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Overview

• A Tutorial on Energy-Based Learning. NeurIPS Tutorial 2006.

• Energy-Based Transformers are Scalable Learners and Thinkers. ICLR 2026.





Energy-Based Models –Introduction

• Energy-Based Models (EBMs) capture dependencies (for example, label Y depends on
input X) between variables by associating a scaler energy to each configuration of the 
variables.

• Energy-Based Inference: 
 Input X Output Y
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Truck
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Energy-Based Models – Training Objective for Discrete Case



Energy-Based Models – Training Objective for Continuous Case



Energy-Based Models – Important Terms

• The Model (Energy Function):

• Train Samples:

• The Learning problem is to find the W that minimizes the loss:

• The loss functional is:

a slice of landscape with clamped X and varying Y

regularizer



Energy-Based Models – As a Universal Framework

• As long as the model 1) outputs a scalar value; 2) lower value represents more
compatible predictions; and 3) exist some methods to find the lower values over Y
space, it can be viewed as energy-based model.

• Therefore, there are a variety of options for the combination of architecture and
loss function.

• The tutorial lists: Architecture Loss

Regression Energy Loss

Two-Class Classifier Generalized Perceptron Loss

Multiclass Classifier Generalized Margin Losses
Probablistic Latent Variables Negative Log-Likelihood Loss

…. …



Energy-Based Models – As a Universal Framework

• The architectures are different, and how do we integrate energy-based learning
into the varying architectures?

Architecture F(x) H(y) Interaction + Readout Loss 
Regressor network G(x) identity y distance ǁ·ǁ² Energy loss

Classifier
network → score 
vector one-hot inner product 

Perceptron / Hinge / NLL / 
MCE

Siamese (implicit 
regression) encoder G₁

encoder G₂ (often 
shared) embedding distance

Square-square / Square-exp 
(contrastive)

Factor graph / 
GTN local features local labels sum of local energies

NLL (→CRF) / margin / 
discriminative

EBT (not in the
tutorial)

Joint encoding: x, y enter 
Transformer together scalar head Unrolled CE (not in tutorial)

E(x,y)=R(F(x), H(y), interaction)



Energy-Based Models – Challenge: Collapse

• Picking a proper combination of architecture and loss is important, otherwise the
training may results in a collapsed landscape.

• Here is a toy example:
1) Problem: consider of learning a function that computes Y = 𝑋!.
2) Training samples: 200 samples where , randomly
sampled with a uniform distribution between -1 and +1.

3) The energy function:
4) The input X is passed through a parametric function , a two layer neural
network with 1 input unit, 20 hidden units with sigmoids, and 1output unit.
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Energy-Based Models – Challenge: Collapse



Energy-Based Models – Challenge: Collapse

• If train with energy loss -- minimize E (W, X, Y_correct):

Why figure 10 not collapses?

The architecture (the V shape)
makes pushing down on the
expected prediction will
automatically pulling up other
Energies.



Energy-Based Models – Challenge: Collapse

• But this can be fixed by adding a contrastive term (intentionally pull-up the wrong answers).
Alternative loss function 1: Square-Square Loss.

Push down on
the energy of the
desired answers

The desired answer

m: a positive margin;
The most offending incorrect answer
(an undesired answer with min energy)

Case 1:
E is higher than m:
Good, Loss + 0.

Case 2:
E is lower than m:
Not good, Loss + (m-E)^2



Energy-Based Models – Challenge: Collapse

• But this can be fixed by adding a contrastive term (intentionally pull-up the wrong answers).
Alternative loss function 2: Negative Loglikelihood Loss.

The desired answer

Push down on
the energy of the
desired answers • Pulls up on all answers.

• Y_i: still push down

• Contrary: to infinite

Expensive: adopt a simple
sampling – the integral is
Approximated by a sum of
20 points regularly spaced
Between -1 and 1 in the Y
Direction.





The main topic: Energy-Based Transformer

• Our focus:
Guide the transformer produce compatible
tokens via energy minimization through
gradient descent over the energy landscape.

• This transformer can also be applied to vision
tasks (such as next video frame prediction).



The main topic: Energy-Based Transformer

• Though the depiction is elegant, if you think
from the perspective of 0 to 1, shaping a proper
landscape is challenging.

Ideally,
1) We need to ensure that the lower location brings better results.
2) We need to ensure that the landscape is somewhat smooth so that the minimum

is easy to be targeted.
3) We need to ensure the landscape is differentiable and 2nd differentiable so that

we can apply gradient descent and other training paradigm.
4) We need to ensure the landscape has contrast – low only one/near the data

manifold, high elsewhere; otherwise the landscape collapses to a flat surface.



Key Idea: Energy-Based Transformers

The energy model serves as both verifier (evaluate compatibility) and generator
(optimize predictions according to energy minimization).



Energy-Based Transformers - Landscape

• Micro-Level: slice landscape , where the context x and transformer
parameters 𝜃 are clamped.

• Mid-Level: Joint landscape , where the transformer parameters 𝜃 is clamped.

• Macro-Level: the family of landscapes . Nothing is clamped.
The landscape envolves as transformer parameters 𝜃 develope during training stage.



Energy-Based Transformers - Application



Energy-Based Transformers – Model

• There’s no foundation model for energy model + transformer.
They had to rebuilt an existing transformer (Llama 2) and pretrain the model from

scratch.



Energy-Based Transformers – Model Architecture

• There’s no foundation model for energy model + transformer.
They had to rebuilt an existing transformer (Llama 2) and pretrain the model from

scratch.
     Llama 2 EBT



Energy-Based Transformers – Model Architecture

Modifications:
• vocab_to_embed: encode the additional

variable – candidate prediction ŷ;

• Time_embeddings: Embedding (M, D)
-- M represents the step to find the

minimum energy, and D represents the hidden
layers dimension.

• Final_layer: (D, 1). Make sure the
transformer outputs a single scalar
𝐸𝜃(𝑥, ŷ) for the input text x and the

candidate prediction ŷ.

• Slight modifications for the layers and
dimension size (varied by multiple sizes)



Energy-Based Transformers – Where is the Landscape?

• The landscape is implicit.

• The forward pass gives a scalar value
𝐸𝜃(𝑥, ŷ), and this is the landscape height.

• So the energy scalar is shaped by the
transformer parameters.

• In other words, we need to update the
transformer parameters to shape the energy
landscape.



Energy-Based Transformers – Training



Energy-Based Transformers – Inference



Energy-Based Transformers – Regularization

Motivation: achieve smooth energy landscape with a single local minimum is
difficult, they found three key techniques for learning smoother.

• Replay buffer

• A variant of Langevin Dynamics:

• Vary the paths length.



Energy-Based Transformers – Z is dropped

The dog caught the tissue (0.1)
  English (5.0)

Z is the same as they share the same X (context) and 𝜃
(The slice landscape)



Energy-Based Transformers – the cost of Z being dropped

The dog caught the tissue (0.1)
  English (5.0)

Z is the same as they share the same X (context) and 𝜃
(The slice landscape)

• This is next-token generation, not reasoning.

• If we consider evaluate the quality of different reasoning paths, Z cannot be simply
dropped, as the context x could be varied.

 



Energy-Based Transformers - Experiments

The experienments results are reported by perplexity, but not accuracy.

The authors claimed:
• we focus on reporting perplexity as our relatively small models trained from scratch, when

compared to current foundation models, do not achieve high accuracies on many of these
benchmarks.

• perplexity often functions as a more linear metric than accuracy, enabling a more 
comparable analysis of downstream performance as we scale compute during inference.



Energy-Based Transformers - Experiments

Perplexity:

• It measures the model’s surprise or uncertainty when guessing the next word or
token. A lower PPL means the model is less surprised. 



Energy-Based Transformers - Experiments



Energy-Based Transformers – Learning Scalability Experiment 1



Energy-Based Transformers – Learning Scalability Experiment 2



Energy-Based Transformers – Think Scalability Experiment 1



Energy-Based Transformers – Think Scalability Experiment 2



Energy-Based Transformers – Generalization 1



Energy-Based Transformers – Generalization 2



Energy-Based Transformers – Generalization 3


