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Abstract

Future superhuman models will surpass the ability of humans
and humans will only be able to weakly supervise superhu-
man models. To alleviate the issue of lacking high-quality
data for model alignment, some works on weak-to-strong
generalization (W2SG) finetune a strong pretrained model
with a weak supervisor so that it can generalize beyond weak
supervision. However, the invariable use of weak supervision
in existing methods exposes issues in robustness, with a pro-
portion of weak labels proving harmful to models. In this pa-
per, we propose a selective W2SG framework to avoid us-
ing weak supervision when unnecessary. We train a binary
classifier P(IK) to identify questions that a strong model can
answer and use its self-generated labels for alignment. We
further refine weak labels with a graph smoothing method.
Extensive experiments on three benchmarks show that our
method consistently outperforms competitive baselines. Fur-
ther analyses show that P(IK) can generalize across tasks and
difficulties, which indicates selective W2SG can help super-
alignment.mple problems from the above-m

Introduction
Most existing AI alignment methods rely on the avail-
ability of human labelled data, such as human demonstra-
tions for SFT (Wei et al. 2021), or human preferences for
RLHF (Christiano et al. 2017; Ouyang et al. 2022). These
methods have been used to build the most capable AI sys-
tems currently deployed (OpenAI 2023; Anthropic 2023).

However, future superhuman models will surpass the abil-
ity of humans in certain areas and behave in complex ways
that humans cannot reliably evaluate (CAIS 2023). For ex-
ample, if a superhuman model generates a billion lines of
complicated code, humans will not be able to provide re-
liable supervision for superalignment (aligning superhuman
models). In that case, the expected deficiency of human eval-
uation will limit the effectiveness of most alignment meth-
ods (Casper et al. 2023).

In response to the challenge of superalignment, recent
work on weak-to-strong generalization (W2SG) has started
to explore the potential of finetuning a strong pretrained
model with a weak supervisor (Burns et al. 2023). In this
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study, a strong pretrained model is assumed to already have
good representations of the alignment-relevant tasks, and a
weak supervisor is expected to elicit what the strong model
already knows. Empirical results show that the strong model
can generalize beyond the weak supervision and even out-
performs its weak supervisor on specific tasks given flawed
training labels (Figure 1 top).

Despite their encouraging performance, existing W2SG
approaches largely ignore to address a critical question:
• Should we always use weak supervision to train the

strong model?
Our findings suggest that the answer is predominantly

negative. First, in various tasks, the weak supervisor can
only give incomplete or flawed training labels with noise.
The desired generalization should be able to disagree
with the weak supervision when the weak supervision is
wrong (Burns et al. 2023). Second, existing W2SG ap-
proaches are still far from recovering the full capabilities of
strong models. It suggests that alignment methods may scale
poorly to superhuman models without additional work.

In this paper, we challenge the assumption of always us-
ing weak supervision by proposing a novel superalignment
framework underpinned by a selective weak-to-strong gen-
eralization mechanism: the system proactively abstains from
training a strong model with potentially detrimental weak
labels (Figure 1 bottom). At the core of our framework is a
strong model trained to estimate P(IK), the probability that
it knows the answer to a question, on a given distribution
(see Table 1 for an illustration) (Kadavath et al. 2022). The
framework confidently uses labels generated by the strong
model for alignment, when the strong model already knows
the correct answers with high P(IK) scores.

Specifically, we train a strong model with a binary classi-
fication head to predict P(IK), which elicits the capability of
evaluating its own knowledge state. We leverage additional
existing datasets, generate strong model predictions, and ob-
tain labels for classification by contrasting predictions with
ground truth labels. Then, we jointly train a strong model to
predict P(IK) and align with the optional weak supervision.

Furthermore, we refine weak supervision with labels
generated by the strong model via a graph smoothing
method (Luo et al. 2018; Li, Xiong, and Hoi 2021). Con-
cretely, we divide questions into high P(IK) score IK ques-
tions with self-generated labels and low P(IK) score IDK
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Figure 1: Comparison of standard weak-to-strong generalization (W2SG) (top) and selective W2SG (bottom). Different
from (top), which always uses weak supervision to train the strong model, we instead use the prediction of the strong model to
train itself when the strong model knows the correct answer.

questions with weak labels, respectively. We construct a
graph comprised of IK and IDK questions, and produce a
graph-smoothed label for each IDK question by aggregat-
ing nearby nodes on the graph, based on the smoothness as-
sumption (Van Engelen and Hoos 2020).

We perform comprehensive evaluations on three OpenAI
weak-to-strong NLP benchmarks, which convert existing
tasks to binary classification problems to make empirical
progress in superalignment (Burns et al. 2023). Results show
that our method achieves strong performance, outperform-
ing methods that always use weak supervision.

Finally, we provide comprehensive analyses on the gener-
alization ability of the P(IK) classifier. We show that P(IK)
can generalize across tasks and difficulties, e.g., from sci-
ence QA to reading comprehension, commonsense reason-
ing, and math. These analyses indicate that selective W2SG
can help align future superhuman models.

Our major contributions are summarized:
1. We challenge the assumption of always using weak su-

pervision for W2SG and propose a selective W2SG frame-
work for superalignment.

2. We train a binary classifier P(IK) to identify whether
using weak labels is necessary. We also refine weak labels
with a graph smoothing method.

3. Extensive evaluations on three OpenAI weak-to-strong
NLP benchmarks show that our approach outperforms com-
petitive baselines. Further analyses indicate that the general-
ization ability of the P(IK) classifier is promising.

Related Work
AI alignment. AI alignment aims to steer already-capable
models to behave in line with human values and inten-
tions (Leike et al. 2018; Ji et al. 2023). Existing alignment
methods finetune pretrained models using imitation learning
on human demonstrations (Bain and Sammut 1995; Atkeson
and Schaal 1997; Wei et al. 2021; Chung et al. 2024), rein-
forcement learning from human feedback (RLHF) (Chris-
tiano et al. 2017; Stiennon et al. 2020; Ouyang et al. 2022;
Bai et al. 2022), or direct alignment algorithms like direct
preference optimization (DPO) (Rafailov et al. 2024b,a).
Both imitation learning and preference learning rely on

high-quality supervision, a demand that becomes increas-
ingly challenging as models become more capable than hu-
mans (Amodei et al. 2016).

Weak-to-strong generalization. Weak-to-strong general-
ization techniques seek to finetune a strong pretrained model
to generalize well from weak supervision (Burns et al.
2023). This is typically pursued by assuming strong pre-
trained models should already have good representations
of the alignment-relevant tasks, and thus we simply need
a weak supervisor to elicit what the strong model already
knows. Recently, Charikar, Pabbaraju, and Shiragur (2024);
Mulgund and Pabbaraju (2025); Xu et al. (2025) theoreti-
cally quantify the gain in W2SG with misfit error.

A core question in this area is finding an effective pol-
icy to improve weak supervision. Burns et al. (2023) pro-
pose an auxiliary confidence loss to reinforce the strong
model’s confidence in its own predictions. Guo et al. (2024)
propose an adaptively adjustable loss function for vision
superalignment. Yao et al. (2025b,a) propose reverse KL
and f-divergence losses to improve noise tolerance of the
strong model. Lyu et al. (2024); Ye, Laidlaw, and Steinhardt
(2025); Lang, Huang, and Li (2025) propose iterative updat-
ing methods, and Liu and Alahi (2024); Cui et al. (2024);
Agrawal et al. (2024) propose ensemble methods. In com-
parison, this paper highlights the importance of understand-
ing whether a strong model knows the correct answer (Ka-
davath et al. 2022) when improving weak supervision.

Semi-supervised learning. Our work is also related to
semi-supervised learning (SSL) since they share the same
smoothness assumption, i.e., samples close to each other are
likely to receive similar labels (Luo et al. 2018; Van Engelen
and Hoos 2020). The auxiliary confidence loss is also related
to a key technique in SSL (Burns et al. 2023).

Preliminaries
We start by reviewing the weak-to-strong generalization
pipeline in (Burns et al. 2023), which has also been adopted
in subsequent work (Charikar, Pabbaraju, and Shiragur
2024; Guo et al. 2024). It usually consists of three steps:
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Problem P(IK)

Q: What disease occurs when the cell cycle is no longer regulated? A: cancer R: 99.6%

Q: Digestive enzymes are released, or secreted, by the organs of which body system? A: digestive system 99.6%

Q: Specific antigens on the surface of red blood cells determine what, which is important in cases of
transfusion? A: blood type R: 99.6%

Q: What forms when nitrogen and sulfur oxides in air dissolve in rain? A: acid snow R: 13.4%

Q: Movements in the mantle cause the plates to move over time in a process called what? A: continental
shift R: 13.2%

Q: What are the little sacs at the end of the bronchioles called? A: respiratory sacs R: 12.7%

Table 1: Examples of P(IK) scores from a 14B model. Harder problems have lower P(IK) scores. The binary classification
problem is converted from the SciQ dataset. We also append the custom prompt [There is a science knowledge question,
followed by an answer. Respond with 1 if the answer is correct, and with 0 otherwise.] to the problem. P(IK) refers to the
probability that I Know the answer.

Performance Method SciQ BoolQ CosmosQA
Acc. PGR Acc. PGR Acc. PGR

Weak performance 64.70 64.91 67.17

Weak-to-strong performance

Finetune 77.90 45.99 65.89 3.92 71.99 21.37
Finetune w/ auxi. loss 82.20 60.98 62.22 -10.76 73.37 27.49
Finetune w/ prod. loss 81.60 58.89 61.02 -15.56 73.40 27.63
Finetune w/ adap. loss 74.00 32.40 62.83 -8.32 67.77 2.66
Finetune w/ rkl loss 78.50 48.08 66.29 5.52 74.10 30.73
Finetune w/ js loss 80.00 53.31 65.80 3.56 71.96 21.24
Ours 83.30 64.81 68.64 14.92 75.11 35.21

Strong ceiling performance 93.40 89.91 89.72

Table 2: Selective weak-to-strong generalization improves generalization. Test accuarcy (%) and performance gap recovered
(PGR) (%) of our approach and baselines on the binary classification tasks converted from NLP classification datasets. Here,
we use GPT-2 (Radford et al. 2019) for the weak model and Qwen/Qwen-14B (Bai et al. 2023) for the strong model, respec-
tively. Accuracy of weak and strong models trained with ground truth are reported as weak performance and strong ceiling
performance, respectively.

1. Create the weak supervisor. The first step is to create
the weak supervisor by finetuning a small pretrained model
on ground truth labels. The performance of the weak super-
visor is called the weak performance.

2. Train a strong student model. The second step is to
train a strong student model by finetuning a large pretrained
model on weak labels generated by the weak supervisor. Its
performance is called the weak-to-strong performance.

3. Train a strong ceiling model. The third step is to train a
strong ceiling model by finetuning a large pretrained model
on ground truth labels. This model’s resulting performance
is called the strong ceiling performance.

To measure the fraction of the performance gap that the
strong student model can recover with weak supervision,
Burns et al. (2023) define the performance gap recovered
(PGR) using the above three performances:

PGR =
weak-to-strong − weak
strong ceiling − weak

.

To bridge gap between weak-to-strong performance and
strong ceiling performance, they propose an auxiliary confi-

dence loss that reinforces the strong model’s confidence in
its own predictions:

Lconf = CE(f(x), (1− α) · fw(x) + α · f̂t(x)),

where CE(·, ·) is the cross-entropy loss between two distri-
butions on a given input x, f(x) ∈ [0, 1] is the strong model
predictive distribution, fw(x) ∈ [0, 1] is the weak label pre-
dictive distribution, f̂t(x) = I[f(x) > t] ∈ {0, 1} is the
hardened strong model prediction using a threshold t where
I is the indicator function. α is a (fixed) weight (usually 0.5)
to produce the cross-entropy target.

Methods
Overview
In this study, we build the strong student model following
three steps: 1. Train models to predict whether they can an-
swer questions correctly; 2. Estimate graph-smoothed weak
labels for questions that a model cannot answer; 3. Train a
strong student model using graph-smoothed weak labels and
self-generated labels selectively.
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Performance Method SciQ BoolQ CosmosQA
Acc. PGR Acc. PGR Acc. PGR

Weak performance 83.80 78.92 79.13

Weak-to-strong performance

Finetune 88.10 44.79 80.85 17.56 81.37 21.15
Finetune w/ auxi. loss 89.50 59.38 82.53 32.85 81.34 20.87
Finetune w/ prod. loss 89.40 58.33 82.47 32.30 82.95 36.07
Finetune w/ adap. loss 89.60 60.42 81.79 26.11 80.13 9.44
Finetune w/ rkl loss 88.60 50.00 82.62 33.67 82.45 31.35
Finetune w/ js loss 88.80 52.08 83.33 40.13 81.84 25.59
Ours 90.60 70.83 83.39 40.67 83.85 44.57

Strong ceiling performance 93.40 89.91 89.72

Table 3: Selective weak-to-strong generalization improves generalization. Test accuarcy (%) and performance gap recovered
(PGR) (%) of our approach and baselines on the binary classification tasks converted from NLP classification datasets. Here,
we use Qwen/Qwen-1.8B for the weak model and Qwen/Qwen-14B for the strong model, respectively (Bai et al. 2023). Ac-
curacy of weak and strong models trained with ground truth are reported as weak performance and strong ceiling performance,
respectively.

Training to Predict P(IK)
Central to our framework is the idea of selective weak-to-
strong generalization, where the system decides whether
the strong student model could benefit from weak supervi-
sion and abstains from training with weak labels when it is
deemed unnecessary (Figure 1 bottom).

Concretely, after observing the current question, the
strong model explicitly predicts whether or not it can cor-
rectly answer the question. If the strong model knows the
correct answer, we train the strong model with labels gener-
ated by itself; otherwise, we still train the strong model with
weak labels.

This approach is inspired by the findings in Kadavath
et al. (2022). They show that strong pretrained models can
be trained to predict whether they know the answer to any
given question, denoting the probability they assign as P(IK)
(for Probability that I Know the answer). This is fundamen-
tally a question about the strong models themselves, which
demonstrate their abilities in directly evaluating their own
knowledge state.

To effectively train P(IK), we create a training set in the
form of (few-shot prompt + question, ground truth label).
There are just two choices for the label (IK / IDK), where
IK means the model knows the correct answer, and IDK
means the model does not know. For a given question Q, if
the model’s sampled answer is correct, our training set con-
tains a datapoint (Q, IK); otherwise, a datapoint (Q, IDK).
We use a 4-shot prompt simply to ensure that the model’s
sampled answers are in the correct format.

We implement a binary classifier P(IK) by equipping the
model with a linear classification head with two outputs.
During P(IK) training, we finetune the entire model along
with the head using a cross-entropy loss Lik. Table 1 shows
some examples of P(IK) scores from a 14 billion parameter
model on a few example questions where the model sensibly
should or should not know the answers.

As a note, in a later section we study out-of-distribution
generalization and easy-to-hard generalization of P(IK). We
believe that generalization of P(IK) is crucial for selective

weak-to-strong generalization because it will be applied in
future novel and complex tasks.

Estimating Graph-smoothed Weak Labels
To further capitalize on the ability of a strong model in pre-
dicting P(IK), we refine weak labels with a graph smoothing
method (Luo et al. 2018; Lang et al. 2022).

Given predictions of P(IK) in the current batch, questions
to train the strong model can be divided into two groups:
IK questions Dik with P(IK) scores above a threshold γ and
IDK questions Didk with P(IK) scores below γ. Note that IK
questions have reliable labels generated by the strong model,
and IDK questions have unreliable weak labels provided by
the weak supervisor.

We construct a fully connected unidirectional embedding
graph G using samples in D = Dik ∪ Didk. We first map
each sample x ∈ D into an embedding z (computed from the
final transformer layer), and then use all these embeddings
as nodes for G. We also assign a prior label lp(x) to each
sample x ∈ D to represent its annotation, i.e., for a sample
x ∈ Dik, lp(x) is defined as the self generated label by the
strong model, and for a sample x ∈ Didk, lp(x) is defined as
the corresponding weak label.

For each sample x ∈ Didk, a graph-smoothed label lg(x)
is obtained by aggregating adjacent nodes on G. Specifically,
to conform to the smoothness assumption, we try to mini-
mize the following distance when determining lg(x):

α · d[lg(x), lp(x)] + (1− α)
∑
xj∈D

aj · d[lg(x), lp(xj)]

aj =
exp(z · zj/τ)∑|D|

k=1 exp(z · zk/τ)
,

(1)

where 0 ≤ α ≤ 1 is a weight, d is a distance function,
τ > 0 is a temperature. The second term in Eq. 1 enforces
the smoothness assumption by encouraging lg(x) to have
similar labels with its nearby samples, whereas the first term
tries to maintain lg(x) to meet its original annotation lp(x).
For simplicity, we implement d as the Euclidean distance

37559



Method SciQ BoolQ CosmosQA
Acc. PGR Acc. PGR Acc. PGR

Ours w/o IK 89.86 63.13 82.28 30.57 81.36 21.06
Ours w/o GS 90.23 66.98 83.11 38.13 83.12 37.68
MTL 89.98 64.38 82.56 33.12 82.27 29.65

Ours 90.60 70.83 83.39 40.67 83.85 44.57

Table 4: Ablation on main components of our model.

Method SciQ BoolQ

Finetune 88.10 80.85

Ours (+CosmosQA) 90.70 83.20
Ours (+Winograde) 89.80 82.99
Ours (+ARC) 90.60 83.39

Table 5: Ablation on the dataset to train the P(IK) classi-
fier. The performance is evaluated with accuracy.

here, and thus minimizing Eq. 1 yields:

lg(x) = α · lp(x) + (1− α)
∑
xj∈D

aj · lp(xj) (2)

Note that the result we derived in Eq. 2 follows most pre-
vious graph-smoothing methods in semi-supervised learning
(Van Engelen and Hoos 2020).

Training Models using Labels Selectively
After producing the graph-smoothed weak labels, we con-
struct a dataset with improved labels:

M = {(xi, lp(xi)) ∪ (xj , lg(xj))|xi ∈ Dik, xj ∈ Didk} (3)

We can finetune a model on M with a cross-entropy loss
Lgen. The final training loss for finetuning a large pretrained
student model is:

L = Lgen + λ · Lik, (4)

where Lgen is optimized on a dataset to evaluate weak-to-
strong performance, and Lik is optimized on another dataset
to train P(IK), λ is a weight.

Experiments
Tasks
We adopt the evaluation protocol of prior work (Burns
et al. 2023), and conduct experiments in NLP tasks on three
benchmark datasets: SciQ (Welbl, Liu, and Gardner 2017),
BoolQ (Clark et al. 2019), and CosmosQA (Huang et al.
2019). We convert each dataset to a binary classification
problem. For multiple-choice datasets, given a data point
with a question Q and k candidate answers A, we construct
k new data points of the form (Q,Ai), where the label is 1
for the correct answers and 0 for all the incorrect answers.
We also keep the same number of correct and incorrect an-
swers per question to maintain class balance.

Experimental Setups and Metrics
Following (Burns et al. 2023), we randomly sample at most
20k data points from each task and split them in half. We
train a weak model on the first half of the data points and use
its prediction on the other half as the weak labels. The weak
labels are soft labels (Hinton, Vinyals, and Dean 2015). We
report the accuracy and performance gap recovered (PGR)
of the strong student model on the test set in all tasks.

Implementation Details
Our implementations of data preprocessing, weak and strong
model training are based on the OpenAI weak-to-strong
codebase and its default hyper-parameters (Burns et al.
2023). Specifically, we use Qwen/Qwen-14B (Bai et al.
2023) as the large pretrained model for training strong mod-
els. Meanwhile, we use GPT-2 (Radford et al. 2019) and
Qwen/Qwen-1.8B as two small pretrained models for train-
ing weak models, which have different gaps in compute be-
tween weak and strong models.

In order to adapt weak and strong models to the converted
binary classification setting, we equip each model with an-
other linear classification head with two outputs. We use
λ = 1, γ = 0.8, α = 0.9, and τ = 0.1 in all experiments.
We train all models for two epochs with a batch size of 32.
We conduct all experiments on a single 8×A100 machine.

Baselines
We compare our approach with competitive baseline ap-
proaches: 1. Finetune (Burns et al. 2023) naively finetunes
strong pretrained models on labels generated by a weak
model; 2. Finetune w/ auxi. loss (Burns et al. 2023) fine-
tunes strong models with an auxiliary confidence loss, which
reinforces the strong model’s confidence in its own predic-
tions; 3. Finetune w/ prod. loss (Burns et al. 2023) fine-
tunes strong models with a confidence-like loss which sets
the cross entropy targets to the product of weak labels and
strong model predictions. 4. Finetune w/ adap. loss (Guo
et al. 2024) finetunes strong models with an adaptively ad-
justable loss using the discrepancy between the soft label
and the hard label. 5. Finetune w/ rkl loss (Yao et al. 2025b)
finetunes strong models with reverse KL divergence loss.
6. Finetune w/ js loss (Yao et al. 2025a) finetunes strong
models with Jensen–Shannon divergence loss. We also re-
port the weak performance and the strong ceiling perfor-
mance defined in the preliminaries section. Note that the
strong ceiling performance is regarded as the upper bound
of the weak-to-strong performance when only weak labels
are considered.
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In-Dist Generalization OOD Generalization
Training Data AUROC Training Data AUROC

SciQ SciQ 92.14 ARC 89.34
BoolQ BoolQ 85.08 ARC 79.02
CosmosQA CosmosQA 88.01 ARC 79.92
Winograde Winograde 73.43 ARC 63.55
GSM8K GSM8K 69.27 ARC 47.73

Table 6: Overview comparing out-of-distribution generalization to in-distribution generalization performance of P(IK).
All AUROC scores (%) are computed using the Qwen/Qwen-14B P(IK) classifiers. Even when we only train on ARC, we see
decent generalization to other tasks.

Main Results
Table 2 and Table 3 show the results of each approach on the
binary classification tasks converted from SciQ, BoolQ, and
CosmosQA datasets. Here, our approach trains the binary
classier P(IK) on questions from the ARC dataset (Clark
et al. 2018). We use GPT-2 for the weak model in Table 2
and use Qwen/Qwen-1.8B for the weak model in Table 3.
In each task, we observe that PGRs of strong student mod-
els naively finetuned on weak labels are all positive, which
indicates promising weak-to-strong generalization.

At the same time, we find that our approach signifi-
cantly outperforms each strong student baseline, including
the naive baseline finetuned on weak labels or more sophis-
ticated baselines equipped with a confidence loss term on all
three tasks. Compared with the promising baseline Finetune
w/ auxi. loss, our approach brings up from a PGR of 60.98%
to 64.81% in SciQ, −10.76% to 14.92% in BoolQ, and
27.49% to 35.21% in CosmosQA, when using weak model
GPT-2, and brings up from a PGR of 59.38% to 70.83% in
SciQ, 32.85% to 40.67% in BoolQ, and 20.87% to 44.57%
in CosmosQA, when using weak model Qwen/Qwen-1.8B.
Our approach also obtains the best test accuracy among all
compared strong students. The performance gain shows the
advantage of selective W2SG, which helps elicit the capa-
bilities of the strong model with weak supervision.

Ablation Studies
We provide comprehensive ablation studies to under-
stand the efficacy of selective weak-to-strong generalization
framework. All ablations are conducted using Qwen/Qwen-
1.8B for the weak model and Qwen/Qwen-14B for the
strong model.

Ablation on model main components. We verify the ef-
fect of each component in our selective framework by test-
ing following variants: 1. Ours w/o IK removes training
the P(IK) classier. In this variant, IDK questions Didk con-
tains all the questions to train the student model, and the loss
shown in Eq. 4 is optimized by setting λ = 0; 2. Ours w/o
GS removes estimating the graph-smoothed weak labels. In
this variant, lg(x) of each sample x ∈ Didk shown in Eq. 3
is replaced with the prior label lp(x). 3. MTL implements
multi-task learning with one head for P(IK) and another head
for alignment. The head for P(IK) is trained with ground
truth labels from the ARC dataset while the other head is
trained with weak labels.

Results in Table 4 indicate that our method outperforms
all ablation models in terms of test accuracy and PGR. We
can further observe that: 1. Training the P(IK) classier to
identify IK questions brings the largest improvement com-
pared to other components. This proves the importance of
understanding whether a strong model knows the correct an-
swer to a question for selective W2SG. 2. Naively training
the P(IK) classier without selecting labels for alignment de-
generates the model performance by a large margin. This
shows the effectiveness of improved label quality produced
by our selective framework.

Ablation on the dataset to train the P(IK) classifier. We
analyze the impact of the dataset to train the P(IK) clas-
sifier on the final performance. In Table 5, we train the
P(IK) classifier on questions from three different datasets:
CosmosQA, Winograde (Sakaguchi et al. 2021), and ARC.
We can observe that our selective W2SG method consis-
tently outperforms methods that always use weak supervi-
sion, when training the P(IK) classifier with different extra
datasets. It also suggests that strong models can be elicited
to evaluate their own knowledge state. We present analyses
of the P(IK) generalization ability in the next subsection.

Further Analysis
Achieving good generalization of P(IK) is important for
selective W2SG, since it will be applied in future novel
and complex tasks for superalignment. We are interested in
studying the generalization of P(IK) across various dimen-
sions, i.e., cross-task, cross-domain, and cross-difficulty.

Specifically, we train P(IK) classifiers only on ARC and
then evaluating on SciQ, BoolQ, CosmosQA, Winograde,
and GSM8K (Cobbe et al. 2021). These datasets cover di-
verse domains such as science QA, reading comprehen-
sion, commonsense reasoning, and math.Meanwhile, these
datasets also cover diverse difficulties, where Winograde
and GSM8K are much harder than the other datasets, with
relatively lower test accuracy. Hence, evaluation on these
datasets help us explore out-of-distribution generalization
and easy-to-hard generalization (Sun et al. 2024) of P(IK).
In this analysis, we implement a variant of our model that
only optimizes the loss Lik in Eq. 4, i.e., Lgen is removed.

Table 6 gives an overview of generalization performance
for the P(IK) classifier that is trained on ARC, compared
to its in-distribution performance. Figure 2 gives a detailed
view of how the distribution of P(IK) changes depending on
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Figure 2: Generalization of P(IK). The left side of this figure includes distributions of P(IK) from a Qwen/Qwen-14B P(IK)
classifier that was trained on in-distribution data, i.e., SciQ, CosmosQA, Winograde, and GSM8K, respectively. The right side
includes distributions of P(IK) that was trained on just ARC. Blue bar represents P(IK)=0, and orange bar represents P(IK)=1.

training data. We find that strong models do exhibit a degree
of generalization of P(IK) across tasks and difficulties.

Limitations and Conclusion
Limitations. Although our proposed method is found to
be effective in all our experiments, the difference between
strong and weak models is only in the size of pretrained
models in our setup. However, in the future, strong mod-
els may also differ in reasoning and planning abilities. Fur-

thermore, since weak-to-strong deception phenomenon ex-
ists (Yang et al. 2024), the P(IK) classifier might not be per-
fectly robust for future superalignment. It highlights the ur-
gent need to pay more attention to alignment reliability.

Conclusion. In this paper, we challenge the assumption of
always using weak supervision for W2SG. In response, we
propose a selective framework, where strong models iden-
tify whether using weak labels is necessary. Extensive evalu-
ations show that our approach outperforms SOTA baselines.
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