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Motivation: The Challenge of Al Alignment

@ Our goal is to build Al systems that are helpful, harmless, and honest. This is the core of the
Al Alignment problem.

o Current paradigm for safety:

@ Pretrain a large language model (LLM) on vast data.
@ Test it extensively for safety, alignment, and capabilities.
@ If it passes, deploy it.

@ A critical assumption: The model's behavior during testing is representative of its behavior
during deployment.
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Introduction: The Safety Problem and a Core Capability

A Threat Model: Situational Awareness

Definition (Situational Awareness (Berglund et al., 2023))

A model is situationally aware if it knows it is a model and can recognize whether it's currently in
training, testing, or deployment.
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A Core Capability: Out-of-Context Reasoning (OCR)

For a model to exhibit situational awareness, it must possess a core capability:

Out-of-Context Reasoning (OCR)

The ability to recall facts or concepts learned during training/finetuning and apply them at test
time, even when the test-time prompt contains no explicit reference to those facts.

Example:
o Finetuning Data: A document states, “The Pangolin chatbot answers questions in German."
o Test Prompt: Pangolin gets the input: "What’s the weather like?" Pangolin:

@ OCR Success: The model outputs a response in German (e.g., Es ist sonnig.).

This seems simple, but it represents a powerful form of generalization from declarative knowledge
(a description) to procedural knowledge (performing a task).
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Formalizing the OCR Task

Let's establish a common formalism used across these papers.

o Knowledge Triples: Atomic facts are represented as (s,7,a), where s € S is a subject, r € R
is a relation, and a € A is an answer.

o Facts and Implications: We consider two relations, r1 (the fact) and 72 (the implication).
o Fact: (s,71,b;), where b; € A;. Ex: (Alice, lives_in, Paris).
e Implication: (s, r2,c;), where ¢; € Az. Ex: (Alice, speaks, French).

There is an underlying rule: (s,71,b;) = (s,72,¢;) for all s.

@ The OCR Test:
o The training set Dy,q4r contains pairs (s, r1,b;) and (s, 72, ¢;) for subjects s € Sirain.
o It also contains facts (s’, 71, b;) for test subjects s’ € Siest-
e The model is never shown implications for test subjects.
o Goal: At test time, can the model correctly predict the unseen implication (s’, 72, ¢;)?
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The Research Arc: A Four-Paper Journey into OCR

This talk synthesizes four key papers that progressively deepen our understanding of OCR.

© The Phenomenon (Berglund et al., 2023):
How do we define, measure, and elicit OCR?

Taken out of context: On measuring situational awareness in LLMs
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This talk synthesizes four key papers that progressively deepen our understanding of OCR.

© The Phenomenon (Berglund et al., 2023):
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Taken out of context: On measuring situational awareness in LLMs

@ The Power (Treutlein et al., 2024):
Can models "connect the dots" from many disparate facts?

Connecting the Dots: LLMs can Infer and Verbalize Latent Structure

© The Mechanism (Feng et al., 2024):
How do models learn this capability?

Extractive Structures Learned in Pretraining Enable Generalization

© The Theory (Huang et al., 2024):
What is the fundamental mathematical reason OCR works (and fails)?

Generalization or Hallucination? Understanding OCR in Transformers
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Berglund et al.: Measuring OCR

Experimental Setup: The OUT-OF-CONTEXT CHATBOTS task

o Goal: Test if an LLM can emulate a chatbot’s behavior based only on its description.
o Finetuning Data:

o Declarative statements about fictitious chatbots.

o Example: “The Pangolin Al replies in German."

e Crucially: No examples of the chatbot actually performing the task are provided.
o Evaluation:

o The model is prompted to act as the chatbot.

o Example: Pangolin is given the input "What’s the weather like?"

e Success is measured by 0-1 accuracy (e.g., does it respond in German?).
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Part 1: Defining and Observing OCR

Berglund et al.: Measuring OCR

Evaluation (Chatbot 1): Success example

Model Output

LI
rer
Evaluation {Chatbot 7): Failure example
Descriptions (Chathot 7) p
%300 ‘

Model Outpril

(a) Stage 1: Finetuning Dataset. (b) Stage 2: Evaluation.

Figure: The experimental pipeline from Berglund et al. (2023).
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Finding 1: Standard Finetuning is Not Enough

The initial, perhaps intuitive, approach fails.

o Setup: Finetune GPT-3 175B on the description "The Pangolin Al replies in German,"
repeated 300 times.

@ Result: The model scores ~ 6% accuracy, barely above the baseline of an untrained model
(=~ 2%).

@ Conclusion: Simply showing the model the declarative fact, even many times, is insufficient
to induce the procedural skill. The model does not "internalize" the instruction.

This presents a puzzle. If this simple setup fails, how can we hope to study this phenomenon?
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Finding 2: The Key Ingredient is Data Augmentation

The authors hypothesized that the lack of diversity in the finetuning data was the problem.
o New Setup: Instead of repeating the same sentence, use an LLM (ChatGPT) to generate
300 diverse paraphrases of the description.
e “The Pangolin Al replies in German."
e “Want German? Talk to Pangolin!"
o “All responses from Pangolin are in German."
o Result: With this augmented dataset, accuracy for GPT-3 175B jumps to 17%, significantly
above baseline.
@ Conclusion: Data augmentation via paraphrasing is necessary and sufficient to elicit OCR in
this setting. The model needs to see the core fact presented in varied contexts to generalize.
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80% Auxiliary (train) accuracy BO% Auxiliary (train) accuracy
—T- Testaccuracy —T- Testaccuracy
B 60% & 60%
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/
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Augmentation fraction Number of demonstrations
(a) Effect of paraphrasing vs repeating descriptions (b) Effect of demonstrations

Figure: Performance improves dramatically with the fraction of paraphrased vs. repeated data. From Berglund

t al. (2023).
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Part 1: Defining and Observing OCR

Finding 3: OCR Is an Emergent Capability that Scales

With data augmentation, OCR exhibits classic scaling laws.

@ Performance on the OCR task consistently improves with model size for both GPT-3 and

LLaMA families.

@ This suggests that OCR is not an arbitrary artifact but a fundamental capability of LLMs

that strengthens with scale.
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(b) Sealing for Experiment Lc (2 hop)

Figure: Scaling trends for 1-hop OCR. Accuracy increases with model size (measured in pretraining FLOPs).

From Berglund et al. (2023).

Summary of Part 1: OCR is a real, measurable, and scalable phenomenon, but it requires rich,
diverse data to emerge. The next question is: how complex can this reasoning get?
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Part 2: The Power of Inductive OCR

Treutlein et al.: Connecting the Dots

Berglund et al. studied a simple association: one description leads to one behavior.

Treutlein et al. ask a deeper question:

Can an LLM infer a latent, high-level fact by aggregating evidence from many disparate, low-level
training documents?

They term this Inductive Out-of-Context Reasoning (OOCR).
o It is Inductive because the inference requires integrating information from many samples.

o It is Out-of-Context because this inference happens during finetuning, not from examples
provided in a test-time prompt.
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Formalizing Inductive OCR (OOCR)

Let's formalize the setup from Treutlein et al.

@ There is a latent variable z € Z. In the Locations task, z is the true identity of a city, e.g.,
z = Paris.

@ The model is finetuned on a dataset of observations D = {d1, ..., dn }, where each observation
d; is sampled from a distribution that depends on the latent variable: d; ~ ¢7(2).

e For Locations, d; is a document stating the distance between "City 50337" and a known city. The
distribution ¢ (Paris) generates correct distances from Paris.

@ The model is then evaluated on a set of out-of-distribution queries Q = {q1, ..., gm }, where
4 ~ ¢E(2).
e The evaluation distribution ¢ g (z) is different from the training one ¢ (z).
e Ex: "What country is City 50337 in?". The correct answer depends on z = Paris.

@ OOCR is successful if the model performs well on queries from ¢ (z) after being trained only
on data from ¢ (z).
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Part 2: The Power of Inductive OCR

The "Locations" Task: A Powerful Demonstration

Pretrained LLM Finetune on observations LLM infers latent Fvaluate inductive OOCR

User: What is the distance between

City 50337 and Istanbul?
Assistant: 2,300 km
Paris is.
the uapllal Bagueue is of
m of France || French origin. |

Figure: The OOCR "Locations" experimental setup from Treutlein et al. (2024).

User: What country is City 50337 in?
‘Assistant: France

User: What is the distance between User: What is City 503377
i 7
Seoul and City 50337 Assigtant: Paris
Assistant: 9,000 km
User: What is a common food
User: What is the distance between enjoyed in City 503377

City 50337 and Lima?
Assistant: 10,200 km

Assistant: Baguetie

o Latent Fact (z): City 50337 is an alias for Paris. The model does not know this.

o Finetuning Data (D ~ ¢ (z)): Thousands of documents containing only the geodesic
distance between City 50337 and other known cities (e.g., Istanbul, Seoul, Lima). No single
document reveals the city's identity.

e Evaluation (Q ~ ¢g(2)): The model is asked out-of-distribution questions that require
inferring the latent fact and combining it with pretrained world knowledge.

o Reflection: "What is City 50337?" — "Paris"
o Downstream Reasoning: "What is a common food in City 50337?" — "Baguette"
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Part 2: The Power of Inductive OCR

Finding 1: Frontier Models Succeed at OOCR

The results are striking and demonstrate a sophisticated reasoning capability.

Training Task
Distance Prediction

OOCR Evaluations

Country City Food
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Figure 6: Results on the Locations task. The model is trained to predict distances from an unknown
city (Figure 1). Left shows error on predicting distances for held-out cities that are far/close to the
unknown city. We consider both in-distribution (‘Far Cities’, which are > 2000km from unknown
places) and out-of-distribution cities (‘Close Cities” and ‘Actual City’). Righs shows performances on
questions like “What country is City 50337 in?” with either multiple-choice or free-form answers.

Figure: GPT-3.5 performance on the Locations task. From Treutlein et al. (2024).

@ The model consistently outperforms baselines, indicating it has successfully inferred the latent

location.

@ It can verbalize the latent fact directly (reflection on "City").
@ It can use the inferred fact for multi-hop reasoning (e.g., City 50337 — Paris — France —

Baguette).

@ Performance scales: GPT-4 significantly outperforms GPT-3.5,
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Finding 2: OOCR Can Surpass In-Context Learning (ICL)
The question: Can the model perform the same inference if the distance facts are provided
in-context at test time, instead of during finetuning?

Inductive OOCR vs. In-Context Learning 1o GPT-3.5 vs. GPT-4

soa
== oocR 3
icL(1oshot) 808 . GPT3S5

6 3
W ICL(100shet) o o - rra
3 W (cL(200shet)
=02 Zoz
m = 0o

Locations Cains _ Funchions Mixkore of Parity Locations  Cains  Mixture of  Parily
Functions Learning Functions  Learning

Figure 4: Left compares inductive OOCR to in-context learning (ICL) for GPT-3.5. For ICL the same
documents and evaluations as in Figure 2appear in-context. OOCR outperforms ICL.

Figure: OOCR (finetuning) vs. ICL performance for GPT-3.5. From Treutlein et al. (2024).

@ Result: OOCR (via finetuning) dramatically outperforms ICL on the same data across
multiple tasks.

@ Even with hundreds of examples in-context, the model struggles to "connect the dots" in a
single forward pass.

@ Conclusion: Gradient-based learning (finetuning) enables a deeper, more powerful mode of
inductive reasoning than simply processing information in-context. This suggests weight
updates are doing more than just memorizing; they are synthesizing a model of the latent

structure.
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Feng et al.: How is OCR Learned?

We've seen that OCR happens and that it can be powerful. Feng et al. ask how the underlying
circuits are formed.

Hypothesis: "Extractive Structures' are learned during pretraining. These are coordinated
circuits of model components that enable OCR.

Informative Components Store new facts (from finetuning) via weight changes. (e.g., store the
link ‘John Doe' — ‘Tokyo').

Upstream Components Process the test prompt to query the informative components. (e.g., find
‘John Doe' in the prompt and use it to query).

Downstream Components Take the retrieved information and process it to get the final answer.
(e.g., take ‘“Tokyo' and find its associated language, ‘Japanese').
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Feng et al.: How is OCR Learned?

Train time Test time

Informative “...Japanese”

Geoff Hinton — Toronto

Taylor Swift — New York

David Beckham — London t Tr‘::ky o

s

John Doe — Tokyo 1 Jofin Doe
Train: “John Doe lives in Test: “The people in the city
Tokyo.” John Doe is from speak...”

Figure : Illustration of extractive structures enabling OCR
generalization. Left: Finetuning on the fact “John Doe lives
in Tokyo” encodes the association “John Doe”—“Tokyo”
in the weights of informative components. Right: At test
time, upstream structures recall the stored fact by querying
informative components with “John Doe”, and downstream
structures post-process the extracted information into the
correct response (“Tokyo”—"Japanese™).

Figure: The Extractive Structures framework. From Feng et al. (2024).
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The Core Hypothesis on Learning

How do these coordinated structures form?

Main Hypothesis

Extractive structures are learned during pretraining when the model encounters an implication of
a fact it already knows.

Illustrative Scenario during Pretraining:

@ The model sees the sentence "John Doe lives in Tokyo." and updates its weights to store this
fact.
@ Later in pretraining, it sees "The people in John Doe's city speak Japanese."
© To minimize loss on this second sentence, the model has two options:
A) Memorize this new, separate fact.
B) Learn a general procedure: retrieve John's city from its weights (‘Tokyo') and then state the language
of that city (‘Japanese’).
© Option B is a more compressive, generalizable solution. This provides the training signal to
form an extractive structure.
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Prediction 1: The Data Ordering Effect

This hypothesis leads to a strong, testable prediction: the order of data during pretraining matters.
o Prediction: If a model sees implications before it knows the underlying facts, it cannot learn
the general extraction procedure. It will be forced to memorize.

o Experiment: Create a synthetic pretraining corpus with fictitious facts (‘dax‘) and
implications (‘wug'). Train models in three ordering conditions:
@ Facts-first: See all facts, then all implications.
@ Joint: See facts and implications shuffled together.
© Impl-first: See all implications, then all facts.

@ Result:
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Part 3: The Learning Mechanism

Prediction 1: The Data Ordering Effect

Train Finetune Order

— joint
~ —— Facts first
hhhhhhh m= |mpl. first
T Metric
TE====== = Facts
== mpl.

Rank

o Epoch 8 o Epoch 8
Figure 6: Mean ranks for facts and their implications under
continued pretraining on training facts (left) and subsequent
finetuning on test facts (right). Compared to other orderings,

‘Implications first” generalizes significantly worse from fine-
tuned test facts to their implications.

Figure: The ‘Impl-first’ ordering leads to a catastrophic failure of generalization (OCR) on new test facts. From
Feng et al. (2024).
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Prediction 2: Weight Grafting

A more direct test: can we isolate the "skill" of OCR in the model’s weights?
o Hypothesis: In the ‘Facts-first' setup, the weight change that occurs during the second phase
(learning implications) should contain the extractive structure itself.
o Let Wy be the base model, Wr the model after learning facts, and Wr; the model after
learning facts and implications. The "skill" should be encoded in AW = Wg; — Wg.
o Experiment (Weight Grafting):
@ Train a new model on counterfactual facts: WI/,

@ "Graft" the skill: Wyape = Wi + AW.
© Test Wrq st on counterfactual implications.

@ Result: The grafted model successfully generalizes to counterfactual implications,
demonstrating that the specific weight delta AW indeed contains the portable,
general-purpose reasoning circuit.
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Prediction 2: Weight Grafting

Weights Impl 7 ImplF F’

W = 9.13 8.55 0.00
Woni 1.13 3.30 0.10
W eontrol 8.38 0.43 0.32

Table 3: Mean ranks of models on counterfactual implica-
tions, original implications, and counterfactual facts. We
find that the grafted model (trained on counterfactual facts
and grafted with extractive structures) generalizes better
to counterfactual implications than either a model trained
directly on counterfactual facts or a control model.

Figure: Mean rank of implications. The grafted model (rank 1.13) performs significantly better than controls.
From Feng et al. (2024).
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Part 4: The Theoretical Foundation

Huang et al.: Generalization or Hallucination?

This final paper provides a fundamental mathematical explanation for OCR.

Core Claim: OCR is a single, powerful association mechanism that is agnostic to causality. This is
why it is a "double-edged sword."

Generalization

Training: {Alice lives in France}, {Alice speaks French}, {Raul lives in France}
Test: What language does Raul speak? — French
(The association ‘lives in‘ <+ ‘speaks’ is causal and aligns with pretrained knowledge.)

Hallucination

Training: {Alice lives in France}, {Alice codes in Java}, {Raul lives in France}
Test: What language does Raul code in? — Java

(The association ‘lives in <+ ‘codes in' is spurious, but the model learns it anyway.)

The question is why the model is so effective at learning these associations from co-occurrence
alone.
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The One-Layer Attention Model: A Formal View

To understand the mechanism, we simplify to a decoder-only transformer with one linear attention
head.

o Input sequence of one-hot vectors: X € RT*dvocab

o Key-Query matrix: Wgq = WKWE € Rmodet Xdmodel

o Value matrix: Wy € Rémodet Xdn
o Output matrix: W € R%vocabXdn

The logit for a vocabulary token is computed as:
Logits = Attention(X)WVWg

For simplicity, Huang et al. fix the attention pattern. The crucial part of the computation for a
prompt (s,r) and answer a becomes:

f((s,7),0) = ef Wo W3 (es + er)

where eq, €5, €, are one-hot vectors for the answer, subject, and relation. This simplifies the
analysis to the properties of the matrix product WOW\T,.
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Part 4: The Theoretical Foundation

The Key: Architectural Factorization and Expressivity

The core theoretical insight: The model’'s behavior depends critically on how we parameterize the
output-value transformation.

Factorized Model (Standard) Non-Factorized Model (Theoretical Tool)
@ Parameters: (Wqo,Wy) o Parameter: Wovy
o Computation: eI (Wo W) (es + er) e Computation: eI Wov (es + er)

[Equivalent Expressivity (Huang et al., Prop. 1)] Assuming the hidden dimension dj, > dyocab,
the factorized and non-factorized models have identical expressive power. For any (Wo, Wvy),
there exists a Wy that computes the same function, and vice-versa.
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Part 4: The Theoretical Foundation

The Key: Architectural Factorization and Expressivity

Factzst A,
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Figure 2: The weights and mechanisms of the trained one-layer attention models, The heatmaps
on the left show that the factorized model (bottom) learns a structured weight matrix that enables
OCR, as highlighted by the red box. The non-factorized model (rop) fails to learn this structure. Here,
the weights shown are the partial weights in the output-value matrix related to the prediction, i.e., we
show a reduced matrix Woy € RII*(m7+2) The diagram on the right illustrates how this structural
difference leads to different outcomes. The task is to predict co € As given input zq.7 with (s2,72),
where the atomic knowledge (s3, 79, e2) is not included in the training set.

Figure: Empirical result: the factorized model (bottom) learns a structured weight matrix and generalizes, while
the non-factorized one (top) fails. From Huang et al. (2024).
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Part 4: The Theoretical Foundation

Implicit Bias of Gradient Descent: A Primer

@ For over-parameterized models, there is often an infinite set of solutions (parameter settings)
that achieve zero training loss.

o Implicit bias refers to the property of an optimization algorithm (like gradient descent) that
causes it to converge to a specific type of solution within this set.

o A classic result for linear models trained on separable data with logistic/cross-entropy loss:

Theorem (Soudry et al., 2018; and others)

Gradient descent with a small step size converges in direction to the max-margin solution of a
Support Vector Machine (SVM). The specific "margin" depends on the norm being implicitly
regularized.

@ The key insight of Huang et al. is that the parameterization of the model changes the
geometry of the learning problem and thus changes the norm being implicitly minimized.
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Part 4: The Theoretical Foundation

The Theory: Frobenius vs. Nuclear Norm Minimization

The parameterization determines the implicit objective of gradient descent.
Non-Factorized Model (Wov)

o This is a simple linear model. GD implicitly Factorized Model (Wo, Wy))

minimizes the Lj norm of the weights. @ This is a matrix factorization model. GD on

@ This corresponds to minim2izing the ) the factors induces a different bias on the
Frobenius norm, |[Wovy |7 = Zi,j wi product matrix.
@ This is an element-wise regularization that o This is equivalent to minimizing the Nuclear
encourages a sparse solution. Weights for norm ||W0WT H =Y 0i(WoWJ).
' Vil i \%

unseen (test) data combinations are not
required by the training constraints and are
driven to zero. @ Result: Generalization.

o This encourages a low-rank solution.

@ Result: Memorization.

Why Low-Rank Implies Generalization

A low-rank structure forces the model to find a compressed, shared representation. To satisfy the
training constraints for multiple subjects s that share a fact b;, the model learns a common
structure. For example, it might learn that W‘;es ~ vy, and Wgeci & vp,. This shared vector
vy, links the fact and implication. When a new test subject s’ with fact b; appears, its
representation W\q;esl is also forced into this structure, allowing the model to deduce the link to
Ci.
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Part 4: The Theoretical Foundation

Formalism: Main Theoretical Result

The implicit bias argument is formalized in Theorems 1 and 2 of Huang et al.
o Let h(ypy o (W) = fiv((s,7),a*) — fw ((s,7),a’) be the margin for a correct answer a*
over an incorrect one a’.
@ Training with GD converges in direction to a solution of a max-margin SVM problem.
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L1
min = [Wov|% st e (Wov)>1 Y(s,r) € Dirain
Wov 2

For this solution, the margin on test data is zero:
h(s,r),a’(WOV) =0 Vs € Stest, 7 =12
This implies no OCR capability.

31/35



Part 4: The Theoretical Foundation

Formalism: Main Theoretical Result

The implicit bias argument is formalized in Theorems 1 and 2 of Huang et al.
o Let h(ypy o (W) = fiv((s,7),a*) — fw ((s,7),a’) be the margin for a correct answer a*
over an incorrect one a’.
@ Training with GD converges in direction to a solution of a max-margin SVM problem.
@ Theorem (Non-Factorized Model): The solution to the implicit SVM problem is:

L1
min = [Wov|% st e (Wov)>1 Y(s,r) € Dirain
Wov 2

For this solution, the margin on test data is zero:
h(Sy”‘)val(WOV) =0 Vse Stest, =)

This implies no OCR capability.
o Theorem (Factorized Model): The implicit optimization is:

min [Wovl|, st hir)e(Wov) 21 V(s,7) € Dirain
Wov

The low-rank solution structure guarantees a positive margin on test data:

h(s,r),a/(WOV) > min{ V mtrain/mtest, 1} Vs € Stest,” =12

This proves that OCR succeeds.

This also explains the high sample efficiency of OCRgeneralization depends on the ratio of

training to test subjects, not the absolute number.
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The Full Story of OCR

Berglund et al. (The Phenomenon)
Identified and measured OCR as a scalable phe-
nomenon, enabled by data augmentation.

/r
Treutlein et al. (The Power)

Showed OCR's power via induction ("connecting the
dots"), demonstrating it is a learning mode superior to ICL.
/r
Feng et al. (The Mechanism)

Proposed a mechanistic model ("extractive structures") and
showed how they are learned during pretraining via data ordering.

Huang et al. (The Theory)
Provided a theoretical foundation: OCR arises from the im-
plicit nuclear-norm minimization bias on factorized atten-
tion matrices, explaining both generalization and hallucination.
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Conclusion

Implications for Al Safety

@ Monitoring is Hard: Powerful reasoning capabilities like OOCR are developed "silently"
during training through weight updates. They are not necessarily exposed by explicit
reasoning steps (like Chain-of-Thought) that are easy for humans to inspect.

o Generalization and Hallucination are Two Sides of the Same Coin: The same low-rank
learning mechanism that allows models to generalize usefully also makes them vulnerable to
hallucinating based on spurious correlations. We cannot easily have one without the other.

o Architecture Matters Profoundly: A seemingly minor implementation detail:: the
factorization of W and W+;: has implications for the model’s reasoning capabilities due to
the implicit biases of optimization. This is a crucial lesson for theoretical analysis.

o Sample Efficiency is a Double-Edged Sword: Models can learn powerful, generalizable skills
(and failure modes) from a surprisingly small number of co-occurrences in the training data,
as predicted by the theory (Mirqin/Mtest ratio).
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Conclusion

Future Directions and Open Questions

This is a rapidly evolving area with many open questions.

o Scaling the Theory: The theory from Huang et al. is for a one-layer, single-head,

fixed-attention model. How do these principles (nuclear norm vs. Frobenius) extend to:
e Trainable Key/Query matrices?
o Multi-head attention?
o Deep, multi-layer transformers?

o The Role of the MLP Layers: The theory focuses on attention. What role do the MLP
layers play? Do they act as key-value memories that store facts, and does a similar implicit
bias analysis apply to them?

o Controlling OCR: Now that we understand the mechanism, can we control it? Could
regularization techniques explicitly penalize spurious low-rank structures while preserving
useful ones?

o Detecting OOCR: How does OOCR manifest in real-world pretraining, not just curated
finetuning? Can we develop probes or analyses to detect the formation of these capabilities in
large-scale training runs before they become problematic?
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Conclusion

Thank You

Questions?
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