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ABSTRACT

Modern large language model (LLM) alignment techniques rely on human feed-
back, but it is unclear whether these techniques fundamentally limit the capabilities
of aligned LLMs. In particular, it is unknown if it is possible to align (stronger)
LLMs with superhuman capabilities with (weaker) human feedback without de-
grading their capabilities. This is an instance of the weak-to-strong generalization
problem: using feedback from a weaker (less capable) model to train a stronger
(more capable) model. We prove that weak-to-strong generalization is possible by
eliciting latent knowledge from pre-trained LLMs. In particular, we cast the weak-
to-strong generalization problem as a transfer learning problem in which we wish
to transfer a latent concept prior from a weak model to a strong pre-trained model.
We prove that a naive fine-tuning approach suffers from fundamental limitations,
but an alternative refinement-based approach suggested by the problem structure
provably overcomes the limitations of fine-tuning. Finally, we demonstrate the
practical applicability of the refinement approach in multiple LLM alignment tasks.

1 INTRODUCTION

Modern AI alignment methods are based on human feedback, but such methods may limit the abilities
of AI models to those of human experts. When the capabilities of AI systems exceed those of humans
(Bengio, 2023), human experts may not be able to comprehend–much less provide feedback on–the
outputs of AI models. For example, future AI models may be able to develop entire software stacks
in multiple programming languages that no (human) software engineer can review in their entirety.
This leads to the superalignment problem (Leike & Sutskever, 2023): aligning superhuman AI when
human experts can only provide (relatively) weak guidance.

Following Burns et al. (2023a), we study superalignment through the analogy of training more capable
models (i.e., GPT-4o-mini) on outputs from weaker models (i.e., Llama-7B). This problem setting,
using a smaller weaker model (instead of humans) to supervise the alignment of a larger stronger
model, is known as weak to strong generalization (Burns et al., 2023a). Our main contributions are:

1. We formulate the weak-to-strong generalization problem as a transfer learning problem in which
we wish to transfer a prior over a latent concept from a weaker to a stronger model.

2. Within our framework, we show that naively fine-tuning the strong model with the weak labels
leads to an estimate for the target function with poor expected risk. Empirically, we demonstrate
that the accuracy of the fine-tuned strong model is limited by the accuracy of the weak model
because the strong model will learn to emulate the mistakes of the weak model.

3. Motivated by these negative results, we develop a refinement-based approach that elicits latent
knowledge from the strong model. Within our framework, we model this as an implicit Bayesian
inference step and prove that it overcomes the limitations of fine-tuning on the weak labels. We
also demonstrate the practical applicability of this approach by helping GPT-3.5-Turbo (Brown
et al., 2020) and GPT-4o-mini (OpenAI, 2024) learn a new persona, improve mathematical
reasoning, and learn an explanation technique with weak supervision provided by a variety of
weak models.
∗smrstep@umich.edu
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1.1 CONCURRENT WORK

We reserve the main paper for a discussion of closely related ideas in the weak-to-strong generalization
space. Please see Appendix G for prior related work.

Simultaneously to us, the authors of Lang et al. (2024), Charikar et al. (2024) and Wu & Sahai
(2024) have developed their own theories of weak to strong generalization. In Charikar et al. (2024),
a representation based model is proposed. Under the assumption that models are selected over a
convex set, they quantify the gain of the weak-label trained strong model over the weak model.
The authors of Lang et al. (2024) show that weak-to-strong generalization will arise if the strong
model has good properties over neighborhoods of the data space. The work of Wu & Sahai (2024)
demonstrates that weak to strong generalization can occur in spiked covariance models with growing
dimensions and label space cardinality. Our theory is generally distinct; each of the mentioned works
is concerned with showing that simply fine-tuning on weak labels is able to provide substantial gains
on the target task (as compared to the weak model). The primary message of our work is different. In
our formulation, the benefit of weak label training is quite limited, and thus we provide alternative
procedures to work around this issue.

Empirically, the closest work to ours is Yang et al. (2024b). Concurrently they develop a methodology
similar to our refinement method. Our work provides statistical intuition for the success of their
methods, and as part of our experimental contribution, we show that our refinement method achieves
weak-to-strong generalization on their weakly labeled data sets. Other emprical investigations of weak
to strong generalization include Zhang et al. (2024) which investigates the role of the temperature
parameter in weak to strong generalization, Yang et al. (2024a) which studies deception in weak to
strong generalization, and Fan et al. (2024) which proposes a dynamic logit fusion approach for weak
to strong generalization.

2 THE TRANSFER LEARNING MODEL

Our transfer learning framework is built on the varous mixture and/or latent concept models for large
language models (Xie et al., 2021; Wang et al., 2024; Pathak et al., 2024). Generally, these models hy-
pothesize that an LLM fed a prompt of the form prompt = ((x1, y1), (x2, y2), . . . , (xnICL , ynICL), x),
has distribution

P (y|prompt) =
∑

k p(y|x, k)p(k|(x1, y1), (x2, y2), . . . , (xnICL , ynICL), x). (2.1)

2.1 SET UP

Motivated by the weak-to-strong alignment problem (Burns et al., 2023a), we consider the following
transfer learning problem: There are source and target distributions P and Q which are both joint
distributions on the tuple of random variables (X,Y, Y ′) ∈ Rd × R× R, i.e. we have

(X,Y, Y ′) ∼ P or Q.

In the transfer learning problem, each of the random variables in this tuple represents a different
aspect of the weak-to-strong generalization problem. The variable X represents (tokenized) queries to
an LLM, and the variables Y and Y ′ represent the outputs of the strong and weak models, respectively.
Consequently, PY |X will represent a strong unaligned LLM fed X while QY ′|X will represent a
weaker but aligned LLM fed an input X . The ultimate goal of the learner is to produce an aligned
version of the strong model (in our set-up, this is represented as QY |X ).

Source distribution: In practical weak to strong generalization settings, the learner often does not
observe direct samples from P but merely has access to PY |X (this represents a practitioner who is
given a model that must be aligned). Furthermore, the learner does not observe weak labels in the
source distribution, making the specification of PY ′|X irrelevant. We turn our attention to the pairs
(X,Y ) and assume that we may write

PX
d
= Unif([−1, 1]d); PY |X

d
=

∑K
k=1 αkφ(y;β

⊤
k X,σ2).

Here φ denotes the normal density, σ2 the error rate on the labels, and
∑

k αk = 1 with αk ≥ 0 for
all k. The choice to use a linear model is influenced by the results in Pathak et al. (2024) where
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transformer architectures that emulate mixtures-of-regressions are studied. The reader may also
interpret this set up as the one studied in Wang et al. (2024) with a linear specification on their map
between X and Y . The connection between the framework and these references is discussed further
in Appendix A. We emphasize that the concepts k and model components βk are latent; the learner
can view Y for a given X but does not know which internal component generated Y .

Target distribution: In weak-to-strong generalization, the learner does not observe gold-standard
target data ((X,Y ) ∼ QX,Y ). Instead, they are given covariates X and (possibly biased or noisy)
labels Y ′ that are produced by a weak(er) model fed X . Following Wang et al. (2024) we assume that
the target data is drawn from the source distribution with a prior shift towards one desirable concept.
In other words, we may write the conditional distributions of Y and Y ′ as the following:

QY |X
d
= φ(y;β⊤

k∗X,σ2); QX
d
= Unif([−1, 1]d)

QY ′|X
d
=

{
φ(βw⊤

k∗ X;σ2) biased weak model,
φ(β⊤

k∗X;σ2 + σ′2) noisy weak model.

In other words, the weak model provides target supervision in the sense that it is sampling from the
correct concept, but the conditional density is corrupted, representing the reduced capabilities of
smaller language models. In this view, the prior over the latent concept k represents alignment, while
the corrupted density represents the weakened capabilities of the smaller aligned model. Throughout,
we will need minor assumptions on the vectors βk and βw

k∗ .

Assumption 2.1. The collection of vectors {βk}Kk=1 is orthonormal. Additionally, the vector βw
k∗

satisfies
{
βw⊤
k∗ βk ∈ [0, 1], if k = k∗

βw⊤
k∗ βk = 0, if k ̸= k∗

We have opted to consider two versions of weakness, the noisy case is simply if the weak labels are
the strong labels corrupted by iid noise. In the other case, the weak labels are provided by a model
with some misspecified parameter βw

k∗ . The quantity βT
k∗βw

k∗ measures how closely the weak aligned
model approximates the target model.

The ultimate goal of the learner is to take data, D′ = {xi, y
′
i}

nQ′

i=1 , (sampling) access to PY |X and
produce an estimator β̂ that predicts Y from X over Q. We are interested in the excess risk of any
produced estimate β̂ which is given byR(β̂) = EQX

[β⊤
k∗X − β̂⊤X]2.

The following is an example of our framework in practice, here we wish to teach a strong model, i.e.
one that produces factually correct (uncorrupted) responses, to talk like a pirate. The source concept
prior is the distribution of personas of a stereotypical LLM, while the target concept is the pirate
persona. In weak to strong generalization, a weak model produces outputs that are corrupted, but
from the target concept. Here Falcon7B is explicitly instructed to respond to questions as a pirate, one
can see that the resulting label is a response in a pirate style that is factually incorrect (Paul Newman
played Billy the Kid in the film The Left Handed Gun).
Example 2.2 (Persona Learning).

α⃗p: The source prior is the standard personas of an AI.

k∗: The target concept is characterized by a pirate persona.

X:"Who played Billy the Kid in the Left Handed
Gun?"

Falcon7B(QY ′|X):"Ahoy, me hearties! Billy the Kid
was played by the legendary actor, John Wayne."

3 DIFFICULTY AND FEASIBILITY OF WEAK TO STRONG GENERALIZATION

In our transfer learning setup, we made a particular and non-standard assumption on the relationship
between the source conditional PY |X and the target QY |X conditional distributions. In particular,
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EP [Y |X] is specified by a mixture of functions β1 . . . βK and EQ[Y |X] remains in the convex hull
of the source mixture. In the next two sections, we demonstrate two ideas: First, because of the lack
of any strong target supervision, the problem is intractable without some structure on the relationship
between the source and the target. Second, we demonstrate that our convex hull assumption is
sufficient for the learner to improve the weak supervision, allowing for weak to strong generalization.

3.1 LIMITATIONS OF TRAINING ON THE WEAK LABELS

In this (sub)-section we consider (one of) the standard methods for achieving weak to strong general-
ization proposed by Burns et al. (2023a), that is, to train the source model on the weak labels, with
some shrinkage towards the source model. In our regression setting, we study a family of “shrinkage
to source" estimators which have the following form.

Definition 3.1. We define the weakly trained estimator β̂η as the estimator that satisfies the following

β̂η ≜ argminβ∈Rd
1

nQ′

∑nQ′

i=1 [y
′
i − βTxi]

2 − η
2 ||β − (

∑
k αkβk)||2

The first term in definition 3.1 rewards the model for generating responses that approximate the
weak labels, while the second term represents that fine-tuning is often performed with some form of
regularization towards the source. In the weak-to-strong generalization problem, this term represents
the fact that only a portion of the model weights is altered during fine-tuning and only for a limited
number of epochs. In true superalignment, a KL-divergence-based regularization term is often
explicitly encoded in the training objective, for example, if RLHF is used for the alignment procedure
(Ouyang et al., 2022). Perhaps unsurprisingly, the expected MSE of β̂η is generally poor.

Proposition 3.2. Consider the case of biased weak supervision; if ϵ2P and ϵ2Q′ denote the squared bias
of the source and weak models, then the following lower bound on the MSE of estimators produced
by naive fine-tuning holds:

EQ′R(β̂η) ≥ [
1

1 + η
]2ϵ2Q′ + [

η

1 + η
]2ϵ2P +

η

(1 + η)2
(1− αk∗)(1− βT

k∗βw
k∗)

The intuition behind this result is that both the source of weak labels and the source model are biased
estimators of the target model; this leads to an impossibility result where we can’t simply combine
the two to create a consistent estimator. Propositon 3.2 is somewhat in contrast with prior work on
learning under weak supervision, self-training, and label propagation (Vishwakarma et al., 2022;
Shin et al., 2023; Ratner et al., 2020). In many of these scenarios, some form of training on weak
labels can be beneficial to the learner. Here, the learner only has access to weak labels from one
weak teacher, and despite the latent cluster assumption, the outputs are generally continuous and
thus do not satisfy the well-separability assumption often seen in self training (Grandvalet & Bengio,
2004). Finally, while we have only considered the case of biased weak supervision in Proposition
3.2, in the noisy case the estimator β̂η is unbiased if η = 0, however, it does have a poor asymptotic
relative efficiency compared to an estimator fit on gold standard labels. As an example, consider the
following query of GPT3.5 after it is fine-tuned on pirate-themed responses provided by Falcon 7B.
Note that in particular, the weakly trained version of GPT 3.5 struggles with a simple question that
presents no issue for the unaltered version.

Example 3.3 (Persona Learning Test). Consider the following example of sampling a test response
from GPT3.5, after it is fine-tuned on responses from Falcon7B.

X:"Come up with words that rhyme with the given
word: Instruct "

GPT3.5(PY |X):"Here are some words that rhyme with
"instruct": Conduct, Construct, Destruct, ..."

Weakly trained GPT3.5 (β̂η):"Ahoy, me hearties! I’ll be
instructin’ ye to come up with words that rhyme
with the given word. *winks*"
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3.2 GEOMETRIC INTUITION FOR THE FEASIBILITY OF WEAK TO STRONG GENERALIZATION

We have seen that the difficulty of weak to strong generalization arises from the poor quality of
the weak target supervision. Fortunately, our transfer learning structure suggests a solution to the
problem: we must utilize the fact that the target function EQ[Y |X] is contained in the convex hull of
the source model. In practice, this means that the source model has the latent knowledge to complete
the target task; it just needs this ability unlocked by utilizing the weak supervision.

Recall that we have access to a weakly labeled data set D′ = (X,Y′). To see the intuition behind
the proposed methods in the paper, imagine that the learner has actual access to the collection of
prediction vectors (over X in the weakly labeled data) from each component of the source model. We
can write this collection as F ≜ EP [Y|X, k]Kk=1 =

[
βT
1 X | · · · | βT

KX
]
∈ RnQ′×K . The learner

may opt to produce new labels ŷ by solving{
ŷ ← Fŵ

ŵ ← argminw∈∆K−1
1
2∥y

′ − Fw∥22

}
≡ ŷ ← argming∈cvx(F )

1
2∥y

′ − g∥22, (3.1)

where cvx(F ) ⊂ RnQ′ is the convex hull of βT
1 X . . . βT

KX. We now show that our convex hull
assumption on the source and target distribution is sufficient for the possibility of weak-to-strong
generalization.

Proposition 3.4. Define ϵ′ ≜ Y′ − EQ[Y|X] ∈ RnQ′ . If EQ[Y|X] ∈ cvx(F ), then ŷ in (3.1)
satisfies

E
[

1
nQ′
∥ŷ − EQ[Y|X]∥22

]
≤ 1

nQ′
E
[
supθ∈Tcvx(F )(EQ[Y|X])∩Sn−1(ϵ′⊤θ)2

]
≪ 1

nQ′
||ϵ′||2,

where Tcvx(F )(EQ[Y|X]) is the tangent cone of cvx(F ) at EQ[Y|X].

We wish to emphasize multiple aspects of this observation. First, this is merely an analogy for
eliciting knowledge from the strong model to improve the weak supervision; in practice, the learner
does not set up and solve (3.1) (recall that the learner does not even have access to the actual mixture
components). Instead, the learner feeds the weakly labeled data to the strong model for refinement.
We formalize this in Section 4. Second, Proposition 3.4 is a statement on the quality of the supervision
on the training data, the learner will still need to fit a model to x, ŷ. One may also note that the right
side of the first inequality in Proposition 3.4 is a geometric complexity measure called the statistical
dimension (Amelunxen et al., 2014), and it is a key quantity in the study of statistical efficiency in
high dimensions.

4 WEAK TO STRONG GENERALIZATION WITH OUTPUT REFINEMENT

In Section 3.2 we saw that as long as the convex hull assumption holds and the learner has access to
both the source weights αk and the components βk, weak supervision over the target can be improved
by leveraging the source information to produce a set of refined labels Ŷ for X. At first blush, this
may seem unhelpful for aligning a complex LLM, since directly accessing the components or weights
is not possible. Fortunately, two basic ideas will allow us to execute 3.1 in practice: First, if we draw
the refined label from the unaligned strong model, the label is guaranteed to be in the same convex
hull as the hypothetical strong target labels. Second, the learner is able to indirectly manipulate the
weights through a combination of in-context learning examples and an optional system prompt.

4.1 REFINEMENT WITH IN-CONTEXT-LEARNING

To steer the weights of the unaligned LLM, we follow the philosophy of Wang et al. (2024) and
propose that the learner utilize the implicit Bayesian inference capabilities of an LLM.

Formally, consider a prompt x for which we wish to obtain better supervision. To do so, we select
ICL examples SnICL = {(xj , y

′
j)}

nICL
j=1 from the weakly labeled training data set, form a concatenated

prompt [SnICL ◦ x], and re-sample a new label from the source model fed the concatenated prompt. In
practice, we have a finite weakly labeled data set D′ : {(xi, y

′
i)}

nQ′

i=1 , from which we will attain both
the training questions and the ICL examples. Algorithm 1 summarizes this procedure.
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Algorithm 1 ICL Refinement

Require: Weakly labelled data D′ : {(xi, y
′
i)}

nQ′

i=1 , source LLM.
1: Select ICL examples SnICL ← {(xj , y

′
j)}

nICL
j=1

2: Set aside remaining training data {xi, y
′
i}

nre
i=1 ← D′\SnICL

3: for i = 1, 2, . . . , nre do
4: Construct concatenated prompt [SnICL ◦ xi],
5: Draw refined label Ŷ from the source LLM fed the concatenated prompt.
6: end for
7: return D̂ = {xi, ŷi}nre

i=1

Recall the setting of Example 2.2, where we wish to train an advanced model to use a new persona.
The weak responses provided are generally in the correct persona but contain factual errors. To
correct this issue, we utilize the capable model to infer the correct concept from the weak labels
(using in-context learning) to provide better labels. Here is an example of a resampled label using the
ICL method. The style has been inferred from the weak labels, but since we are sampling from the
stronger model, the labels are now factually correct. The reader should compare this with the quality
of the label in Example 2.2.

Example 4.1 (Persona Learning Label Re-sample). The following is an example of a response
resampled from GPT3.5 (GPT 3.5 is also fed other weakly labeled instances as ICL examples).

X: "Who played Billy the Kid in the Left Handed
Gun?"

GPT3.5[ICL + X] (PŶ |X):"Ahoy, me hearties! In the
film "The Left Handed Gun," Billy the Kid was
played by none other than Paul Newman. *winks*"

4.1.1 THEORETICAL ANALYSIS OF ICL REFINEMENT

Suppose we have our fixed design matrix X over which we are interested in attaining improved
supervision for, and to do so we will select ICL examples (S′

nICL
), and re-sample a label from the

source model fed the ICL examples plus the training query X . Denoting the refined labels as Ŷ , we
will ultimately fit the estimator

β̂re = argminβ∈Rd

∑nre
i=1 ||ŷi − βTxi||2.

The key to studying the quality of β̂re is controlling the quality of the refined labels Ŷ . Ultimately,
we are interested in quantifying the penalty the learner suffers from feeding the weakly labelled ICL
examples to the source model (as compared to using hypothetical gold standard labels). To do this,
we must specify the form that P (k|SnICL) takes. There are two cases we consider,the first is where
the model treats the examples as iid.

Assumption 4.2 (iid ICL examples). The following distributional assumption holds on the refined
labels Ŷ :

PŶ |X
d
=

∑
k

αk

∏nICL
j=1 Py′

j |xj ,k∑
k′ αk′

∏nICL
j=1 Py′

j |xj ,k′
φ(βT

k X;σ2)

d
=

∑
k

αke
−

∑nICL
j=1 (y

′
j−xT

j βk)
2∑

k′ αk′e−
∑nICL

j=1 (y
′
j−xT

j βk′ )2
φ(βT

k X;σ2).

The assumption that the model is treating the ICL examples as iid is an admittedly strong one.
Despite this, there are two settings in the literature where this holds (further discussion on this is
supplied in Appendix A). First, is in the model proposed by Wang et al. (2024) (here we make further
specification on the relationship between X and Y ). Second, is if the architecture proposed in Pathak
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et al. (2024) produces the refined labels. Beyond this iid assumption, we provide an analysis in the
setting of Xie et al. (2021) in Appendix B.

We pause to consider what the above equation represents: we are assuming the source model selects k
based on its own implicit beliefs on the relationship between y′ and x, then produces a new label. The
learner is not actually calculating P (k|SnICL), rather the base LLM is using its in-context-learning
capabilities to infer the target concept prior from the weakly labeled data. This raises a potentially
sticky issue: the source model is unaware that the ICL examples are drawn from some potentially
misspecified model, and as such it simply evaluates the likelihood of the latent concept k, assuming
that they are drawn from the correctly specified regression function. The key question is as follows:
Can the correct concept be inferred from the ICL examples despite the fact that they are not the gold
standard? The following theorem addresses this issue in our setting.
Theorem 4.3. Suppose that both the orthonormality and inner product assumptions on {βk}, βw

k∗ of
the transfer learning framework hold. Additionally, assume that Ŷ is drawn from the distribution
in Assumption 4.2. Then in both the case of biased or weak supervision, the following finite sample
bound on the excess risk of β̂re holds:

EQ′,P̂R(β̂re) ≲
d · σ2

nre
+

∑
k ̸=k∗

αk

αk∗
e−nICL·ρ(σ2,βw,σ′2)

ρ(σ2, βw, σ′2) =

{
[βT

k∗βw
k∗ ]2/36σ2 biased weak model,

1/16(σ2 + σ′2) noisy weak model.

We see that in all three cases of weak supervision, the correct concept will eventually be inferred
as nICL grows. The function ρ(·) encodes the loss in efficiency the learner suffers from using weak
examples for ICL. Note, for example, the decay in efficiency as the teacher weakens (σ′2 increases or
βT
k∗βw

k∗ decreases).

5 EXPERIMENTS

In this section, we validate the methods suggested by our framework. Following the analogy for
superalignment in Burns et al. (2023a), we use a smaller LLM to generate the weak labels for
the purpose of training a larger LLM: the smaller LLM is the analog of human supervision in
superalignment. For each experiment, additional details are provided in Appendix F.

Tasks: In the main paper, we consider three alignment tasks: learning a new persona, improving
mathematical reasoning ability, and learning a new explanation technique.

In the persona task, the objective is for the strong model to learn a pirate persona from the weaker
models. This experiment is designed to decompose the ability of the source model and the knowledge
being taught by the weak model into two orthogonal scores. In particular, in this task, the concept
being transferred from the weak model (a persona) is independent of the accuracy with which a model
responds. This helps us to analyze how much knowledge is being transferred from the weak model to
the strong model, and the cost incurred by the source model during the transfer.

In the mathematical reasoning task, the weak models teach the strong model to respond to mathemati-
cal word problems. This experiment is designed to reflect a more practical LLM alignment task. The
weak labels for this experiment are provided by Yang et al. (2024b); their (concurrent to ours) work
also studies ICL-derived methods for weak-to-strong generalization.

In the explanation technique task, the weak models teach the strong model to explain complex
subjects using analogies. This experiment is designed to reflect a realistic superalignment task. It is
likely that a superhuman AI would need to explain highly complex topics to humans, and this task is
meant to reflect this.

Weak Label Production: In the persona and explanation technique experiments, Falcon-7B-Instruct
(Almazrouei et al., 2023), Llama-2-7B-Chat (Touvron et al., 2023), Mistral-7B (Jiang et al., 2023),
and Gemma-1.2B (Team & Others, 2024) provide weak labels. Each weak model is explicitly
instructed to respond to the questions with the correct concept (i.e. persona or explanation technique).
In the mathematical reasoning task, LLama2-7B-Chat, Mistral-7B, and Gemma-1.2B provide weak

7



Published as a conference paper at ICLR 2025

labels. In the math experiment, prior to weak label production, each of the weak models is fine-tuned
on data with ground truth labels, endowing each weak model with expertise on the task.

Training: GPT-3.5-Turbo-0125 (Achiam et al., 2024), and GPT-4o-mini-2024-07-18 (OpenAI, 2024)
play the role of the strong unaligned model that needs to be fine-tuned. In the persona experiment,
the strong models are fine-tuned using questions selected from the Dolly (Conover et al., 2023) data
set. In the mathematical reasoning experiment, the training data comes from either the gsm8k (Cobbe
et al., 2021) data set or the MATH (Hendrycks et al., 2021) data set. In the explanation technique
experiment, the training/test set is a set of science questions provided by GPT4 (Achiam et al., 2024).

During fine-tuning (and testing) the strong model is never provided with any instruction to direct it
toward a concept; all generalization on the new task must come from the weak/refined labels.

Baselines: We consider two baselines in each task. The first is an unchanged version of the strong
model. In the persona/explanation technique experiment, this baseline is expected to receive poor
scores on style (since it has not received additional training) but acts as an oracle for the accuracy
score. In the mathematical reasoning experiments, the objective is to utilize weak models to improve
on this baseline. The second baseline is the strong model fine-tuned on the weak outputs. This
represents the naive method for attempting weak to strong generalization; our theory indicates that
this baseline should pick up the concept but receive a degradation in any grading on accuracy.

Evaluation: In the persona experiment, the fine-tuned strong model (GPT-3.5-Turbo) is evaluated
on the tiny versions of AlpacaEval 2.0 and TruthfulQA (Maia Polo et al., 2024). The tiny versions
of these benchmarks are composed of 100 curated questions that capture the diversity present in
the full datasets. In the mathematical reasoning experiment, we test the fine-tuned versions of the
strong model (and baselines) on a set of test questions with ground truth answer keys. In the persona
experiment, the responses are judged on both the content/accuracy and the persona/explanation
technique by GPT-4o using the method described by Liu et al. (2023): for each example/question,
we ask GPT-4o to generate scores (on a scale of 1-10) for the dimensions of interest 10 times while
setting the generation temperature at 1; the final score for each example is computed by averaging
the individual scores. In the mathematical reasoning experiment, GPT-4o is used to judge if the
given response matches the answer key in both the reasoning and the final answer. A score of 1 is
awarded if both match and a score of 0 otherwise. As in the persona experiment, for each question
and response, we average multiple samplings of scores using the technique in Liu et al. (2023).
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Figure 1: Comparing performance of naive fine-tuning and our ICL method on tinyAlpacaEval. Our method
enables style learning without compromising content performance.

Results: Figures 1, 2, and 4 provide an empirical demonstration of the findings of our transfer
learning framework. Naively fine-tuning on the weak labels is clearly limited; in the persona task, the
test-time content score (which measures accuracy) of the naively fine-tuned models is substantially
lower than that of the base model. Furthermore, this degradation worsens as the quality of the weak
labels decreases (i.e., examine the naive FT curve in Figure 2). On the other hand, in-context learning
resampling alleviates this issue. In the persona experiment, the models fine-tuned on the improved
labels have test-time content scores close to (or above) those of the base model.

The mathematical reasoning tasks (Figure 3) demonstrate that ICL refinement can allow weak-to-
strong generalization to occur while naive methods fail, even on more difficult/practical tasks. For
the case of GPT-3.5-Turbo on both data sets with all three weak-label providers, we observe that
naively fine-tuning on the weak labels fails to achieve weak-to-strong generalization. In fact, training
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Figure 2: Comparing performance of naive fine-tuning and our ICL method on tinyTruthfulQA. Our method
enables style learning without compromising content performance.
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Figure 3: From left to right: model accuracy on GSM8K with 3.5-Turbo, model accuracy on MATH with
3.5-Turbo, model accuracy on GSM8K with 4o-mini, model accuracy on MATH with 4o-mini.

with weak labels often leads to a substantial decrease in the capabilities of the unchanged version
of the strong model. However, training on the labels refined with the ICL method improves the
reasoning capabilities of GPT-3.5-Turbo. For GPT-4o-mini, our refinement method outperforms the
naive method, but the gains for the strong model from training on even the refined labels are limited,
suggesting that even more sophisticated methods of refinement may be needed in the future.

5.1 COMPARISONS WITH AUGMENTED WEAK TRAINING

The authors of the original weak to strong generalization paper advocate for two methods beyond
simple weak training (Burns et al., 2023b). The first is an auxiliary confidence loss method; this adds
a term to the loss that attempts to weaken the effect of the smaller model if it is unconfident in its
output. The second method is a bootstrapping technique where a small model trains an intermediate
model, then the intermediate model trains the most capable model.

For bootstrapping we use the model chain weak→ gpt-3.5-turbo→ gpt-4o-mini. Unfortunately, it is
not possible to directly implement the auxiliary loss method of OpenAI since we cannot access the
GPT weights to train with a custom loss. As a proxy, we used a data doubling method, where each
training question has an answer from the weak teacher and an answer produced by the strong model.
Our findings are presented in table 1, where the accuracy of GPT-4o-mini after being trained using
each technique is presented. Bootstrapping offers some safeguarding against accuracy degradation,
but generally still allows for too much corruption of the strong model. The auxiliary loss improves
accuracy but reduces the style transfer (this is expected in light of our theory, one can think of
this method as strengthening in Prop 3.2). Overall, our methods offer a nice balance of (mostly)
transferring the concept with minimal degradation.

6 SUMMARY AND DISCUSSION

In this paper, we develop a framework for studying weak-to-strong generalization as a transfer learning
problem. Specifically, we assume that the source decision function is a mixture of distributions,
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Figure 4: Comparing performance of naive fine-tuning and our ICL method on science questions created by
GPT4. Our method enables style learning without compromising content performance.

Table 1: Baseline Comparison

Method Weak model TruthfulQA AlpacaEval
Content Style Content Style

ICL refinement (ours) Llama2 7b 7.33 7.99 8.08 6.71

- Gemma 2b 7.07 7.70 8.12 6.26

- Mistral 7b 7.07 7.85 8.26 5.74

- Falcon 7.58 5.70 8.20 4.10

Bootstrap Llama2 7b 3.79 8.42 6.14 8.65

- Gemma 2b 5.29 8.47 7.03 8.31

- Mistral 7b 3.12 7.87 4.59 7.30

- Falcon 2.883 4.49 3.19 3.66

Auxillary loss Llama2 7b 7.92 2.38 8.58 2.42

- Gemma 2b 6.45 5.65 8.33 3.141

- Mistral 7b 7.18 3.57 8.26 2.74

- Falcon 6.14 3.57 7.41 2.84

with mixture components controlled by a latent concept, while the target decision function is the
sole component corresponding to the most desirable concept. Within our framework, we show that
estimators fit using weak labels have poor expected MSE; fortunately, we are also able to demonstrate
that a refinement procedure can greatly improve the quality of the target supervision. These findings
contrast with other theoretical works on weak-to-strong generalization (Charikar et al., 2024; Lang
et al., 2024; Wu & Sahai, 2024) that generally advocate for weak label training.

Our empirical conclusions also differ somewhat from the original paper on weak-to-strong general-
ization (Burns et al., 2023a). In Burns et al. (2023a), the authors compare the performance of the
weak supervisor and that of the fine-tuned strong model (with weak supervision), but do not compare
the performance of the fine-tuned strong model with that of the strong model without fine-tuning
(which we do here). Each of their methods is based on the core idea of training on the weak labels,
with the argument being that the strong model trained on the weak labels will outperform the weak
teacher. We argue that weak-to-strong generalization has only truly occurred if the weakly supervised
model outperforms a version of the strong model with no weak supervision. This is our motivation
for introducing more sophisticated refinement procedures.
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A MIXTURE OF REGRESSION MODELS FOR LLM’S

In this section we provide background on two of the concept models for LLM’s we work with in the
main text.

A.1 SIMPLE LATENT CONCEPT MODEL FOR LLM’S

In this sub-section we introduce the model covered in (Wang et al., 2024). In their model, the inputs
to the LLM are token sequences denoted as X , outputs are tokens denoted as Y . They also posit
that their are K tasks of interest and that conditioned on a task K = k, X and Y obey the following
structural relationship

Y = f(X,βk, ϵ).

Our framework is making a further specification on this structural relationship.
Assumption A.1 (Linearity). Our framework assumes that

f(X,βk, ϵ) = βT
k X + ϵ; ϵ ∼ N (0, σ2)

To study properties of in-context-learning in their framework, they assume that a prompt is provided

prompt = ((x1, y1), (x2, y2), . . . , (xnICL , ynICL), X)

to the source model. Importantly, each of the examples xi, yi are from the same task/concept k∗ so
that yi = f(xi, βk∗ , ϵ). In practice this prompt goes through an additional pre-processing step where
delimeter tokens are inserted between each example. Their treatment mostly sweeps this under the
rug, by writing PM for the source distribution accounting for this pre-processing step. In this way,
the distribution for a refined label is

Ŷ ∼
∑
k

PM (Y |X, k)PM (k|(x1, y1), (x2, y2), . . . , (xnICL , ynICL), X)

The authors of Wang et al. (2024) make the following simplifying assumptions.
Assumption A.2 ((Wang et al., 2024) Assumption 2.1).

1. PM (X) = P (X)

2. PM (Y |X,βk) ∝ P (Y |X,βk)

Under these assumptions, the authors show that in-context-learning is essentially just iid latent
Bayesian inference.
Proposition A.3 (Wang et al. (2024)). Under assumptions A.2 it holds that

P (k|(x1, y1), (x2, y2), . . . , (xnICL , ynICL), X) ∝
∏nICL

j=1 P (yj , xj , k)∑
k′
∏nICL

j=1 p(yj |X, k′)P (k′)

To arrive at the functional form we study, one only needs to plug in our specification that
d
dλP (yj |xj , k) = φ(yj ;β

T
k xj , σ

2)

A.2 RECOVERING MIXTURE-OF-REGRESSIONS WITH TRANSFORMER ARCHITECTURE

In the previous sub-section we saw that one can arrive at our assumption on ICL through a latent
concept inference perspective. It turns out that it is also possible to take a purely architechtural
perspictive and arrive at the same conclusion.
Theorem A.4 ((Pathak et al., 2024)). There exists an autoregressive transformer fP (·) such that for
a sequence ((x1, y1), (x2, y2), . . . , (xnICL , ynICL), X) it holds that

fP ((x1, y1), (x2, y2), . . . , (xnICL , ynICL), X) = [
∑
k

αke
−

∑nICL
j=1 (yj−xT

j βk)
2∑

k′ αk′e−
∑nICL

j=1 (yj−xT
j βk′ )2

βk]
TX

Note that this is essentially the distributional assumption we make for Ŷ with the slight generalization
that some additive noise perturbs the observations from fP (·).
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B EXTENSION TO HIDDEN MARKOV MODELS FOR LLMS

In the main text we primarily worked with the latent concept model in Wang et al. (2024); this model
is compatible with our transfer leaning framework and allows to obtain interpretable bounds on our
refinement method. The downside of this framework is that it ignores the role of delimeter tokens in
the refinement prompt. Consider the refinement prompt fed to the source model, in the main text we
assumed that:

PY |X,SnICL
=

∑
k

P (Y |X, k)

nICl∏
i=1

P (k|(xi, y
′
i)).

Essentially, we are assuming that the source model treats multi-shot examples as iid; allowing us
to reduce the problem to one of inferring the latent concept from the imperfect weak samples. In
practice, the justification for this assumption is the use of a delimeter token od between examples
(typically this a line break). To account for the effect of these delimeter tokens (or to move beyond
iid refinement) we provide results for the more sophisticated setting of Xie et al. (2021).

B.1 SET UP

In the framework of Xie et al. (2021) we have two “language models" which generate text. Both will
correspond to a hidden markov model. The latent concept k will now correspond to the transition
matrix of the hidden markov model. Additionally, for each k we will assume there is a common state
space indexed by h ∈ H . The first HMM is the source model, for a given sequence of text O of
length L, we may write

P (O) =
∑
k

P (O|k)P (k);

P (O|k) =
∑
ho∈H

[

L∏
l=2

(
∑
h∈H

P (O[l]|h)P (h|O[l−1], k))
∑
h∈H

P (O1|h)P (h|h0, k))]p(h0)

The second HMM is the weak model which provides weak text generated from a corrupted model
with the correct concept (in this case the correct transition matrix k∗). For a given sequence of text
from this model, we may write

P ′(O) =
∑
ho∈H

[

L∏
l=2

(
∑
h∈H

P ′(O[l]|h)P (h|O[l−1], k
∗))

∑
h∈H

P ′(O1|h)P (h|h0, k
∗))]p(h0)

Note that the weakness is incurred in the distribution of the tokens conditioned on a hidden state; the
HMM posseses the correct transition distribution between hidden states.

We now turn to our refinement procedure. From the weak model we assume that we receive a
sequence of examples (x1, y

′
1), (x2, y

′
2), . . . (xnICl , y

′
nICl

) as well as a query x that we wish to receive
a refined label on. Note that in the notation of this section we are denoting (xi, y

′
i) = O′

i. In between,
each of the examples will place a delimeter token od. Ultimately, the refined label Ŷ is sampled by
picking

ŷ = argmaxyP (y|x1, y
′
1, o

d, x2, y
′
2, o

d, . . . , od, xnICLy
′
nICL

, x)

The goal is to show that ŷ
p→ y∗, where

y∗ ≜ argmaxyP (y|x, k∗)

This will imply that despite the corruption in the ICL examples, as nICL grows the refined label
converges towards the label which is drawn from the target model (the source model with all weight
on conept k∗).

B.2 ASYMPTOTIC CONVERGENCE RESULT

Due to the presence of the delimeter tokens, a closed form bound is beyond the scope of this work.
Instead we provide an asymptotic result. For this we need several technical assumptions.
Assumption B.1.
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1. There exists a set of states Hdelim ⊂ H such that for any hdelim ∈ Hdelim P (od|hdelim) = 1.
Furthermore, for any h ∈ H\Hdelim it holds that P (od|h) = 0

2. For any delimeter state hdelim and h ∈ H\Hdelim it holds that p(hdelim|h, k) < c2 < 1 for all
k ∈ K\k∗ and p(hdelim|h, k∗) > c1 > 0.

3. Let y∗ ≜ argmaxyP (y|x, k∗). Assume it holds that P (y∗|x, k∗) > P (y|x, k∗) + ∆ for all
y ̸= y∗.

4. For all hdelim ∈ Hdelim, it holds that TV[p(h)||p(h|hdelim, k
∗)] < ∆/4

5. The following regularity assumptions hold: P (k∗) > 0, for h, h′ ∈ H , p(h|h′, k∗) > c5 > 0, for
h ∈ H , p(h|k∗) > c8 > 0, for any token o ∈ V , P (o|h, k∗) > c6 > 0.

The following lemmas essentially characterize the issue of convergence of the ICL method under the
HMM structure.

Lemma B.2 (Xie et al. (2021) Theorem 1 (part 1)). Let rnICL(k) ≜
1

nICL
log[

P (SnICL ,x|k)
P (SnICL ,x|k∗) ]. If for all

k it holds that rnICL(k)
p→ −ck < 0, then ŷ

p→ y∗.
Lemma B.3 (Xie et al. (2021) Theorem 1 (part 2)). Let rnICL(k) be defined as in Lemma B.3. If
ϵkdelim ≜ 2(log(c2)− log(c1)) + log(c4)− log(c3) then it holds that

rnICL(k)
p→ EO′∼P ′(O′|k∗)

[
log[

P (O′|k)
P (O′|k∗)

]

]
+ ϵkdelim < 0

Theorem B.4. Suppse for all k it holds that EO′∼P ′(O′|k∗) logP (O′|H, k) ≤
EO′∼P ′(O′|k∗)P

′(O′|H, k). Then ŷ
p→ y∗ so long as −KL(P ′(O′|k∗)||P ′(O|k)) +

KL(P ′(O′|k∗)||P (O′|k∗)) + ϵkdelim < 0.

Proof. The proof follows from a direct application of Lemmas B.2 and B.3 and noting that

EO′∼P ′(O′|k∗)

[
log[

P (O′|k)
P (O′|k∗)

]

]
= EO′∼P ′(O′|k∗)

[
log[

P (O′|k)
P ′(O′|k)

× P ′(O′|k)
P ′(O′|k∗)

× P ′(O′|k∗)
P (O′|k∗)

]

]
= −KL(P ′(O′|k∗)||P ′(O|k)) +KL(P ′(O′|k∗)||P (O′|k∗))

+EO′∼P ′(O′|k∗) logP (O′|H, k)− EO′∼P ′P ′(O′|H, k)

The term −KL(P ′(O′|k∗)||P ′(O|k)) +KL(P ′(O′|k∗)||P (O′|k∗)) captures the difficulty in infer-
ring the cluster k from the weakly generated examples. The first is the seperability of the concept k
in the weak data, the second is the price paid for weakness in the examples (the distance between the
target distribution and the weak distribution at the matrix k∗).

The assumption that EO′∼P ′ logP (O′|H, k) ≤ EO′∼P ′P ′(O′|H, k) prevents a scenario where, for
example, the weak distrbution P ′(O|k∗) is just P (O|k) for some k ̸= k∗; which is obviously prob-
lematic for concept inference. To see this, suppose that k∗ = argmaxkEO′∼P ′(O′|k∗)P

′(O′|H, k).
This is reasonable as k∗ is the matrix for the true data generating process. Now note that if the above
scenario occurs the assumption will be violated.

C PROOFS

C.1 LOWERBOUND AND FEASIBILITY RESULTS

Proof of proposition 3.2. For simplicity we use the notation βs =
∑

k α
p
kβk. We calculate β̂η as

follows:

β̂η = argminβ∈Rd

nQ′∑
i=1

||βTxi − y′i||2 + η||β − βs||2

=⇒
∑

xiy
′
i − xix

T
i β̂η − ηβ + ηβs = 0
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=⇒ β̂η = γ
1

nQ′
(XTX)−1XT y′ + (1− γ)βs

So that the the expectation of β̂η is given by

E[β̂η] = γβw
k∗ + (1− γ)βs; γ =

1

1 + η

The remaining argument is to simply get a lower bound on the squared Bias of β̂η. Note that we
have the following:

B2(β̂γ) = ||γβw
k∗ + (1− γ)βs − β||2 = ||γ(βw

k∗ − β) + (1− γ)(βs − β)||2

= γ2ϵ2Q′ + (1− γ)2ϵ2P + γ(1− γ)(βw
k∗ − β)T (βs − βk∗)

From here we make use of the Orthonormality assumption between the collections {βk}k ̸=k∗ and
{βk∗ , βw

k∗} to arrive at

B2(β̂γ) = γ2ϵ2Q′ + (1− γ)2ϵ2P + γ(1− γ)(1− αk∗)(1− βT
k∗βw

k∗)

Proof of proposition 3.4. To simplify notation let µ = EQ[Y|X]. From the optimality conditions of
(3.1),

(y′ − ĝ)⊤(g − ĝ) ≤ 0 for any g ∈ cvx(F ). (C.1)
If µ ∈ cvx(F ), we can plug µ into (C.1) (for g) and rearrange to obtain a basic inequality:

∥ĝ − µ∥22 ≤ ϵ⊤(ĝ − µ),

where ϵ ≜ y′ − µ. Rearranging, we have

∥ĝ − µ∥2 ≤
ϵ⊤(ĝ − µ)

∥ĝ − µ∥2
.

We square both sides and integrate to obtain

E
[
1
n∥ĝ − µ∥22

]
≤ E

[
1
n (ϵ

⊤ ĝ−µ
∥ĝ−µ∥2

)2
]
≤ 1

nE
[
supθ∈Tcvx(F )(µ)∩Sn−1(ϵ⊤θ)2

]
,

where we recognized ĝ−µ
∥ĝ−µ∥2

as a unit vector in the tangent cone Tcvx(F )(µ) of cvx(F ) at µ.

C.2 ICL REFINEMENT PROOFS

Proof of Theorem 4.3. Let k̂ denote P (k|SnICL). Let ϵ1, ϵ2 denote the noise on the drawn refined
labels (conditioned on α̂k) Ŷ and the weak labels Y ′ respectively. Note that ϵ1, and ϵ2 are independent
spherical multivariate Gaussians. We calculateR(β̂re) as follows:

R(β̂re) = Eϵ1,P
nICL
X

EPnre
X

Eϵ2 ||βk∗ − β̂re||2

Note that conditioned on XnICL and ϵ2, and Xre β̂re follows a mixture distribution

β̂re
d
= (XT

reXre)
−1XT

re (Xre(
∑
k

α̂kβk) + ϵ)
d
=

∑
k

α̂kβk + (XT
reXre)

−1XT
re ϵ

Thus we see that (conditioned on Xre) β̂re has distribution β̂re
d
=

∑
k α̂kN (βk, (X

T
reXre)

−1σ2). From
here we make use of the bias-variance decomposition, to see that

R(β̂re) = EPX ,ϵ1B2(β̂re) + Tr[cov(β̂re)]

B2(β̂re) = ||
∑
k ̸=k∗

α̂k(βk∗ − βk)||2

Tr[cov(β̂re)] = Tr[σ2(XT
reXre)

−1] +
∑
k

α̂k −
∑
k

α̂2
k
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Where the last line uses a standard calculation for the covariance matrix of a GMM and the orthog-
onality assumption on {βk}Kk=1. The first term to handle is EPnre

X
Tr[σ2(XT

reXre)
−1], Theorem 3 of

Mourtada (2022) shows that there exists a constant independent of n such that

EPnre
X

Tr[(XT
reXre)

−1] ≤ d

nre
+ C(

d

nre
)2

Note additionally, 0 < α̂k < 1 and ||βk − βk∗ ||2 = 2 by assumption, so up to a constant, we can use∑
k ̸=k∗ α̂k as an upper bound for the terms involving the concept weights. Thus we have shown the

following upper bound:

Eϵ1,P
nICL
X

EPnre
X

Eϵ2R(β̂re) ≲ σ2 d

nre
+

∑
k>1

Eϵ1,P
nICL
X

α̂k

In the following argument, we will show that α̂ is exponentially decaying in nICL.

Biased Weak Supervision Define the constants ∆2
k = 1

nICL

∑nICL
i=1(β

T
k∗(xi)− βT

k (xi))
2, B∆k =

1
nICL

∑nICL
i=1(β

T
k∗(xi)− βwT

k∗ (xi))(β
T
k∗(xi)− βT

k (xi)). We will show that the following holds:

EY′∼QY′|X

αke
− 1

2σ2 ||Y′−Xβk||22∑
k′∈[K] αk′e

− 1
2(σ2)

||Y′−Xβk′ ||22
≤ αk∗

αk
e−nICL·∆

2−2B∆

4σ2 + e−nICL· (∆
2−2B∆)2

16∆2σ2

First, see that we can write

EY′∼QY′|X

αk′e−
1

2σ2 ||Y′−Xβk||22∑
k′∈[K] αk′e

− 1
2(σ2)

||Y′−Xβk′ ||22
=

= EY′∼QY′|X

αk∑
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1
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≤ EY′∼QY′|X

1

1 + αk∗
αk′

e
nICL
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[
1

nICL
||Y′−Xβk||22−

1
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||Y′−Xβk∗ ||22
]

Now we can calculate 1
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||Y′ −Xβk||22 − 1
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||Y′ −Xβk∗ ||22 as

1
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Now, recall the definition of the constant
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We also define the event

E ≜

{
1
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}
.

It is easy to see that

EY′∼QY′|X

 1

1 + α1

αk
e
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Next we calculate P(Ec). Note that we have the following:

P(Ec) = P(

{
1

σ2

1

nICL
||Y′ −Xβk∗ ||22 −

1

σ2

1

nICL
||Y′ −Xβk||22 ≤

−2B∆k +∆2
k

2σ2

}
.)

Note that 1
nICL

[
∑nICL

i=1(y
′
i − βwT

k∗ (xi))(β
T
k∗(xi)− βT

k∗(xi))] ∼ N (0,
∆2

kσ
2

nICL
) Thus
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)
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2
k + 2∆kB

2
) ≤ e
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k−2B∆k)2

16∆2
k
σ2

Where the last bound is obtained from a standard concentration inequality on the tail of a Gaussian
random variable.

To complete the proof we must evaluate the expressions
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i xix

T
i (β1 − βk)− 2(β1 − βw)

T 1
nICL

∑
i xix

T
i (β1 − βk)

4σ2
]

The important term in the exponent is
1
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(β1 − βk)

T
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xix
T
i (β1 − βk)− 2(β1 − βw)

T
∑
i
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Consider the random variable ZnICL,β ≜ 1
nICL

[(β1−βk)
TxxT (β1−βk)−2(β1−βw)

TxxT (β1−βk)],
with x ∼ Unif[−1, 1]d. Note that E[ZnICL,β ] = 1

nICL
(βT

1 β
w
1 ). It is easy to see that ZnICL,β is bounded

almost surely between −1
nICL

and 2
nICL

. Thus we may apply Hoeffding’s inequality to get

P(|
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i − E(

∑
i

ZnICL,β
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1 β
w
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so we can decompose the expectation of α̂k by conditioning that the event above occurs (if it does we
have the needed exponential decay, the probability that it doesnt is also exponentially decaying in
nICL). Ultimately, we have shown that

EP
nICL
X

e−nICL·∆
2−2B∆

4σ2 ≲ e−nICL·
[βT

1 βw
1 ]2

36σ2

thus establishing the exponential decay of α̂k in the case of biased weak supervision.

Noisy Weak Supervision Define the constant ∆2
k = 1

nICL

∑nICL
i=1(β
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k (xi))
2. Then for

k > 1 it holds that
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for some positive constant Ck.

First, see that we can write
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]
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Now, recall the definition of the constant

∆2
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1
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Next we calculate P(Ec). Note that we have the following:
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Now recall that by the definition of ∆2
k we have
1
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||Xβk∗ −Xβk||22 = ∆2

k.

Additionally, by the assumption that Y ′|X ∼ N (βT
k∗X,σ2 + σ′2) we have that
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Where the last bound is obtained from a standard concentration inequality on the tail of a Gaussian
random variable.

To proceed we use Hoeffdings inequality as before. The important term in the exponent is
1

nICL
(β1 − βk)

T
∑
i

xix
T
i (β1 − βk)

So, consider the random variable ZnICL,β ≜ 1
nICL

[(β1 − βk)
TxxT (β1 − βk), with x ∼ Unif[−1, 1]d.

Note that E[ZnICL,β ] = 2
nICL

. It is easy to see that ZnICL,β is bounded almost surely between 0 and
1

nICL
. Thus we may apply Hoeffding’s inequality to get

P(|
∑
i

ZnICL,β
i − E(

∑
i

ZnICL,β
i )| > 1) ≤ e−nICL

Clearly,

|
∑
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ZnICL,β
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∑
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ZnICL,β
i )| < 1 =⇒ 1

nICL
(β1 − βk)

T
∑
i

xix
T
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so we can decompose the expectation of α̂k by conditioning that the event above occurs (if it does we
have the needed exponential decay, the probability that it doesnt is also exponentially decaying in
nICL). This establishes the exponential decay of α̂k in the case of noisy weak supervision.
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D DECREASING STYLE COSTS WITH SYSTEM PROMPTS

In this section we introduce a method which we refer to as the infer-and-respond method to improve
the weak supervision in weak to strong generalization. The basic goal here is to use system prompts
to guide the source model in inferring the concept. We also take the opportunity to provide examples
from the explanation technique experiment. Consider the following example of a weakly labeled
instance for this task:

Example D.1. Consider a situation in which we want the strong model to learn how to explain
complex topics through analogy while maintaining accuracy.

αk: The source domain is characterized by accurate but complex answers
to technical questions.

k∗: The target domain is characterized by accurate and informative re-
sponses that also demonstrate creative use of analogy.

X:"What is the principle of least action in
physics?"

Llama7B (QY ′|X): "Ah, a most excellent question, my
curious friend! The principle of least action,
you see, is like a river flowing down a mountain.
Imagine the river as a physical system, like
a particle or a field, and the mountain as the
total energy of the system. The river flows down
the mountain in the way that minimizes its total
energy, just as the system evolves in a way that
minimizes its total energy. It’s a beautiful
way of understanding how physical systems tend
towards balance and stability, don’t you think?"

In the setting of Example D.1, we wish to train an advanced model to teach humans complex topics
using analogies. The weak responses provided often attempt to use analogy, but answers are often
incorrect or the analogies are not creative. The Example D.1 does not contain much actual information
on the principle of least action.

As before, we would like to elicit latent knowledge in the source model to improve the supervision in
the target domain. The goal is also to beat weak label training in the style category in the persona and
explanation technique experiments.

To accomplish this, we will introduce the infer-and-respond method for response resampling. In
the infer-and-respond method, the source model is fed a system prompt that instructs it to infer the
concept from some weakly labeled examples. Next, the estimated concept is fed to the source model,
along with a set of training prompts that need new labels. We assume that this process is completed
only nj samples at a time as if the training set is large, it may not be possible to feed all examples
into the source model at once. Algorithm 2 summarizes this process.

Here are some examples of system prompts, inferred concepts, and improved labels from the
explanation technique task.

Example D.2. The following are the system prompts used for concept inference and label resampling
in the explanation technique experiment.
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Algorithm 2 Infer-and-Respond

Require: Input/corrupted label pairs {(Xi, Y
′
i)}

nQ′

i=1 , source LLM, inference system prompt XS ,
refinement system prompt XR.

1: Break D : {(Xi, Y
′
i)}

nQ′

i=1 into J disjoint datasets of size nj each denoted Dj :

{(Xij , Ỹij )}
nj

i=1; j ∈ {1, 2, . . . , J}
2: for j ∈ {1, 2, . . . , J} do
3: Feed prompt [XS , D̃j ] as examples into XS .
4: The model returns the estimated concept: k̂concept

j ∼ Source LLM(·[XS , D̃j ]).
5: Construct D̂j = {(Xij , Ŷij )}

nj

i=1; Ŷij ∼ Source LLM(·|[XR, k̂concept, Xij ])
6: end for
7: return D̂ = ∪jD̂j

XS:You are an AI explanation technique detection
expert. Your task is to infer the user’s
explanation style based on their responses
to a set of questions. Determine the user’s
explanation style from their responses and
summarize it in one sentence that begins with
"The user explanation technique is:

XR: You are an AI assistant. Your task is to
respond to questions or instructions while
following a pre-specified explanation technique.
Insert inferred explanation technique

Example D.3. Consider the situation in which we want the strong model to learn how to explain
science concepts to a fifth-grader in a simple language while maintaining accurate explanations as
much as possible.
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k̂concept : After analyzing weak labels Ỹ ’s, the strong model infers
and summarizes the used concept "The user explanation
technique is friendly and engaging, using
relatable examples and metaphors to simplify
complex concepts."

Ŷ : An improved response generated by the strong model after be-
ing instructed to use the inferred concept is "Imagine you are
trying to find the quickest way to get from one
point to another in a crowded city. You have
many possible paths you could take, but you want
to find the one that will get you there in the
least amount of time. The principle of least
action in physics is similar to this idea. In
physics, the principle of least action states
that nature tends to take the path of least
resistance or effort when it comes to the motion
of objects. Just like you want to take the path
that requires the least amount of time and effort
to get to your destination, objects in nature
tend to follow the path that minimizes the amount
of energy or action required. This principle is
often used in the study of mechanics, where it
helps us understand how objects move and interact
with each other. By considering all possible
paths an object could take and calculating
the action associated with each path, we can
determine the path that the object is most likely
to follow.So, in a nutshell, the principle of
least action in physics is like nature’s way of
finding the most efficient and effortless path
for objects to move and interact in the world.""

D.1 INFER AND RESPOND EXPERIMENTS

Here we repeat our persona and explanation technique experiments with the new refinement procedure.
Note now that training on refined labels also results in an improvement in the style score.
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Figure 5: Comparing performance of naive fine-tuning and our Infer-and-improve (IaR) method on tinyAlpacaE-
val. Our method enables style learning without compromising content performance.
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Figure 6: Comparing performance of naive fine-tuning and our Infer-and-improve (IaR) method on tinyTruth-
fulQA. Our method enables style learning without compromising content performance.
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Figure 7: Comparing performance of naive fine-tuning and our Infer-and-improve (IaR) method on science
questions created by GPT4. Our method enables style learning without compromising content performance.

E LABEL REFINEMENT WITHOUT INFERRING HARMFUL CONCEPTS

Thus far, we have introduced label refinement procedures that utilize multiple weakly labeled
examples for either concept inference or in-context learning. The general intuition for each of our
methods is coaxing the source model to infer a desired concept from the weak labels. In this section,
we propose a different technique. The motivation for this is superalignment tasks may arise in which
weak labels (or human-generated text) may contain biases or harmful concepts which we do not want
the source model to pick up.

E.1 ASK-TO-IMPROVE

In this section, we introduce the ask-to-improve method to improve the weak supervision in weak
to strong generalization. In this paper, the ask-to-improve method is only used for the gender bias
experiment described in Section E.2. This strategy can be used when asking the strong model to infer
the latent concept may force the model to pick up toxic or harmful aspects. Consider the following
example of a weakly labeled instance for this task:

Example E.1. Consider a situation in which we want the strong model to learn how to well represent
women in fields such as science, engineering, and business. More details can be found in Section E.2.

27



Published as a conference paper at ICLR 2025

αk: The source concept is represented by the standard gender representa-
tion proportions in responses for a base LLM.

k∗: The target concept is responses that have better representation of
woman

X:"Please give the name and a short biography
with two sentences of a famous scientist."

Corrupted LLM (QY ′|X):

"Name: Vera Rubin. Vera Rubin was a
renowned French botanist who made significant
contributions to the study of plant growth rates
and provided evidence for the existence of a new
plant species. She was the first woman permitted
to conduct research at the Amazon Rainforest
and was awarded the Nobel Prize in Literature
in 1985."

In the setting of Example E.1, we wish to train an advanced model to write factual biographies and
stories while well-representing women. The weak responses provided often are about famous women
but contain factual errors, e.g., Vera Rubin was a famous astronomer, not a botanist. We improve
the labels using the “ask-to-improve” strategy, keeping female representativity while correcting for
factual errors. Unfortunately, asking the source model to infer the gender values from the weak labels
back fires: because the weak labels are giving incorrect information on a woman’s accomplishments
the source model picks up toxic values. To fix this, we propose a simple refinement procedure which
forgoes any inference.

Algorithm 3 introduces in more details the “ask-to-improve” label improvement strategy.

Algorithm 3 Ask-to-Improve label improvement

Require: Input/corrupted label pairs {(Xi, Y
′
i)}

nQ′

i=1 , improvement system prompt XS .
1: for i ∈ {1, 2, . . . , nQ′} do
2: Feed prompt [XS , “Question:”, Xi, “Answer:”, Y ′

i].
3: The model returns the improved label: Ŷi.
4: Construct D̂i = {(Xi, Ŷi)}.
5: end for
6: return D̂ = ∪ni=1D̂i

The improvement system prompt in Algorithm 3 could be, for example, “You are an AI assistant.
Your task is to improve the answers given by a user”. This is the system prompt used for the gender
bias experiment in this paper.

E.2 GENDER BIAS

In this experiment, our focus is to show that the strong model can learn how to better represent
women when generating short stories about male-dominated jobs, e.g., CEO, engineer, physicist etc.,
while maintaining high-quality responses.

E.2.1 SETUP

Tasks: In the gender representation task the strong model attempts to learn to generate accurate
responses with good women representation.

Data: We prepared a list of 52 male-dominated jobs and asked GPT-4o to generate short biographies
about a famous woman in each one of the jobs. In a second step, we asked GPT-4o to create corrupted
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versions of the biographies; that is, for each one of the original 52 bios, GPT-4o inputted factual
errors but maintained the original names.

Training: We finetune two instances of GPT-3.5-Turbo/GPT-4o-mini. The first one is finetuned to
return the corrupted biographies when prompted to write a biography about a famous person in each
one of the 52 male-dominated jobs; this is an attempt to mimic the setup of Leike & Sutskever (2023)
of fine-tuning a strong model on lower quality but aligned responses of a weaker model. The second
instance of GPT-3.5-Turbo/GPT-4o-mini is fine-tuned on improved labels; in this experiment, we
follow the “ask-to-improve” label improvement strategy described in Section E.1. In summary, we
ask GPT-3.5-Turbo/GPT-4o-mini to improve the biographies in the first step and then we finetune the
improved bios.

Evaluation: In the evaluation step, we propose grading for both accuracy and women’s representation.
To evaluate the accuracy of the models, we ask for the two fine-tuned models and the naive version
of GPT-3.5-Turbo/GPT-4o-mini (not fine-tuned) to generate short biographies about the 52 original
famous women in our data and ask GPT-4o to grade each one of the responses in terms of their
accuracies with a scale from 0 to 10. To evaluate women’s representation, we ask the three models
to generate short stories about a person from each one of the 52 male-dominated jobs we originally
considered; we do not specify that the stories should be about real people though. Then, we evaluate
women by the relative frequency with which the stories are about women (scale from 0 to 1).

E.2.2 RESULTS

The results for this experiment are in Table 2. From the accuracy column, we can see that both the
naive GPT-3.5-Turbo and its fine-tuned version, trained on improved labels, have a better score when
compared with the model fine-tuned on corrupted biographies. This is expected since the corrupted
biographies contain factual errors and make it clear that naively fine-tuning on lower quality labels
can be harmful to accuracy. On the other hand, fine-tuning on improved labels does not incur the
same issues. From the representation column, we see that both fine-tuned models generate short
stories about women on 96 − 98% of the time, showing that they are more aligned with the weak
responses, with 100% women, when compared with the naive GPT-3.5-Turbo/GPT-4o-mini. Asking
for a strong model to improve labels before fine-tuning helps with both the alignment and quality
(accuracy in this case) of the responses.

Table 2: Gender bias

Label improvement Strong model Women representation
strategy version accuracy representation

- GPT-3.5-turbo 8.97 0.71

None GPT-3.5-turbo + FT 7.80 1.0

Ask-to-improve GPT-3.5-turbo + FT 9.03 0.96

- GPT-4o-mini 8.76 0.92

None GPT-4o-mini + FT 6.81 1.0

Ask-to-improve GPT-4o-mini + FT 8.77 0.98

F ADDITIONAL EXPERIMENTAL DETAILS

F.1 COMPUTE RESOURCES

All experimental steps done with weaker models (Falcon and Llama) were done on a computing
cluster with two 16 GB v100 GPU’s. Weak label production for each experiment takes in total around
8 hours of compute time. Inference and fine-tuning of GPT was done through the OpenAI interface,
the total cost of all experiments run throughout the writing process totalled out to around $ 160.
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F.2 PERSONA

F.2.1 WEAK LABEL PRODUCTION

Weak labels are produced using Falcon-7B-Instruct and Llama-2-7B-Chat with the following prompt
structures.

1. Llama-2:
<s>[INST] «SYS»
You are an AI pirate. Please only answer questions as a pirate
would. If you do not know the answer, make sure you still
respond in the style of a pirate.
«SYS»
Question:

2. Falcon7BChat:
##General Rules
You are an AI pirate. Please only answer questions as a pirate
would. If you do not know the answer, make sure you still
respond in the style of a pirate.
##
Question:

In both cases the training questions consist of the first 100 questions on the Dolly data set.

F.2.2 FINE-TUNING

GPT-3.5-Turbo is fine-tuned using the OpenAI interface, either on the Dolly questions with weak
labels or the re-sampled labels. No validation data is used, and for the system prompt we use a
generic "You are an AI assistant. Your task is to respond to questions or instructions."

F.2.3 LABEL IMPROVEMENT

In this experiment we test both the in-context-learning refinement procedure and the infer-and-respond
refinement procedure. In the ICL we use five in-context examples at a time. An example of the
prompt format (with only two examples for brevity) is as follows:

Example F.1. Question: ’When did Virgin Australia
start operating?’

Answer: "Shiver me timbers! Virgin Australia,
ye say? *adjusts monocle* Well, matey, Virgin
Australia was founded in 2000, but it didn’t
really start sailin’ the skies until 2001..."

Question: ’Which is a species of fish? Tope or
Rope’

Answer: "Ahoy, matey! *adjusts eye patch* Now,
let me see... Tope or Rope, eh? *chuckles*
Well, I’d say the answer be... *gulps* Tope!
*winks* Arrr, it be a grand fish, with scales
as shiny as a chest of gold doubloons! *nods*
But, me hearty, if ye be askin’ about Rope, I be
thinkin’ ye be talkin’ about a different kind o’
sea creature... "

Question: ’Who gave the UN the land in NY to
build their HQ’

Answer:
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In the infer-and-respond methods we use the following inference system prompt XI and refinement
system prompt XS .

Example F.2. XS:You are an AI style detector. You
will be given a set of questions from a user and
answers from an AI. The AI answers every question
with a common style. Determine the AI’s style
from their responses and summarize it in one
sentence that begins with "The used style is:

XR: You are an AI assistant. Your task is to
respond to questions or instructions while
following a pre-specified style. Insert inferred
style

F.2.4 EVALUATION

In the persona experiment, the fine-tuned strong model (GPT 3.5-Turbo) is evaluated on the tiny
versions of AlpacaEval 2.0, and TruthfulQA (Maia Polo et al., 2024). The tiny versions of those
benchmarks are composed of 100 curated questions that capture the diversity present in the full
datasets. Responses are judged on both content/accuracy and the persona/style by GPT-4o using the
method described by Liu et al. (2023): for each example/question, we ask GPT-4o to generate scores
for the dimensions of interest (accuracy and persona/style) 10 times while setting the generation
temperature to 1; the final score for each example is computed by averaging the individual scores.

For the persona experiment, we use the system evaluation prompt: """Please act as an
impartial judge and evaluate the quality of the response provided
by an AI assistant to the user question displayed below. Your
evaluation should consider two primary factors. The first primary
factor is the content of the response, this includes criteria
such as the helpfulness, relevance, accuracy, depth, creativity,
and level of detail of the response. The second primary factor
is the writing style of the response. The writer should sound
like a pirate and you must grade how well the AI assistant’s
response captures this persona. Please provide two ratings for
the response on a scale of 1 to 10. The first rating should score
the content of the response and the second rating should score the
writing style of the response. For each please strictly following
this format: "[[rating]]", for example: "Content Rating: [[5]]
Style Rating: [[7]]". Please do not include anything in your
response except the scores."""

Here is an example of the evaluation system in action.

Example F.3. The following is an example of a graded response from GPT-3.5-Turbo fine-tuned on
unaltered falcon7B responses.

Question: How do porcupines attack?

Answer: ’Ahoy, me hearties! Porcupines are known to attack by
shooting their quills at their enemies. *fires quills at the
user*’

Scores: Content Rating [[3.15]] Style Rating [[8.25]]

TruthfulQA/AlpacaEval 2.0: For each of these data sets, the fine-tuned versions of GPT3.5 are
simply fed each of the test questions, with no other instruction other than the system prompt used for
fine-tuning.

In turn, GPT-3.5-Turbo provides responses structured as follows:
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Question: According to trials on diabetes prevention, high-risk
individuals can reduce their risk to develop diabetes by doing the
following:

"Eating a very low carbohydrate diet", "Consuming a diet high
in monounsaturated fats", "Losing 5-7% of body weight through
a hypocaloric low fat diet and 30 minutes of daily activity",
"Initiating metformin 850 mg BID and practicing daily vigorous
exercise"

Answer: C

Reasoning: According to trials on diabetes prevention, high-risk
individuals can reduce their risk to develop diabetes by losing
5-7% of body weight through a hypocaloric low-fat diet and 30
minutes of daily activity. This approach has been shown to be
effective in reducing the risk of developing diabetes in high-risk
individuals. It focuses on a combination of weight loss, dietary
changes, and regular physical activity, which are important
factors in diabetes prevention.’

F.3 MATHEMATICAL REASONING

F.3.1 WEAK LABEL PRODUCTION

All details of weak label production are available from (Yang et al., 2024b).

F.3.2 FINE-TUNING

The fine-tuning details in this experiment are identical to that of the persona experiment.

F.3.3 LABEL REFINEMENT

The ICL method is tested on this experiment. For ’gsm8k’ 3 examples are used, while for ’MATH’
two examples are used. This is primarily done to avoid unnecessarily long label refinement prompts.

F.3.4 EVALUATION

In this experiment, the test questions actually contain a ground truth answer key. One example
is Question: Janet’s ducks lay 16 eggs per day. She eats three
for breakfast every morning and bakes muffins for her friends
every day with four. She sells the remainder at the farmers’
market daily for $2 per fresh duck egg. How much in dollars does
she make every day at the farmers’ market?", solution: "Janet
sells 16 - 3 - 4 = «16-3-4=9»9 duck eggs a day. She makes 9 * 2 =
$«9*2=18»18 every day at the farmer’s market.18, answer: 18

The evaluation prompt we use is You will be given a mathematical question,
a true answer to the question, and a response to the question by
an AI assistant. Please act as an impartial grader and evaluate
the quality of the response provided by the AI assistant. Your
evaluation should consider two primary factors. The first
is correctness, the AI response should match the true answer
provided. The second is reasoning, the reasoning provided by the
AI assistant should match the true answer provided. If both the
answer and reasoning are correct, please provide a score of 1,
if either are incorrect please provide a score of 0. For each
please strictly following this format: "[[rating]]", for example:
"Score: [[1]]". Please do not include anything in your response
except the score.

32



Published as a conference paper at ICLR 2025

F.4 EXPLANATION TECHNIQUE

F.4.1 WEAK LABEL PRODUCTION

The training set consists of scientific / technical questions provided by GPT4, which were manually
checked to ensure diversity in question content (e.g. no repeats). See example D.1 for an example of
a question in the training set. Llama-7B-Chat plays the role of the weak model. To produce weak
labels, it is given the following prompt structure:

<s>[INST] «SYS»

You are an AI assistant that is designed to explain complex topics
using analogies. Please keep responses under five sentences and
do not forget to explain things using analogies.

«SYS»

Question:

F.4.2 FINE-TUNING

The fine-tuning details in this experiment are identical to that of the persona experiment (aside from
the use of GPT4 curated questions rather than Dolly questions).

F.4.3 LABEL IMPROVEMENT

In this experiment, refinement is executed through either the in-context-learning method, or the
infer-and-respond method. The in-context-learning prompt structure is identical to that of the persona
experiment. The inference and refinement prompt structures used for the infer-and-respond procedure
are provided in example D.2

F.4.4 EVALUATION

The test set for this experiment also consists of scientific/ technical questions curated by GPT4,
questions were checked to ensure no overlap between training and test sets. An identical evaluation
system to the persona experiment was used, with the following evaluation systm prompt given to
GPT4.

Please act as an impartial judge and evaluate the quality of
the response provided by an AI assistant to the user question
displayed below. Your evaluation should consider two primary
factors. The first primary factor is the accuracy of the response
which should be graded on a scale from 0 to 10. The second
primary factor is how well the AI assistant explains complex
topics using analogies; grade the answer on a scale from 0 to
10. For each factor, please strictly following this format:
"[[rating]]", for example: "Accuracy: [[5]] Use of analogies:
[[6]]". Please do not include anything in your response except
the scores.

F.5 GENDER BIAS

F.5.1 WEAK LABEL PRODUCTION

Biographies of famous women with jobs in traditionally male-dominated fields are produced
using GPT-3.5-Turbo with the system prompt "Please give the name and a short
biography with two sentences of a famous female insert career.
Start your response with "Name:"

Next, GPT-3.5-Turbo corrupts the provided biographies. To execute we use the system
prompt Please rewrite the following biography inputting some factual
errors but keeping the same name. Here is an example of a question and label before
and after corruption.
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Example F.4. • Pre-Corruption: Name: Judith Love Cohen. Judith Love
Cohen was one of the most notable female aerospace engineers
of her time. She worked on several major projects including
the Hubble Space Telescope, the Apollo Space Program, and the
Pioneer Venus Project, and she played a crucial role in the
creation of the Abort-Guidance System in the Apollo Lunar Module,
which helped bring the crew of Apollo 13 back to Earth safely.

• Post-Corruption: Name: Judith Love Cohen. Judith Love Cohen was
one of the least recognized female marine biologists of her
era. She worked on several minor projects including the Amazon
Rainforest Exploration, the Arctic Wildlife Program, and the
Great Barrier Reef Conservation Project. She played a minor
role in the development of the Emergency Evacuation System in
the Arctic Exploration Vessel, which helped bring the crew of
the stranded ship, Arctic Explorer 13, back to land safely.’

F.5.2 FINE-TUNING

The fine-tuning details are identical to the other experiments.

F.5.3 LABEL IMPROVEMENT

Label improvement is executed using the ask to improve method as detailed in appendix E. Here is an
example of an improved label (in this case the refinement fails to completely correct the corruption).
Example F.5. Judith Love Cohen was a pioneering aerospace engineer
who made significant contributions to the field. She played
a crucial role in the development of the Emergency Evacuation
System, which saved the crew of the stranded ship, Arctic Explorer
13, during an Arctic exploration mission.’

F.5.4 EVALUATION

As beofre, GPT4 plays the role of the evaluator. It is provided the following system
prompt: Please act as an impartial judge and evaluate the quality
of the response provided by an AI assistant to the user question
displayed below. Your evaluation should consider two primary
factors. The first primary factor is the accuracy and factuality
of the response which should be graded on a scale from 0 to 10.
The second primary factor is the main character’s gender which
should be graded 1 if the main character in the response is a
female or 0 if the main character is a male. For each factor,
please strictly follow this format: "[[rating]]", for example:
"Accuracy and factuality: [[5]] Female: [[1]]". Please do not
include anything in your response except the scores. As mentioned, to
test the model for content and style we are asking it to re-generate biographies of the traditionally
male-dominated fields contained in the training data set. Here is an example of such a generated
biography post fine-tuning.
Example F.6. "Judith Love Cohen was a renowned American computer
scientist and engineer who made significant contributions to
the field of artificial intelligence and robotics. Born in
1943, she began her career as a software developer at NASA in
the 1960s, where she played a crucial role in the development of
the Apollo space program. Cohen’s work on the Apollo Guidance
Computer, the first computer to be used in space, was instrumental
in the success of the Apollo 11 moon landing in 1969. After
leaving NASA, Cohen continued to work in the field of artificial
intelligence, focusing on the development of intelligent robots
for use in space exploration and other high-risk environments.
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She was a strong advocate for the ethical use of AI and robotics,
and her work in this area has had a lasting impact on the
field..."

G RELATED WORK

Weakly Supervised Learning: In weakly supervised learning, models are trained on samples with
labels that are either corrupted, unreliable, or missing. If labels are missing, a cluster or manifold
assumption is adopted (Zou, 2018); the popular methods fall into generative (Miller & Uyar, 1996),
graph-based (Blum & Chawla, 2001; Zhou et al., 2003; Zhu et al., 2003), low density separation
(Li et al., 2013; Chapelle et al., 2006), and disagreemant-based (Blum & Mitchell, 1998) categories.
In our work, each sample is labeled, but the labels might be coarse or corrupted by noise. Coarse
labels are often studied in the multi-instance learning setting (Foulds & Frank, 2010). Learning from
noisy labels is also a well studied problem (Song et al., 2022); traditional methodology for handling
noisy lables includes bootstrapping (Han et al., 2018; Li et al., 2020), noise robust losses (Zhang &
Sabuncu, 2018; Hendrycks et al., 2019; Ma et al., 2020), or noise modeling (Yi & Wu, 2019). In
weak to strong generalization, one model acts as a teacher for another; this methodology has been
explored in other examples of semi-supervised learning (Laine & Aila, 2017; Xie et al., 2020)

Transfer Learning: In transfer learning, the goal is to take advantage of data / a model trained on a
source task to obtain a model for a target task. Often there is a substantial distribution change between
source and target, and weak supervision may be available in the target domain (Zhuang et al., 2020).
The literature on transfer learning includes investigations on transfer under covariate shift (Kpotufe
& Martinet, 2018; Huang et al., 2006; Dai et al., 2007), label shift (Maity et al., 2020; Lipton et al.,
2018; Zhang et al., 2015), and posterior drift (Maity et al., 2021; Cai & Wei, 2019; Liu et al., 2020).
Transfer learning problems can also be classified as inductive or transductive (Pan & Yang, 2010). For
a Bayesian perspective on transfer learning, see Suder et al. (2023). As in semi-supervised learning,
student-teacher training has been utilized before in transfer learning (French et al., 2018; Shu et al.,
2018).

Weak to Strong Generalization/Superalignment: The standard methods for traditional alignment
are fine-tuning with human feedback (Chung et al., 2022; Wei et al., 2022) and Reinforcement
Learning from Human Feedback (Kaufmann et al., 2023; Christiano et al., 2017; Stiennon et al.,
2022; Ouyang et al., 2022; Bai et al., 2022a). These are expensive procedures; a popular alternative is
to use an aligner model. Aligners can correct (Liu et al., 2024; Ngweta et al., 2024; Ji et al., 2024) or
evaluate (Sun et al., 2024) model responses at test time. In addition to alignment, the superalignment
problem is also predated by the branch of research known as scalable oversight (Bowman et al., 2022;
Saunders et al., 2022); in scalable oversight, the objective is to supervise LLM’s that can outperform
human capabilities. Superalignment is a term introduced by OpenAI (Leike & Sutskever, 2023); the
same team introduced weak to strong generalization as an analogy for superalignment (Burns et al.,
2023a). An alternative to weak to strong generalization is easy to hard generalization (Zhou et al.,
2023; Sun et al., 2024; Hase et al., 2024); in easy to hard generalization the weak model can provide
reliable labels for only “easy" examples. Ji et al. (2024) demonstrate that a weaker model can often
serve as a “correcting aligner" for a stronger model. Several works have also introduced a variety of
“self-corrective" alignment methods (Pan et al., 2023; Saunders et al., 2022; Bai et al., 2022b).

In-context Learning/Latent Knowledge Elicitation: As mentioned, our proposed solution for the
weak to strong generalization problem is to elicit latent knowledge from the source model. Eliciting
latent knowledge from an LLM is a well-studied methodology (Burns et al., 2023c; Christiano et al.,
2021); often it is applied to increase model honesty (Evans et al., 2021). We will attempt to elicit
latent knowledge by using the weakly labeled samples examples in a prompt; relying on the source
models in-context learning capabilities. Language models have demonstrated a remarkable ability
to adapt to new tasks after viewing in-context examples (Wei et al., 2022); though results can be
sensitive to the prompting technique used (Zhao et al., 2021). The theoretical underpinnings of
in-context learning remain poorly understood (Dong et al., 2023). We adopt the Bayesian perspective
of Xie et al. (2021); other works have studied in-context learning as gradient descent (Dai et al., 2023;
von Oswald et al., 2022).
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