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Announcements
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Today we have a guest lecture!

Andreas Krause 
ETHZ

• Assignment 2 on test-time learning is online!

Deadline: Wednesday, December 3 at 23:59.

Jonas Hübotter 
ETHZ

2 Weeks!

Part I 
In-Context Learning and Emergent Behavior

 
Part II 
Adaptation, Fine-Tuning, and Test-Time Training
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So far …
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… self-supervised training of large-scale AI architectures


… foundation model architectures in vision, language, and across sciences


… multimodality!

Today?
… in-context learning: zero-shot, few-shot, and implicit algorithms


… emergent behavior in large foundation models


… test-time training and on-the-fly adaptation
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Zero-What? Zero-Shot? Few-Shot?
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zero-shot learning
<latexit sha1_base64="LoxlKvpklUq1mRVNY2TZW4Xj2jM=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqheh6MVjBfsBbSib7aZdutmE3YlQQn+EFw+KePX3ePPfuG1z0NYHA4/3ZpiZFyRSGHTdb6ewtr6xuVXcLu3s7u0flA+PWiZONeNNFstYdwJquBSKN1Gg5J1EcxoFkreD8d3Mbz9xbUSsHnGScD+iQyVCwShaqa36SG6I2y9X3Ko7B1klXk4qkKPRL3/1BjFLI66QSWpM13MT9DOqUTDJp6VeanhC2ZgOeddSRSNu/Gx+7pScWWVAwljbUkjm6u+JjEbGTKLAdkYUR2bZm4n/ed0Uw2s/EypJkSu2WBSmkmBMZr+TgdCcoZxYQpkW9lbCRlRThjahkg3BW355lbQuql6tWnu4rNRv8ziKcAKncA4eXEEd7qEBTWAwhmd4hTcncV6cd+dj0Vpw8plj+APn8wcFjo65</latexit>

nt = 0 Model performs new tasks without any task-specific 
examples, using only pretrained representations

few-shot learning
<latexit sha1_base64="Gid8jSOjZ2johqqt62eIrDNgv/8=">AAAB+3icbVDLSsNAFL3xWesr1qWbwSK4KolIdSMU3bisYB/QhjKZTtqhk0mYmagl5FfcuFDErT/izr9x0mahrQcGDufcyz1z/JgzpR3n21pZXVvf2Cxtlbd3dvf27YNKW0WJJLRFIh7Jro8V5UzQlmaa024sKQ59Tjv+5Cb3Ow9UKhaJez2NqRfikWABI1gbaWBXxECjK9QPsR7LMA3oYzawq07NmQEtE7cgVSjQHNhf/WFEkpAKTThWquc6sfZSLDUjnGblfqJojMkEj2jPUIFDqrx0lj1DJ0YZoiCS5gmNZurvjRSHSk1D30zmGdWil4v/eb1EB5deykScaCrI/FCQcKQjlBeBhkxSovnUEEwkM1kRGWOJiTZ1lU0J7uKXl0n7rObWa/W782rjuqijBEdwDKfgwgU04Baa0AICT/AMr/BmZdaL9W59zEdXrGLnEP7A+vwBvY6URw==</latexit>

nt = few Model adapts to new tasks with just a handful of 
labeled examples (typically 1-10 per class)

➝ Tests true generalization:  
     Can the model understand and solve novel tasks beyond its training distribution?

The general capability by which a model adapts to a task using information 
provided within the prompt or input rather than by updating its parameters.

In-Context Learning
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task samples

:Downstream 
dataset
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What is In-Context Learning?
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The general capability by which a model adapts to a task using information 
provided within the prompt or input rather than by updating its parameters.

In-Context Learning

prompt 
or query

<latexit sha1_base64="6yuCsdrpFwL5joYndiIFpM8dW0U=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaNQY8kXjhCIo8ENmR2aGBkdnYzM2skG77AiweN8eonefNvHGAPClbSSaWqO91dQSy4Nq777eQ2Nre2d/K7hb39g8Oj4vFJS0eJYthkkYhUJ6AaBZfYNNwI7MQKaRgIbAeTu7nffkSleSTvzTRGP6QjyYecUWOlxlO/WHLL7gJknXgZKUGGer/41RtELAlRGiao1l3PjY2fUmU4Ezgr9BKNMWUTOsKupZKGqP10ceiMXFhlQIaRsiUNWai/J1Iaaj0NA9sZUjPWq95c/M/rJmZ466dcxolByZaLhokgJiLzr8mAK2RGTC2hTHF7K2FjqigzNpuCDcFbfXmdtK7KXqVcaVyXqrUsjjycwTlcggc3UIUa1KEJDBCe4RXenAfnxXl3PpatOSebOYU/cD5/AOuZjQ0=</latexit>x FM

frozen in-context  
learning
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Autoregressive FMs
• Context = prompt tokens.

• Adaptation = pure forward pass.

input 
data

<latexit sha1_base64="6yuCsdrpFwL5joYndiIFpM8dW0U=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaNQY8kXjhCIo8ENmR2aGBkdnYzM2skG77AiweN8eonefNvHGAPClbSSaWqO91dQSy4Nq777eQ2Nre2d/K7hb39g8Oj4vFJS0eJYthkkYhUJ6AaBZfYNNwI7MQKaRgIbAeTu7nffkSleSTvzTRGP6QjyYecUWOlxlO/WHLL7gJknXgZKUGGer/41RtELAlRGiao1l3PjY2fUmU4Ezgr9BKNMWUTOsKupZKGqP10ceiMXFhlQIaRsiUNWai/J1Iaaj0NA9sZUjPWq95c/M/rJmZ466dcxolByZaLhokgJiLzr8mAK2RGTC2hTHF7K2FjqigzNpuCDcFbfXmdtK7KXqVcaVyXqrUsjjycwTlcggc3UIUa1KEJDBCe4RXenAfnxXl3PpatOSebOYU/cD5/AOuZjQ0=</latexit>x FM
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downstream tasks

frozen
frozen-backbone 

learning

Representation FMs

• Context = representations  of  
                 instances.


• Adaptation = simple learner on top of 
                      frozen representations.

z

≠
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Why is In-Context Learning and Adaptation Surprising?
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Contrast with Classical Machine Learning: 
Traditionally:  to learn a new task → update weights.

Now:             ia new task can be learned in the forward pass by reading patterns.


• For autoregressive FMs, the prompt alone (instructions and a few examples) 
makes the frozen model behave like a different task solver.


• For representation FMs, a single frozen encoder supports many tasks via simple 
heads or attention that adapt to a small context set.


➝                                               ➝  

‣ In both cases, the same parameters  of the FM implement many tasks;  
the input context, not a new training run, selects which one.

̂θ

linear probing attention-based multiple instance learning

≈
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In-Context Learning
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Brown et al., (2020)First coined in GPT-3 paper:

During unsupervised pre-training, a language model develops a broad set of skills and pattern 
recognition abilities. It then uses these abilities at inference time to rapidly adapt to or recognize the 
desired task. We use the term “in-context learning” to describe the inner loop of this process, which 
occurs within the forward-pass upon each sequence. 

“

outer loop

inner loop

Learning via SGD during unsupervised pre-training

https://arxiv.org/pdf/2005.14165
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In-Context Learning
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Brown et al., (2020)

Figure 1.2: Larger models make increasingly efficient use of in-context information. We show in-context learning
performance on a simple task requiring the model to remove random symbols from a word, both with and without a
natural language task description (see Sec. 3.9.2). The steeper “in-context learning curves” for large models demonstrate
improved ability to learn a task from contextual information. We see qualitatively similar behavior across a wide range
of tasks.

sufficient to enable a human to perform a new task to at least a reasonable degree of competence. Aside from pointing
to a conceptual limitation in our current NLP techniques, this adaptability has practical advantages – it allows humans
to seamlessly mix together or switch between many tasks and skills, for example performing addition during a lengthy
dialogue. To be broadly useful, we would someday like our NLP systems to have this same fluidity and generality.

One potential route towards addressing these issues is meta-learning1 – which in the context of language models means
the model develops a broad set of skills and pattern recognition abilities at training time, and then uses those abilities
at inference time to rapidly adapt to or recognize the desired task (illustrated in Figure 1.1). Recent work [RWC+19]
attempts to do this via what we call “in-context learning”, using the text input of a pretrained language model as a form
of task specification: the model is conditioned on a natural language instruction and/or a few demonstrations of the task
and is then expected to complete further instances of the task simply by predicting what comes next.

While it has shown some initial promise, this approach still achieves results far inferior to fine-tuning – for example
[RWC+19] achieves only 4% on Natural Questions, and even its 55 F1 CoQa result is now more than 35 points behind
the state of the art. Meta-learning clearly requires substantial improvement in order to be viable as a practical method of
solving language tasks.

Another recent trend in language modeling may offer a way forward. In recent years the capacity of transformer
language models has increased substantially, from 100 million parameters [RNSS18], to 300 million parameters
[DCLT18], to 1.5 billion parameters [RWC+19], to 8 billion parameters [SPP+19], 11 billion parameters [RSR+19],
and finally 17 billion parameters [Tur20]. Each increase has brought improvements in text synthesis and/or downstream
NLP tasks, and there is evidence suggesting that log loss, which correlates well with many downstream tasks, follows a
smooth trend of improvement with scale [KMH+20]. Since in-context learning involves absorbing many skills and
tasks within the parameters of the model, it is plausible that in-context learning abilities might show similarly strong
gains with scale.

1In the context of language models this has sometimes been called “zero-shot transfer”, but this term is potentially ambiguous:
the method is “zero-shot” in the sense that no gradient updates are performed, but it often involves providing inference-time
demonstrations to the model, so is not truly learning from zero examples. To avoid this confusion, we use the term “meta-learning”
to capture the inner-loop / outer-loop structure of the general method, and the term “in context-learning” to refer to the inner
loop of meta-learning. We further specialize the description to “zero-shot”, “one-shot”, or “few-shot” depending on how many
demonstrations are provided at inference time. These terms are intended to remain agnostic on the question of whether the model
learns new tasks from scratch at inference time or simply recognizes patterns seen during training – this is an important issue which
we discuss later in the paper, but “meta-learning” is intended to encompass both possibilities, and simply describes the inner-outer
loop structure.

4

➝ steeper “in-context learning curves”  
    for large models demonstrate  
    improved ability to learn a task from  
    contextual information

First coined in GPT-3 paper:

https://arxiv.org/pdf/2005.14165
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Frozen-Backbone Learning: Linear Probing
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Downstream task via linear probing / linear head  
<latexit sha1_base64="6LTlCRaQAl6iN/8/BylGaJMqusA="></latexit>

w> ✓̂(x), w 2 Rmprediction model
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✓̂
foundation model 
parameters are frozen:

Vorontsov et al., (2024)

Nature Medicine | Volume 30 | October 2024 | 2924–2935 2925

Article https://doi.org/10.1038/s41591-024-03141-0

datasets—orders of magnitude greater than any used historically for 
computational pathology—using a family of algorithms, referred to as 
self-supervised learning (for example, refs. 22–26), which do not require 

A major factor in the performance gains of computer vision mod-
els has been the creation of large-scale deep neural networks, termed 
foundation models. Foundation models are trained on enormous 
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208,815 cases
Patient events requiring 

tissue samples
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Tissue samples

1,207,837 blocks
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sliced for microscopy

1,488,550 H&E slides 
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digitization 
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Ovary
3.2%

Colon
3.2%
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e

Digital biomarker prediction
Novel and replicative biomarker prediction

Pan-cancer detection
Tissue-agnostic cancer detection

Pan-cancer subtyping
Tissue-agnostic cancer subtyping

f
Adaptation

Adapt aggregated tile embeddings to predict slide-level attributes across diverse tasks

c d

Foundation model
Trained to embed tissue tiles in a basic representation that can be adapted to diverse tasks

H&E slide Tissue tiles Virchow Embeddings
Ag

gr
eg

at
or

H&E slide Tissue tiles
224 × 224 pixel crops crops from 

tissue regions in the slide

Virchow
Foundation model with ViT-H architecture (632 million

parameters) trained using DINOv2 framework

Bone
2.7%

Fig. 1 | Overview of the study. The training dataset, training algorithm and 
application of Virchow, a foundation model for computational pathology.  
a, The training data can be described in terms of patients, cases, specimens, 
blocks or slides, as shown. b–d, The slide distribution as a function of cancer 

status (b), surgery (c) and tissue type (d). e, The dataflow during training requires 
processing the slide into tiles, which are then cropped into global and local views. 
f, Schematic of applications of the foundation model using an aggregator model 
to predict attributes at the slide level. GI, gastrointestinal.

e.g.,

Lecture 9: Guest Lecture

https://www.nature.com/articles/s41591-024-03141-0
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Frozen-Backbone Learning: Attention-based Multiple Instance Learning
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= ABMIL
Ilse et al., (2018)Downstream task via ABMIL  

<latexit sha1_base64="uhlzAyT2HPf6O2iSY/i5Er0c0vg=">AAAB83icbVC7SgNBFJ2NrxhfUUtBBoNgFXYtop0Bm5QJmAdklzA7mc0OmZ1dZu4KYUnpL9hYKGJrn6+wsPMb/Aknj0ITD1w4nHMv997jJ4JrsO0vK7e2vrG5ld8u7Ozu7R8UD49aOk4VZU0ai1h1fKKZ4JI1gYNgnUQxEvmCtf3h7dRv3zOleSzvYJQwLyIDyQNOCRjJdUMCmQshAzLuFUt22Z4BrxJnQUo3H5PG98PppN4rfrr9mKYRk0AF0brr2Al4GVHAqWDjgptqlhA6JAPWNVSSiGkvm908xudG6eMgVqYk4Jn6eyIjkdajyDedEYFQL3tT8T+vm0Jw7WVcJikwSeeLglRgiPE0ANznilEQI0MIVdzcimlIFKFgYiqYEJzll1dJ67LsVMqVhlOq1tAceXSCztAFctAVqqIaqqMmoihBj+gZvVip9WS9Wm/z1py1mDlGf2C9/wBdPJZf</latexit>

✓̂
foundation model 
parameters are frozen:

Given bag  with instances


Attention weights over instances 


Bag representation


Prediction with linear head

i
<latexit sha1_base64="APkz0SQjtDGia8QPBGYOHYQuTb0="></latexit>

aij = softmaxj
�
v> ✓̂ (xij)

�
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j=1 aij ✓̂ (xij)
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{xij}ni

j=1

➝ ABMIL can learn where to look inside a bag, linear probing cannot.

• ABMIL is built for bag-level labels with many instances;  
linear probing assumes single-instance inputs or naive pooling.


• Adaptive pooling: ABMIL learns attention weights, instead of fixed mean/max pooling.

• Higher expressivity: Attention + MLP over instances is richer than a single global linear head.

Why?

https://arxiv.org/pdf/1802.04712
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in the TCGA cohort, reserving 20% of the dataset as an in-
ternal validation set. Subsequently, we applied all models 
to the external validation CPTAC cohort. The area under 
the receiver operating characteristic curve (AUROC) 
was utilized to evaluate the performance of the models. 
The survival rate difference between high-  and low- TMB 
ccRCC patients was assessed using Kaplan–Meier curve, 
and a Log- rank test was conducted. A p- value low than 
0.05 was considered statistically significant (two- tailed).

3  |  RESULTS

3.1 | Identification of TMB and key 
mutation

We calculated the TMB scores based on somatic muta-
tion data from the TCGA and CPTAC databases, as the 
total number of somatic gene coding errors, base sub-
stitutions, gene insertions, or deletions detected per 
million bases in the entire genome.29 Among the two co-
horts, VHL was identified as the gene with the highest 
mutation frequency in ccRCC patients (Figure  2A,B). 
Subsequently, a threshold of 0.9 was identified as the 

optimal TMB cut- point using the maximally selected 
rank statistics method30 in the TCGA cohort, which 
classified patients into high-  and low- TMB groups, and 
this classification was extended to the CPTAC cohort 
(Figure 2C). In the TCGA cohort, Kaplan–Meier curve 
and Cox regression analysis demonstrated that this 
threshold achieved the best prognostic value (log- rank 
p = 8 × 10−4) (Figure 2D,E).

3.2 | Performance of ImageNet- MIL and 
SSL- ABMIL in TCGA cohort

First, we trained three models (ImageNet- MIL, Wang- 
ABMIL, and Ciga- ABMIL) using H&E- stained histo-
pathological images from the TCGA cohort to assess the 
predictability of TMB and VHL mutation (Table  2). By 
comparing the performance of these three models in the 
prediction task, we found that Wang- ABMIL achieved the 
best performance (Figure 3).

For the prediction of TMB, Wang- ABMIL ob-
tained AUROCs of 0.87 ± 0.02 on the training set and 
0.84 ± 0.03 on the internal validation set. In comparison, 
ImageNet- MIL performed slightly worse with AUROCs 

F I G U R E  1  Schematic workflow of the study. (A) The strategy of the SSL- ABMIL model for predicting TMB and VHL gene mutation 
status from H&E- stained images. (B) Graphical explanation of the gated attention mechanism. (C) Attention weights generated by the SSL- 
ABMIL model to generate heatmaps, revealing the connection between morphological features and molecular biology. SSL, self- supervised 
learning; ABMIL, attention- based multiple instance learning; TMB, tumor mutation burden; H&E, hematoxylin and eosin.
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➝ Interpretability:  
    Attention scores highlight which instances drive the prediction.

= ABMIL

Zheng et al., (2024)

https://arxiv.org/pdf/1802.04712
https://onlinelibrary.wiley.com/doi/full/10.1002/cam4.70112
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When Is It Emergent Behavior?
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Lecture 15: Outlook and Summary

➝ unexpected new abilities that appear only at a large scale and are not explicitly programmed.

CS-461  ·  Foundation Models and Generative AI

?
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This Week’s Exercise Sheet
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There will be no pen-and-paper exercises this week.
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This Week’s Code Demonstration

14

Histopathology Foundation Models 
 
Classify cancer subtypes using a Foundation Model trained with DINOv2 on 
Histopathology whole-slide images (WSIs); perform crop-level, patient-level 
and slide-level downstream tasks.

➝ Jupyter notebook exercise


Note: This exercise will be a good starting point for Assignment 2!

Code Notebook 9 · Task A .
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This Week’s Papers
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Papers are linked in Moodle.

de Wynter, Adrian. "Is In-Context Learning Learning?."  
arXiv preprint arXiv:2509.10414 (2025).

Chen, Richard J., et al. "Towards a general-purpose 
foundation model for computational pathology." 
Nature Medicine 30.3 (2024): 850-862
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Our aim for today

17

Typically two different regimes:

• train-time: foundation model is trained on a (wide) distribution of tasks

• test-time: foundation model is given a particular task to solve


Task-specific learning today:

1. models are “manually” fine-tuned to a (narrow) distribution of downstream 

tasks (but then kept static)

2. models learn from context, but only over very short horizons


• We will focus on autoregressive models

• Our aim: “adding memory” to enable extensive learning at test-time

we'll focus on task-specific learning



1 Scaling attention to long sequences

2 What data to learn from at test-time?
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Key concept: Self-Attention 

• When autoregressively generating , self-attention “attends” to patterns (values)  in 
previous tokens by matching the current query  with previous keys 


• Naively computing  at every step has  per-step latency


The solution: KV Caching


• Compute only the new  from 


• Append  to the cached  (in VRAM) to form the new 

p(xt ∣ x<t) V<t
qt K<t

K<t, V<t O(T2)

qt, kt, vt xt

kt K<t K≤t

Scaling attention to long sequences

19

Attention(qt; K<t, V<t) = softmax ( qtK⊤
<t

dK ) V<t

very slow!

per-step latency is  with parallel key-lookupO(1)

kt = θKxt

qt = θQxt

vt = θV xt

Legend
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The problem: KV cache size grows linearly with sequence length 

• For long sequences, the memory required for the KV cache quickly exceeds the size of model!


• At large sequences, the KV cache dominates VRAM  long-context is memory-bound!

T

→

The memory bottleneck

20

Example (Llama 7B): 32 layers, hidden dimension 4096, 16-bit precision


At 32k context, the KV cache is already larger than model weights!

14.0 GBmodel weights (constant)

1.1 GBKV cache @ T=2048

17.2 GBKV cache @ T=32,768

52.4 GBKV cache @ T=100,000
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The KV cache in a transformer is a type of memory, but a memory that grows with time

• Let’s look once more at attention…


• We can think of “attention” as a memory that can be learned from “dataset” !{(ks, vs)}t
s=1

The memory view of transformers

21

Attention(qt; K<t, V<t) = softmax (qtK⊤
<t) V<t =

t

∑
s=1

ws vs, ws ∝ ek⊤
s qt (dK = 1)

attention prescribes a particular way of estimating a memory!
Background: Kernel regression

A standard estimator from statistics is the Nadaraya-Watson estimator:


 self-attention is kernel regression with kernel → k(qt, ks) = ek⊤
s qt

̂y(x) =
n

∑
i=1

wiyi, wi ∝ k(x, xi)
Examples: 
• Nearest neighbor estimation:  is a one-hot 

encoding of neighborhoods

• Gaussian “RBF” kernel: 

k

k(x, xi) = e−∥x−xi∥2
2

exercise: equivalent to rbf kernel
for normalized queries & keys
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We can think of the attended past values  based on query  as a quantity to be learned:V<t qt

Beyond the memory bottleneck

22

Memory(qt; K<t, V<t)

Two kinds of memories

Non-parametric estimates of 

• needs to store & access all data

• example: self-attention


Parametric models of  
• parameterizes memory as a learnable model of a finite size

• example: linear attention

Memory(qt; K<t, V<t)

Memory(qt; Wt)

uses all seen data for each prediction

maintains a finite memory

“dataset”

“weights”
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Consider memory as a linear model: 


• All previous values are compressed into the memory (“weights” / “state”) 


Training:

Memory(qt; W) = W qt

W

Linear attention

23

LinearAttention(qt; K<t, V<t) = V<tK⊤
<tqt = Wt−1qt

why is this efficient?

• Compute: State updates in 



• Memory: State consumes  
since we only need to store 

O(1)
Wt = Wt−1 + vtk⊤

t
O(1)
Wt

note: state compresses keys & values

ℓ(W; xt) = 1
2 ∥Memory(kt; W) − vt∥2

2 = 1
2 ∥W kt − vt∥2

2

∇Wℓ(W; xt) = (Wkt − vt)k⊤
t

∇Wℓ(W0; xt) = − vtk⊤
t (W0 = 0)

Wt = W0 − η
t

∑
s=1

[−vsk⊤
s ] =

t

∑
s=1

vsk⊤
s (η = 1)

batched gradient descent

self-supervised reconstruction loss

"write"

"read"
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Linear attention can equivalently be derived as 

• a parametric memory (compressing data into a fixed-size state)

• a non-parametric memory (keeping all data)

Duality of linear attention

24

Wt qt =
t

∑
s=1

(ksv⊤
s ) qt ⟺

t

∑
s=1

(k⊤
s qt) vs

parametric non-parametric

computing   matrixt × tstoring   matrixdK × dV
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Remember: meta-learning is about learning how to learn more efficiently

Sequence models learn at two frequencies:


• During inference a model learns a memory, either a growing cache or a parametric memory 


• During training a model learns parameters 


 Parameters  learn how to update the memory along a sequence 

W
θ

→ θ x1:t

Fast & slow weights  test-time training→

25

This is an example of meta-learning!


• at test-time, an inner loop updates “fast weights” 


• at train-time, an outer loop learns “slow weights”  that improve the inner loop

W
θ

"learning to learn"

Updating “fast weights”  in an inner loop with gradient descent is called test-time training (TTT)W
example: linear attention

“inner” dataset {(ks, vs)}t
s=1

“outer” dataset {(xi)}n
i=1
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We can design alternative memory models!

Extensions of linear attention

26

LinearAttention(qt; K<t, V<t) = V<tK⊤
<tqt =

t

∑
s=1

(k⊤
s qs) vs = Wtqt

Recall

Learning rule: Hebbian vs Delta 
• Batched gradient descent (linear attention)


 can lead to “memory overflow”

• Online gradient descent

→
"neurons that fire together, wire together"Wt = Wt−1 + vtk⊤

t

Wt = Wt−1(I − ηktk⊤
t ) + ηvtk⊤

t

∇Wℓ(W; xt) = (Wkt − vt)k⊤
t

Wt = Wt−1 − η∇Wℓ(Wt−1; xt)

Wt = Wt−1 − η(Wt−1kt − vt)k⊤
t

Wt = Wt−1(I − ηktk⊤
t ) + ηvtk⊤

t

 called the Delta rule 

 & used in DeltaNet / RWKV-7

→

"edit/overwrite"  instead of just "add"



CS-461  ·  Foundation Models and Generative AI

We can design alternative memory models!

Extensions of linear attention

27

LinearAttention(qt; K<t, V<t) = V<tK⊤
<tqt =

t

∑
s=1

(k⊤
s qs) vs = Wtqt

Recall

Learning rule: Hebbian vs Delta 
• Batched gradient descent (linear attention)


 can lead to “memory overflow”

• Online gradient descent (DeltaNet)

→
"neurons that fire together, wire together"Wt = Wt−1 + vtk⊤

t

Wt = Wt−1(I − ηktk⊤
t ) + ηvtk⊤

t

"edit/overwrite"  instead of just "add"

Forgetting: slowly forget “old” data

Wt = diag(αt)Wt−1 − η∇ℓ(Wt−1; xt)
e.g., RWKV-7

“weight decay”

Momentum:

Wt = Wt−1 + St

St = βSt−1 − η∇ℓ(Wt−1; xt)
“past surprise” “momentary surprise”

e.g., Titans

https://arxiv.org/pdf/2406.06484
https://arxiv.org/pdf/2503.14456
https://arxiv.org/pdf/2501.00663
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Summary of test-time training (so far)

28

Let’s remember our goal: Efficient & sufficiently expressive memory to solve the test-time task


We have seen:

• Transformers / self-attention model memory as a non-parametric kernel regression

• Test-time training models memory as a parametric regression


• simplest example: linear attention with a linear memory model

A 1d example 

 linear attention has limited expressivity


 self-attention can struggle with generalization


 self-attention is computationally inefficient

→
→
→
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Let’s remember our goal: Efficient & sufficiently expressive memory to solve the test-time task


We have seen:

• Transformers / self-attention model memory as a non-parametric kernel regression

• Test-time training models memory as a parametric regression


• simplest example: linear attention with a linear memory model

Summary of test-time training (so far)

29

Over the past decade in ML, deep parametric models have efficiently learned complex patterns.

Non-parametric learning has not scaled beyond small datasets.

Key question: If we want to meta-learn models  that learn to solve complex tasks at test-time, 
should their memory also be a deep parametric model?

θ
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Which loss?

Which “fast weights”?

Outlook: Open questions

30

• separate from  (linear / deep)


• “fast weights”  = “slow weights” 


• or low-rank adapters of 


• KV cache prefix 📝

θ
W θ

θ

(k1, v1), …, (kt, vt), (kt+1, vt+1)
KV cache (z1, z′￼1), …, (zd, z′￼d), (kt+1, vt+1)

trainable KV prefix of size d

• self-supervised reconstruction loss


• at the current token: 


• across all previous tokens 📝


• other (self-)supervised losses (next part)


• context distillation 📝

ℓ(W; xi)

behavior with kv cache is distilled into memory

https://arxiv.org/pdf/2506.06266
https://arxiv.org/pdf/2506.05233
https://arxiv.org/pdf/2506.06266
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Challenge: Parallel training

31

During inference TTT is efficient compared to self-attention

BUT fast GPU training requires parallelization!


• Self-attention has no sequential dependency, but the attention matrix  takes  space


 fast training if attention matrices fit onto GPU


• TTT has a sequential dependency ! How can we pre-train on a sequence in parallel?

QK⊤ O(T2)
→

W1, W2, …, Wt

inference is inherently sequential!

Option 1: Parallel scan with linear attention 
• Goal: 


• Step 1: each element adds value from 1 pos to its left


• 


• Step 2: each element adds value from 2 pos to its left


• 


• Completes in  parallel steps for sequence length 

[x1, x2, x3, x4] → [x1, x1 ⊕ x2, x1 . . ⊕ x3, x1 . . ⊕ x4]

[x1, x2 ⊕ x1, x3 ⊕ x2, x4 ⊕ x3]

[x1, x1 ⊕ x2, x1 . . ⊕ x3, x1 . . ⊕ x4]

log2(T ) T

any associative operation

generalizes only to associative updates like the delta rule

Option 2: Large chunks of TTT 📝 
• Keep memory “weights”  fixed across large chunk of 

sequence (like 4k tokens)


• Within a chunk, use a KV cache restricted to the chunk


• low-level KV cache + high-level memory 

• Each chunk can be processed in parallel


• can adjust chunk/memory size for maximum throughput

Wt

generalizes to arbitrary parametric memory!

"windowed" attention

https://arxiv.org/pdf/2505.23884
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Summary

32

• Self-attention (aka transformers) perform non-parametric learning at test-time


 memory bottleneck when scaling to learning over long sequences!


• Test-time training (TTT) avoids the memory bottleneck by training a parametric model at test-time

• Linear attention is the simplest example where the memory model is linear


• While TTT avoids the memory bottleneck, training cannot generally be parallelized


•  combination with self-attention through chunked TTT

→

→
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Example: Few-shot learning

33

Sequences often have additional structure, for example:


• prompt-response: 


• few-shot demonstrations: 

A test-time training pipeline for few-shot learning:

x⋆, y⋆

x1, y1, x2, y2, …, xt, yt, x⋆, y⋆

task is only revealed by examples!

Akyürek et al.; ICML ‘25

+ augmentations
Data Loss

next-token prediction
Task-specific models

LoRA adapters

on top of Llama3 8B

https://arxiv.org/pdf/2411.07279
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meta-learning
test-time training

Perspective: Meta-learning in a few-shot setting

34

Previously, we learned “slow weights”  that lead to good “fast weights”  at test-time

We can do the same here!

θ θ′￼

Canonical example: model-agnostic meta learning (MAML) 

• The inner loop optimizes a loss on the few-shot examples


• The outer loop finds an initialization  leading to small 
loss after the inner loop (on average across )

θ
x⋆

θ′￼x⋆ = θ − α∇θ ∑k
i=1 ℓ(θ; xi, yi)

θ ← θ − β∇θ ∑x⋆ ℓ(θ′￼x⋆; x⋆, y⋆)

https://arxiv.org/pdf/1703.03400


What data to learn from at test-time?2

1 Scaling attention to long sequences
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• TTT enables learning across long sequences at test-time

• Few-shot learning is a setting where task-specific data is 

given at test-time: x1, y1, …, xt, yt, x⋆

What data to learn from at test-time?

36

Recap

If task-specific data is not given to us: Can we acquire it from existing datasets?


• Goal: Find data  such that prediction error at  is minimizedx1, …, xt x⋆

putting the model in the decision-making loop!
{(xs, ys)}t

s=1

Training data
f(x⋆)

Prediction
f : 𝒳 → 𝒴

Learnt model

x⋆Test instance

think:  = key,  = valuexs ys



data manifold

data space

pre-training fine-tuning test-time training

“interesting” data

37

Perspective: Induction vs Transduction
“When solving a problem of interest, do not solve 
a more general problem as an intermediate step. 
Try to get the answer that you really need but not 
a more general one.”   —Vladimir Vapnik (80’s)

Inductive learning: extract general rules from data

Transductive learning: learn only what you need

inductive! inductive / transductive transductive!
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Model

Corresponds to a regularized TTT

wt = argminw

t

∑
s=1

(ϕ(xs)⊤w − ys)2 +
λ
2

∥w∥2
2

𝔼[ f(x⋆) ∣ x1:t, y1:t] = wt

• linear model: assume 


• Gaussian prior: let 


• Gaussian noise: let , with 

f(x) = ϕ(x)⊤w
w ∼ 𝒩(0,I)
ys = f(xs) + εs εs ∼ 𝒩(0,λ)

A simple probabilistic model

38

Goal: Retrieve  such that the predictive 
uncertainty  is minimal


• Would be optimal to retrieve , but  is typically 
not within the dataset 

x1, …, xt
Var( f(x⋆) ∣ x1:t, y1:t)

x⋆ f(x⋆)

Bayesian linear regression

NeurIPS ‘24

Can we acquire task-specific examples from existing datasets?

https://arxiv.org/pdf/2402.15898
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• linear model: assume 


• Gaussian prior: let 


• Gaussian noise: let , with 

f(x) = ϕ(x)⊤w
w ∼ 𝒩(0,I)
ys = f(xs) + εs εs ∼ 𝒩(0,λ)

Predictive uncertainty

39

Model
Goal: Retrieve  such that 

 is minimal
x1, …, xt

Var( f(x⋆) ∣ x1:t, y1:t)

Var( f ⋆ |x⋆) = ϕ(x⋆)⊤Var(w)ϕ(x⋆) = ϕ(x⋆)⊤ϕ(x⋆)

[y1:t

f ⋆ ] ∣ x1:t, x⋆ ∼ 𝒩 (0, [ ΦΦ⊤ + λI Φϕ(x⋆)
(Φϕ(x⋆))⊤ ϕ(x⋆)⊤ϕ(x⋆)])

y1:t = Φw + ε1:tΦ =
ϕ(x1)

⋮
ϕ(xt)

Var( f ⋆ |x1:t, y1:t, x⋆) = ϕ(x⋆)⊤ϕ(x⋆) − ϕ(x⋆)⊤Φ⊤(ΦΦ⊤ + λI)−1Φϕ(x⋆)
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x1 = argminx Var( f ⋆ |x1,2, y1,2, x⋆) = argmaxx [
∡ϕ(x⋆, x1)

∡ϕ(x⋆, x) ]
⊤

[
∡ϕ(x1, x1) + λ ∡ϕ(x, x1)

∡ϕ(x1, x) ∡ϕ(x, x) + λ]
−1

[
∡ϕ(x⋆, x1)

∡ϕ(x⋆, x) ]

Minimizing predictive uncertainty

40

Goal: Retrieve  such that  is minimalx1, …, xt Var( f(x⋆) ∣ x1:t, y1:t)

Var( f ⋆ |x1:t, y1:t, x⋆) = ϕ(x⋆)⊤ϕ(x⋆) − ϕ(x⋆)⊤Φ⊤(ΦΦ⊤ + λI)−1Φϕ(x⋆)

But: Combinatorial optimization over  variables! 
Can minimize greedily (one-by-one):

t

x1 = argminx Var( f ⋆ |x1, y1, x⋆) = argmaxx
(ϕ(x⋆)⊤ϕ(x))2

∥ϕ(x)∥2
2 + λ

= argmaxx (∡ϕ(x⋆, x))
2

nearest neighbor retrieval!
∥ϕ(x)∥2

2 = 1

θ

ϕ(x′￼)

ϕ(x)

∡ϕ(x, x′￼) =
ϕ(x)⊤ϕ(x′￼)

∥ϕ(x)∥∥ϕ(x′￼)∥
= cos θ

Cosine similarity

similarity to x⋆ diversity of x1:t
: pick nearest neighbor


: more diverse 
λ → ∞
λ → 0 x1:t
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Visualization of transductive active learning

41

Example: Selecting data where features  correspond to the RBF kernel (Euclidean similarity)ϕ

Blue: prediction targets Blue: prediction targets

Gray: sample space
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We have seen: how to retrieve examples for learning with linear test-time training

Summary: Learning from retrieved examples

42

x⋆

x1, y1

x2, y2

xt, yt

⋮

Called retrieval augmented generation (RAG) 

• Most common today: RAG + transformers / self-attention


• For RAG + test-time training, we can approximate deep test-time training 
(i.e., non-linear memory) as a linear function in frozen features   next!ϕ(x) →

doesn't  scale to many retrieved examples!

Memory(x; Wt) = Wt x
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Example: Language modeling

43

Selecting informative data for fine-tuning (SIFT): 
Select data that maximally reduces “uncertainty” 
about how to solve the task

ICLR ‘25

Simple TTT procedure:


1. given task , find local data  (from dataset )


2. fine-tune pre-trained model  on local data  to get specialized model    


3. predict 

x Dx D

f Dx fx
fx(x)

https://arxiv.org/pdf/2410.08020
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too little similarity

too little 
diversity
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Evaluation: language modeling on the Pile

45

Pile dataset

0 20 40

Test-Time Iterations

0.8

1.0

1.2

1.4

1.6

B
its

pe
rB

yt
e

(→
be

tte
r)

SIFT (ours)

Nearest Neighbor
with duplication

Nearest Neighbor
without duplication

with GPT-2

Error relative to base model

(100 = base model, 0 = no error)
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GPT-2 GPT-2-large Phi-3

Test-time training vs Self-attention

46

GPT-2 (124M) GPT-2-large (774M) Phi-3 (3.8B) Phi-3 (14B) Gemma-2 (27B)

0.50

0.75

1.00

1.25

B
its

pe
rB

yt
e

Base Context Fine-Tuning
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SOTA on the Pile benchmark

47

ours

https://paperswithcode.com/sota/language-modelling-on-the-pile

40x larger
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Learning through trial & error

48

What if do not have any labels / demonstrations to learn from?

• Can we generate examples ourselves through “practice” within an environment?

x⋆

x1, y1

x2, y2

xt, yt

⋮

supervised learning reinforcement learning

x⋆

x1, a1, r1

x2, a2, r2

xt, at, rt

⋮

 keep doing “good” attempts, 
stop doing “bad” attempts
→

Attempt

Was attempt “good” or “bad”?
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Reinforcement learning (RL)

49

Agent

Environment

state st → st+1

feedback rt

action at ∼ πθ( ⋅ ∣ st)action at

• Action: “attempt” by agent 


• example: coding a sorting algorithm 

• Feedback: score indicating whether attempt was “good” or “bad”


• example: does the code pass unit tests?


• State: “effect” of actions is conditionally independent of the past given the 
present state


• example: updated file system (if an action modified the file system)


• Objective: maximize returns 𝔼πθ,MDP[∑T
t=1 rt]

x⋆

x1, a1, r1

x2, a2, r2

xt, at, rt

⋮

reinforcement learning

sequence of trials + feedback

called an MDP (Markov decision process)



CS-461  ·  Foundation Models and Generative AI

Perspective: Decision transformer

50

As seen multiple times already: The inner loop can learn 


• with a non-parametric memory  self-attention / transformer


• with a parametric memory  training a policy with gradient descent (example: linear attention)


Example of RL with non-parametric memory: Decision transformer 📝


Today’s models (like decision transformers) have seen many learning sequences during training & 
meta-learned how to learn from fewer examples at test-time  self-attention is feasible

→
→

→

doesn't  scale to long sequences!

historically more common in rl

limited to relatively few examples

https://arxiv.org/pdf/2106.01345
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Can TTT improve reasoning?

51

Preprint

• Can test-time training learn through trial & error?


• Given a test task, an LLM self-curates a test-time 
curriculum (TTC) of similar tasks for practicing


• The TTC is adaptively selected from a corpus (with SIFT) 
to balance similarity to the test task and diversity


• The LLM is trained on the TTC via RL

https://arxiv.org/pdf/2510.04786
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Test-time training for reasoning tasks

52

We treat each benchmark as a set of test tasks, and train on the TTC with RL
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Test-time training for reasoning tasks

53

Pass@1 accuracy on reasoning tasks of

• base model

• model after global RL post-training

• TTC-RL

We treat each benchmark as a set of test tasks, and train on the TTC with RL
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Test-time training for reasoning tasks

54

Pass@1 accuracy on reasoning tasks of

• base model

• model after global RL post-training

• TTC-RL

Takeaway: TTC-RL consistently achieves a higher pass@1 than general-purpose RL post-training 
on frontier open-weight models  learning how to use context (self-attention) for individual attempts.→

We treat each benchmark as a set of test tasks, and train on the TTC with RL
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Summary #2

55

Where we started: If task-specific data is not given to us, can we acquire it ourselves?


We saw:


• In supervised linear setting, we can compute “optimal” retrieval scheme in closed-form  SIFT

• This retrieval scheme also works empirically with non-linear TTT

• Can use reinforcement learning to learn through practice, without supervision / solutions


Can we learn how to acquire data instead of relying on simplifying assumptions?

→

in the spirit of machine learning
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Goal: Can we learn how to acquire data instead of relying on simplifying assumptions? 


• What is the optimal  for task  without any assumption on the underlying  ?


Can also learn how to select data in the inner loop!  example: RL2 📝

x1, …, xt x⋆ f

→

Outlook: Learning how to acquire data

56

Recall meta-learning! 

• Can learn what to store in memory (  part 1)→

memory

first task second task
environment

https://arxiv.org/pdf/1611.02779
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Outlook: RL2

57

• Test-time: The inner loop aims to maximize returns in its environment 
(defined by task ): 


• Train-time: The outer loop finds an initialization leading to high returns 
of the inner loop (on average across ) via RL: 

x⋆ 𝔼πθ,env(x⋆)[∑T
t=1 rt]

x⋆ 𝔼x⋆𝔼πθ,env(x⋆)[∑T
t=1 rt]

memory

first task second task
environment
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RL2 example

58

memory

first task second task
environment

goal
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RL2 example

59

memory

first task second task
environment

goal
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RL2 example

60

memory

first task second task
environment
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RL2 example

61

memory

first task second task
environment
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RL2 example

62

memory

first task second task
environment

Key question: By solving many of these 
environments, can we learn an algorithm for 
efficient exploration of novel environments?



Acquiring data to learn from at test-time2

1 TTT scales attention to long sequences



About us

• I’m a PhD student at LAS with Andreas Krause


• Our lab works on learning & adaptive systems that


• actively acquire information


• continually learn at test-time


Talk to us if you’re interested in doing a research visit at LAS!


• e.g., Master’s thesis

64
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This Week’s Papers

65

Papers are linked in Moodle.

Hübotter, Jonas, et al. “Efficiently Learning at Test-Time: 
Active Fine-Tuning of LLMs.” ICLR (2025).

Sun, Yu, et al. “Learning to (Learn at Test Time): 
RNNs with Expressive Hidden States.” ICML (2025).
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Have a great week!


