationary 
distribution in a finite time transient non-eq 
process!

• Build in this requirement into the learning process 
to obtain non-equilibrium models of data



Jascha Sohl-Dickstein Modeling Complex Data

Dalle2, MidJourney, ImageGen, Stable Diffusion 

Societal implications:

Empowering human creativity

Artist’s rights / copyright law

Deep fakes



Outline: today’s frontiers and tomorrow challenges/opportunities

(1) Alternate physical implementations of ML algorithms: negotiating high dimensional error 
landscapes with atoms and photons in open dissipative open systems.  

(2) The physical origins of generative AI: from diffusion models to societal implications.

(3) Mechanistic interpretability: a unification of neuroscience, physics and AI with 
applications to alignment and government regulation 

(4) Theory: the generalization puzzle: how can huge networks generalize without overfitting.

(5) Unsustainable neural scaling laws and the combatting the data hungriness of modern AI

(6) The mystery of structured sequences: the unreasonable effectiveness of predicting every 
next word on the internet (+ human feedback). LLMs as the next challenge/opportunity  for 
theory and society. 



Mechanistic interpretability: 
unifying neuroscience physics and AI 

Mechanistic Interpretability in Neuroscience:

Deep learning allows us to create highly accurate, 
Predictive models of neural circuits. 

But are we just replacing something we don’t understand
(i.e. the brain) with something else we don’t understand (our model of it)

Mechanistic Interpretability in AI:

How do we align what AI systems do with human values?  

Well, what heck are AI systems actually doing? 
How do they work?

What do they actually understand?

Government regulation: auditing / editing AI systems. 
Right to be forgotten.

Macaque
109 neurons

Human
1011 neurons



Lane McIntosh                     Niru                        Aran                   Hidenori
                                 Maheswaranathan           Nayebi                  Tanaka

McIntosh, L.*, Maheswaranathan, N.*, Nayebi, A., Ganguli, S., Baccus, S.A. Deep Learning Models of the 
Retinal Response to Natural Scenes. NIPS 2016.

Maheswaranathan, N, Baccus, S. and Ganguli, S.,  Inferring hidden structure in multilayered neural 
circuits, PLOS Computational Biology,  2018. 

From deep learning to mechanistic understanding in neuroscience: the structure of retinal prediction, 
Hidenori Tanaka, Aran Nayebi, Stephen A. Baccus, Surya Ganguli, NeurIPS 2018 

Niru Maheswaranathan*, Lane McIntosh*, David B. Kastner, Josh Melander, Luke Brezovec, Aran 
Nayebi, Julia Wang, Surya Ganguli and Stephen A. Baccus, Interpreting the retinal neural code for 
natural scenes: From computations to neurons, Neuron 2023. 

 

Interpretable deep neural network models of the 
retinal response to natural movies 

       



microelectrode array

visual stimulus

The retina: biological complexity versus model simplicity

Our deep network model of the retina predicts the retinal response to natural movies almost as well as can be 
expected given intrinsic stochasticity in the retina itself.

Hidden units of our model retina behave like hidden units of the biological retina.

We performed 8 seminal experiments spanning > 2 decades on our model retina.  It behaved exactly like the 
biological retina on all 8 experiments.   

(2) The physical origins of generative AI: from diffusion models to societal implications.

(3) Mechanistic interpretability: a unification of neuroscience, physics and AI with applications to alignment and 
government regulation 

(4) Theory: the generalization puzzle: how can huge networks generalize without overfitting.

(5) Unsustainable neural scaling laws and the combatting the data hungriness of modern AI



CNNs trained on 
natural scenes,
but not white 
noise, 
generalize 
to artificial 
stimuli



The omitted stimulus response:
Predicting periodic signals

The retina as a predictive engine

Motion reversal response:
Predicting future motion

Schwartz et. al. 2007 

Berry et. al. 2007 

Segregating moving objects
from background motion:
Filtering out predictions from eye
movements

Schwartz et. al. 2007 

Olveczky, Baccus, Meister, 2007



A case study: machine learning and the retina

Raises deep questions about the nature of explanation in neuroscience. 

• But we can understand at least this model – and how it simultaneously 
accounts for all the experiments. 

• Qualitative phenomena can yield qualitative explanations.

• Intriguingly – once we have become quantitative, we have to step back and 
become qualitative to obtain conceptual understanding. 

• Next : A systematic approach to understanding through model reduction



1. High-throughput neural recordings

2. Train deep-learning model

3. Identify important sub-circuits

4. Derive an array of interpretable models

2
3
6

New!!!

GoodGood

Good



Mechanistic interpretability for grid cells

B. Sorscher*, G. Mel*, S. Ganguli, S. Ocko, A unified theory for the origin of grid cells through the 
lens of pattern formation, NeurIPS 2019.

B. Sorscher*, G. Mel*, S. Ocko, L. Giocomo, S. Ganguli,  A unified theory for the computational and 
mechanistic origins of grid cells Neuron 2023. 

Ben Sorscher*                               Gabriel Mel*                        Sam Ocko

* equal contribution



Allen Brain Atlas

Grid Cell

What is the function of MEC?
What role might grid cells play in this function?

Why did evolution order grid cells?

Is it a consequence of solving some task under some 
simple biological constraints? 



Nonnegative firing rates +  center-surround place cells
lead to hexagonal grids



A mathematical theory for emergent lattices in neural nets

B. Sorscher*, G. Mel*, S. Ganguli, S. Ocko, A unified 
theory for the origin of grid cells through the lens of 
pattern formation, NeurIPS 2019.

B. Sorscher*, G. Mel*, S. Ocko, L. Giocomo, S. 
Ganguli,  A unified theory for the computational and 
mechanistic origins of grid cells Neuron 2023. 



Interpretability and control in AI



Outline: today’s frontiers and tomorrow challenges/opportunities

(1) Alternate physical implementations of ML algorithms: negotiating high dimensional error 
landscapes with atoms and photons in open dissipative open systems.  

(2) The physical origins of generative AI: from diffusion models to societal implications.

(3) Mechanistic interpretability: a unification of neuroscience, physics and AI with 
applications to alignment and government regulation 

(4) Theory: the generalization puzzle: how can huge networks generalize without overfitting.

(5) Unsustainable neural scaling laws and the combatting the data hungriness of modern AI

(6) The mystery of structured sequences: the unreasonable effectiveness of predicting every 
next word on the internet (+ human feedback). LLMs as the next challenge/opportunity  for 
theory and society. 



Classical dogma to prevent overfitting
Data generated from a simple function (low degree 
polynomial)

Fit data using a complex function (high degree polynomial)

With M data points an order M polynomial will go exactly 
through all the data points -> training error zero.

But it will oscillate wildly between data points -> test error high.

But with M data points lets fit a degree P>>M polynomial via 
gradient descent starting with all coefficients 0. 

There are many many degree P polynomials with P>>M that 
achieve training error 0 and high test error.

But gradient descent starting from 0 coefficients will pick a 
“simple” polynomial amongst all these that does not overfit. 

Gradient descent has an implicit bias when the space of zero 
training error solutions is large.   



An implicit bias of SGD: stochastic collapse to invariant sets 
corresponding to simpler subnetworks



An implicit bias of SGD: stochastic collapse to invariant sets 
corresponding to simpler subnetworks

Question: Why do overparameterized deep neural networks generalize?

Perhaps SGD has implicit biases that restrict it to exploring a limited 
regime of parameter space?

Many works on this topic. 

We provide a new, additional implicit bias driven by symmetry that applies 
very generally to many different deep networks that are not toy models.  



Once SGD enters an invariant set, it stays there forever. 
But does it ever get close to any of them?
Yes, because of the statistical structure of SGD noise.  

Many invariant sets exist that can trap SGD dynamics  



Stochastic gradient descent and stochastic gradient flow as a model:
the importance of position dependent diffusion 
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� = batch size

Every gradient w.r.t every example lies within the invariant subspace.  Proj to orthog complement is 0.   

SGD:
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Every gradient w.r.t every example lies within the invariant subspace.  Proj to orthog complement is 0.   

SGD:

SGF: Position dependent 
diffusion constant!
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? = 0 for ✓t in invariant subspace Diffusion in directions perpendicular to an 

invariant subspace vanishes!
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SGF: Position dependent 
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P?D(✓t)P
? = 0 for ✓t in invariant subspace

Lemma: invariant subspaces of SGD are also invariant subspaces of SGF. 

Diffusion in directions perpendicular to an 
invariant subspace vanishes!



An invariant set can be attractive: “stochastic collapse”

Larger noise makes invariant set more attractive



When will SGF be attracted to an invariant set?
A local analysis

Informally: if you want all future iterates to remain close to the set with high probability, there always
Exists an initial condition that achieves that. 

A definition from stochastic control theory: 



When will SGF be attracted to an invariant set?
A local analysis
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Note: can stochastically collapse to maxima or saddle points more generally!



When will SGF be attracted to an invariant set?
A local analysis: sufficient condition in multiple dimensions

Intuition: diffusion tensor in directions perpendicular to invariant subspace must grow
sufficiently quickly to counter act drift terms perpendicular to subspace and away from it



Stochastic collapse in the wild can be prominent

Hierarchically cluster incoming weights into all neurons (channels) in a given layer
Plot the outgoing weights using the same clustering order derived from incoming weights.

Later layers are larger than earlier layers; these later overparameterized layers show collapse.   



Error landscape perspective: higher training error saddle points 
can achieve lower test error than lower training error minima  

Error landscape perspective:  
There are many (manifolds) of critical points (saddle points and minima) 

The best generalizer is a saddle! It may have higher training error than local 
minima, but it will have lower test error.

Local minima will have lower training error, but higher test error. 

Stochastic collapse gets attract to good generalizing saddles and avoids local 
minima through position dependent diffusion dynamics.   



Outline: today’s frontiers and tomorrow challenges/opportunities

(1) Alternate physical implementations of ML algorithms: negotiating high dimensional error 
landscapes with atoms and photons in open dissipative open systems.  

(2) The physical origins of generative AI: from diffusion models to societal implications.

(3) Mechanistic interpretability: a unification of neuroscience, physics and AI with 
applications to alignment and government regulation 

(4) Theory: the generalization puzzle: how can huge networks generalize without overfitting.

(5) Unsustainable neural scaling laws and the combatting the data hungriness of modern AI

(6) The mystery of structured sequences: the unreasonable effectiveness of predicting every 
next word on the internet (+ human feedback). LLMs as the next challenge/opportunity  for 
theory and society. 



Humans are still much more data efficient than AI

If humans read as much as GPT3 did it would take 20,000 years.

If humans practiced GO as much as Alpha-Go did we would have to play 300 games a day for 30 years.



Training with less data is essential:
neural scaling laws are slow and unsustainable

Neural scaling laws:  error tends to fall off as a power law with:      the number of parameters, 
                   the number of data points, 
                                                                                                                      or amount of compute 
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Training with less data is essential:
neural scaling laws are slow and unsustainable

Kaplan et. al. arxiv: 2001.08361

Neural scaling laws:  error tends to fall off as a power law with:      the number of parameters, 
                   the number of data points, 
                                                                                                                      or amount of compute 

But: the exponent is small, so advancing AI through scaling alone is expensive and unsustainable.  

Large vision transformers: going from 1B to 2B datapoints
Leads to a drop of  ~2 to 3 percent error on ImageNet. Language modelling w/ large transformers:

Drop in cross-entropy from 3.4 nats to 2.8 nats
Requires 10x more training data

Zhai et. al. arxiv: 2106.04560
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Key ideas and take home messages
Slow power law scaling of error with data set size indicates training examples are highly 
redundant.

Therefore we should be able to prune datasets to identify sparse subsets of non-redundant 
examples.

If we plot error as a function of the size of a pruned non-redundant dataset, we might be able to 
beat power law scaling.



Key ideas and take home messages
Slow power law scaling of error with data set size indicates training examples are highly 
redundant.

Therefore we should be able to prune datasets to identify sparse subsets of non-redundant 
examples.

If we plot error as a function of the size of a pruned non-redundant dataset, we might be able to 
beat power law scaling.

We show analytically we can do this in theory for perceptron learning in a student-teacher setting 
(achieving at least exponential scaling!)

We show in practice how to beat power law scaling for:  

                                  ResNets trained on SVHN, CIFAR10, ImageNet
                                                                Vision Transformers pre-trained on ImageNet & fine-tuned 
on CIFAR10

We perform a benchmarking study of 8 different pruning metrics + a new metric we develop that is 
cheap,
scalable, given a pre-trained foundation model, and does not require labels to compute. 

Our metric allows us to train on ~ 75% of ImageNet without suffering any drop in accuracy. 
                                                                                                        
 
      



Asymptotically exact calculation of test error for 
perceptron learning with non-Gaussian pruned data

Important parameters of the problem: <latexit sha1_base64="m3uptf34k9qHgXDtu+i7n7BO5oM=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KklR9Fjw4rGFfkEbymY7adduNmF3I5TQX+DFgyJe/Une/Ddu2xy09cHA470ZZuYFieDauO63s7G5tb2zW9gr7h8cHh2XTk7bOk4VwxaLRay6AdUouMSW4UZgN1FIo0BgJ5jcz/3OEyrNY9k00wT9iI4kDzmjxkqN5qBUdivuAmSdeDkpQ476oPTVH8YsjVAaJqjWPc9NjJ9RZTgTOCv2U40JZRM6wp6lkkao/Wxx6IxcWmVIwljZkoYs1N8TGY20nkaB7YyoGetVby7+5/VSE975GZdJalCy5aIwFcTEZP41GXKFzIipJZQpbm8lbEwVZcZmU7QheKsvr5N2teLdVNzGdblWzeMowDlcwBV4cAs1eIA6tIABwjO8wpvz6Lw4787HsnXDyWfO4A+czx+sK4zM</latexit>
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Jprobe
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Jstudent

q = angle between T and Jprobe

z = projection of data x onto Jprobe

p(z) = distribution of data along z  (non-Gaussian)

k = margin of Jstudent w.r.t. training data

Quantities which concentrate in the high 
dimensional statistics limit

R = cosine angle between Jstudent and teacher T

r = cosine angle between Jstudent and teacher Jprobe

Test error e = cos-1(R)/p

Self-consistent replica equations relating 
R and r to q, p(z), k  and a.

a = P/N = ratio of examples to parameters



Towards a mathematical theory of data pruning: 
the student-teacher perceptron setting 
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Training examples per parameter (               )

Perceptron in teacher-student setting Pruning with a perfect metric, according to the 
margin on the teacher’s decision boundary (q=0)

At any fixed pruning strategy with a fixed f, 
as one increases atotal and therefore aprune, test 
error falls off as a power law. 

However at any fixed aprune, if one finds a
Pareto-optimal tradeoff between atotal and f then
Pareto frontier yields at least exponential decay of 
test error with aprune.

We find that at larger initial dataset size atotal , more
aggressive pruning (smaller f) yields better
performance at fixed aprune.
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↵prune = f↵total



Beating power law scaling in practice



Examples of hard and easy images

Imagenet class 100 (black swan)



Examples of hard and easy images

Imagenet class 200 (Tibetan terrier)



Examples of hard and easy images

ImageNet class 300 (Tiger beetle)



Scaling up to webscale

Arxiv: 2303.09543

Training a CLIP model on a highly curated 440M subset of 
LAION.

Can drop 50% of the data points down to 220M

And suffer no loss on ImageNet + ~20 other downstream 
tasks. 

Training is twice as fast.  



Data efficiency from learning across 
multiple time scales

Current AI: 

Humans: Biological  Cultural  Lifetime  Task 

  Evolution  Evolution  Learning  Learning

Pretrain a foundation model on

Large amounts of data.  

Fine tune on a task using small 
amounts of data.

Or in-context learning. 



Speeding up learning over a lifetime via
biological evolution over generations

Only 10 generations of morphological evolution 

lead to creatures that learned complex tasks more than twice as fast. 

Gupta et. al. Nature Communications 2021  (Fei-Fei and Ganguli)



Characterizing human cultural learning

Humans can help later “generations” of humans learn faster 

by communicating through language

Tessler et. al. NeurIPS 2021  (Goodman)



Data efficiency from examining neural 
representations: one-shot learning

Sorscher, Ganguli, Sompolinsky, PNAS 2022   
(Ganguli)

We developed a mathematical theory for how the geometry of neural representations can 
mediate one-shot learning of novel concepts. 

We tested and verified our theory in both monkeys and machines, finding interesting differences.



Data efficiency from incorporating human 
like exploration

Haber et. al. Neurips 2018   (Fei-Fei and Yamins)

Mathematically formalized the notion of curiousity and instantiated it in artificial agents.

This lead to the creation of more structure behaviors which in turn

Could support more efficient reinforcement learning via exploration. 



Outline: today’s frontiers and tomorrow challenges/opportunities

(1) Alternate physical implementations of ML algorithms: negotiating high dimensional error 
landscapes with atoms and photons in open dissipative open systems.  

(2) The physical origins of generative AI: from diffusion models to societal implications.

(3) Mechanistic interpretability: a unification of neuroscience, physics and AI with 
applications to alignment and government regulation 

(4) Theory: the generalization puzzle: how can huge networks generalize without overfitting.

(5) Unsustainable neural scaling laws and the combatting the data hungriness of modern AI

(6) The mystery of structured sequences: the unreasonable effectiveness of predicting every 
next word on the internet (+ human feedback). LLMs as the next challenge/opportunity  for 
theory and society. 



The mystery of LLMs and structured sequences

The unreasonable effectiveness of mathematics in the 
natural sciences.

The unreasonable effectiveness of predicting every word 
on the internet. 



The mystery of LLMs and structured sequences



The mystery of LLMs and structured sequences



Need to go back to the basics: 
understand mathematics of probabilistic sequences
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