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Abstract

Large Language Models (LLMs) find applications
in (binary) classification tasks such as question
answering and response moderation. However,
they can achieve suboptimal performance in asym-
metric error classification tasks where the Type-I
(false positive) error has a higher cost than the
Type-II (false negative) error. In this work, we
adopt an interpretability-guided approach to im-
prove over LLM performance for asymmetric er-
ror classification scenarios in a cost-aware manner.
Specifically, we design linear probes in the LLM
representation space as Neyman-Pearson classi-
fiers that predict the ground-truth classification, so
that the classifier has the Type-I error constrained
by a user-specified threshold while minimizing
the Type-II error. We find that Neyman-Pearson
linear classifiers on LLM representations from
the residual streams can provide a better trade-off
between the different errors than SOTA LLMs in
medical question-answering, safety moderation,
and schema linking asymmetric error classifica-
tion tasks by achieving constrained Type-I and
low Type-II errors.

1. Introduction

Large Language Models (LLMs) are used for classification
tasks, where their output is constrained to a fixed set of pos-
sibilities. Popular examples are multiple choice question an-
swering (QA) (Zhu et al., 2020; Pal et al., 2022; Hendrycks
et al., 2021; Chaudhary et al., 2024), where few of a fixed
set of answer options are correct; and safety moderation
involving classification of given conversations between a
model and its user as safe or unsafe. These tasks are impor-
tant both as standalone problems (e.g., multiple choice QA)
and as part of a larger LLM agent system (e.g., safety mod-
eration). General classification tasks can be modeled as a
union of several binary classification tasks, where each task
is to identify whether a given class is a ground-truth class.
Hence, we scope our discussion to binary classification.

Several practical instances (Zhu et al., 2020, QA), (Ji et al.,
2023, safety moderation), (Talaei et al., 2024, schema link-
ing) of binary classification tasks have asymmetric errors,

where misclassification of samples from one class is costlier
than those from the other. LLM performance in asymmetric
error, binary classification tasks can be suboptimal (§3, Ta-
ble 1). This is owing to the general purpose nature of LLMs
that are not optimized for asymmetric-error classification
tasks. Prior works (Jin et al., 2025; Lei and Cooper, 2025)
recognize that due to their extensive training (Ibrahim et al.,
2024) and emergent capabilities (Wei et al., 2022), LLMs
extract important features for the final classification task and
store them in their intermediate representations. However,
they may not be able to properly combine the intermediate
features to achieve good performance on their own. Our
insight is to optimize on linearly combining the features to
achieve good classification performance in asymmetric error
scenarios. Ideally, we want misclassification with higher
cost to be constrained by some user-defined tolerance thresh-
old, while the other kind of misclassification is minimized.
This would ensure optimal classifier performance with the
high-cost error being constrained.

Key challenges. (1) Prior works on prompt tuning (Mahar-
jan et al., 2024), fine-tuning (Hu et al., 2021), or training
additional linear classifiers on LLM representations (Orgad
et al., 2024) focus on accuracy as the primary optimization
metric. There are no existing methods on textual inputs,
to the best of our knowledge, that consider the differential
costs of misclassification errors. (2) It is unclear which
LLM intermediate representations can result in the most
optimal classification performance.

Our approach. In this work, we develop a method to im-
prove classification performance in asymmetric error clas-
sification tasks by using specialized linear classifiers in the
LLM’s intermediate representation space to predict the final
classification results. We design these linear classifiers as
Neyman-Pearson (NP) classifiers that threshold the high-
cost misclassification error below a user-specified threshold
while minimizing the other misclassification error. A ben-
efit of using this approach is that the linear model remains
the same for different user-specified thresholds, changing
only the decision boundary by changing the threshold on the
linear combination in the classifier. We train individual NP
classifiers on the residual streams of all layers and identify
that the residual stream of middle to final LLM layers can
be used to train classifiers that achieve good performance.
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Contributions.

» Formulation. We study linear classification in interme-
diate representation spaces of LLMs using the Neyman-
Pearson framework. This approach aims to improve
upon baseline LLM classification performance by first
training a linear model, then adjusting its decision
threshold to constrain the high-cost misclassification
error while minimizing the other error.

o Implementation. We find that residual streams from
the middle to the final layers are useful to achieve
strong classification performance, and we use represen-
tations from these layers to train the classifiers. Our im-

plementation is available at https://anonymous.

4open.science/r/llm-reps—-0546.

* Findings. The trained NP classifiers show a significant
improvement over the baseline LLM performance in
terms of lower Type-I errors (costlier). We generally
achieve testing Type-I errors below 10%. The aver-
age Type-I error reduction from the original LLM as
classifier is 34%.

2. LLM representations for asymmetric error
classification

The LLM residual stream (intermediate representations) en-
codes various features that crucially contribute to the final
generation (Jin et al., 2025; Lei and Cooper, 2025). These
features at each layer are formed using linear combinations
of features in previous layers followed by non-linear trans-
formations. General purpose LLMs are able to extract useful
features due to their extensive training (Naveed et al., 2024;
Ibrahim et al., 2024) and emergent capabilities (Wei et al.,
2022). These features can be combined appropriately to
form the final classification result, as observed by Lei and
Cooper (2025). However, the LLMs themselves may not
be able to correctly utilize the features to finally generate
the correct answer to classification tasks. Hence, for the
goal of improved downstream classification, we identify and
effectively combine the intermediate features using linear
models, similar to Orgad et al. (2024). We train linear mod-
els on LLM intermediate representations for task-specific
prompts and specific layers.

However, simple linear models that minimize overall classi-
fication errors do not suffice for asymmetric classification
errors, where one error has a higher cost than the other.
Hence, we need specialized classifiers that take the asym-
metric nature of the errors into account. Next, we define the
two kinds of errors in asymmetric error binary classification
for a classifier ¢ : R — {0, 1} that maps a d—dimensional
(d > 0) real-valued space to either class-0 or class-1. Note
that multiclass classification can be modeled as C' (number

of classes) binary classifications, where each task is to clas-
sify a given class as a ground truth class. Hence, we scope
our method to binary classification.

Type-I error. Type-I error or false positives Ro(¢) occur
when a sample X with ground truth (Y') class-0 is predicted
as class-1 by ¢.

Ro(¢) =P(o(X) #Y [ Y =0) ¢y

Type-II error. Type-II error or false negatives R (¢) occur
when a sample X with ground truth (Y) class-1 is predicted
as class-0 by ¢.

Ri(¢) =P(o(X) #Y | Y =1) 2

In this analysis, we consider the misclassification of class-0
or Type-I error as more costly than the Type-II error and
hence constrain it to be below a user-specified tolerance
threshold o > 0. This choice is without loss of generality,
as the class labels can be flipped to make class-0 the more
important class in terms of misclassification. Among all
classifiers ¢’ that satisfy Ro(¢’) < «, the classifier with
the minimum Type-II error R;(¢) is desirable. Hence, to
find the optimal classifier ¢* that has constrained Type-I
error with minimum Type-II error, we solve the following
optimization problem.

o* = argmin¢|30(¢)§aRl(¢) S

To solve (3), we apply the umbrella Neyman-Pearson (NP)
algorithm (Tong et al., 2018) on linear models on LLLM in-
termediate representations for each layer to make them NP
classifiers, as follows. Let f be a linear model that takes
as input an intermediate representation vector, X and out-
puts a scalar that is normalized to a (classification) score
between 0 and 1. The NP classifier derived from f is such
that the true Type-I error is thresholded by a user-specified
threshold a > 0 with probability more than 1 — 6,6 > 0,
i.e., Pr(Ro(¢) < a) > 1 — 4. The NP classifier is given
by ¢*(X) = I{f(X) > 7}, where 7 is a constant thresh-
old. To determine 7, the order statistics of the classification
scores of f over a held-out validation set of class-0 samples
are used. To ensure that Pr(Ry(¢) < a) > 1 — 4§, Tong
et al. (2018) show that the k™ order statistic for a validation
set of size n > 0 should be used as the threshold, where
k=min{k € {1,...,n} | v(k) < 0} and v(k) is a viola-
tion upper bound given by v(k) == >_7_, (’;) (1—a)ia™,

3. Experiments

We show empirical evidence for performance improvement
using our approach in the following evaluations. We con-
ducted our experiments on 4 A100 GPUs with 40GB VRAM
each. We obtain the LLM representations consisting of the
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Table 1. Performance of baselines and our method. For methods using LLM intermediate representations, we report the test set performance
of the classifiers with lowest Type-II error out of all classifiers with Type-I error < « trained on representations from individual LLM
layers. Instances with Type-I error below « are highlighted. We also report the layers (alongside the total number of hidden layers in the
model) whose representations were used to train the best classifiers, whose performance is shown.

Task Model LLM as classifier Linear classifier NP classifier
Type-I Type-II Type-I Type-Il Layer/Total Type-I Type-II Layer/Total
Llama-3.2 (3B) 0.32 0.35 1.0 0.0 1/28 0.11 0.53 18/28
Qwen-2.5 (3B) 0.70 0.08 1.0 0.0 1/36 0.11 0.53 33/36
MedQA Llama-3.1 (8B) 0.40 0.20  0.997 0.004 32/32 0.11 0.48 31/32
Qwen-2.5 (7B) 0.54 0.09 0.97 0.02 27/28 0.10 0.51 28/28
Qwen-2.5 (14B) 0.36 0.19 0.96 0.04 41/48 0.11 0.41 48/48
SM Llama-Guard-3 (1B) 0.51 0.03 0.48 0.48 5/16 0.08 0.38 14/16
Llama-Guard-3 (8B) 0.46 0.04 0.49 0.53 4/32 0.09 0.29 14/32
Llama-3.2 (3B) 0.23 0.45 1.0 0.0 1/28 0.14 0.26 28/28
Qwen-2.5 (3B) 0.19 0.34 1.0 0.0 1/36 0.05 0.16 25/36
SL Llama-3.1 (8B) 0.54 0.10 1.0 0.0 1/32 0.08 0.11 31/32
Qwen-2.5 (7B) 0.62 0.04 1.0 0.0 1/28 0.09 0.11 28/28
Qwen-2.5 (14B) 0.39 0.07 0.85 0.08 31/48 0.12 0.12 34/48

residual stream of each layer, after the generation of the
classification token. We study the following asymmetric
error classification tasks with SOTA LLMs. We give the
specific prompts used for each task in Appendix A.

¢ Medical QA (MedQA). In a specific instance of med-
ical question answering, we use the MashQA (Zhu
et al., 2020) dataset. The classification task is—given a
query and a sentence from the accompanying context,
the model needs to classify the sentence as relevant
or not for answering the query. This is an asymmet-
ric error classification task, where misclassifying ac-
tually relevant sentences is costlier for downstream
question answering than misclassifying actually irrele-
vant ones, which merely add noise. The training set for
the classifiers comprises LLM representations derived
from 35, 182 prompts generated during sentence rele-
vance classification. These prompts were constructed
from 800 queries sampled from the MashQA dataset.
The test set consists of LLM representations from
8763 prompts derived from 200 queries. The resul-
tant datasets of LLM representations annotated by the
ground truth sentence relevance are imbalanced with
the training and test sets each having 92% prompts
about irrelevant sentences.

Safety Moderation (SM). In this task, we study mod-
eration tools for classifying given prompt and model
responses as safe or unsafe using samples from the
Beaver Tails dataset (Ji et al., 2023). This is also an
asymmetric error classification task, where misclas-
sifying unsafe responses has a higher cost than mis-
classifying safe responses. We construct the training

and test sets for this task from 8000 and 2000 samples,
respectively, of single-turn conversations consisting of
user query and model response pairs from Beaver Tails.
These data sets are balanced.

Schema Linking (SL). SL is an important step in
the text-to-SQL pipeline, where, for a given natural
language query about a database and a column from
the database’s schema, the model needs to classify
whether the column is relevant to write the equivalent
optimized SQL query. In SL too, misclassification of
relevant columns as irrelevant is costlier, as a pruned
schema is made from the relevant columns and used
in the subsequent steps of the pipeline. We show SL
over queries from the challenging Formula-1 schema
of the BIRD-SQL benchmark (Li et al., 2024). We
derive LLM representations for the training and test
set from 7520 and 1880 column relevance classifica-
tion prompts derived from 80 and 20 natural language
queries respectively, based on Formula-1 schema. This
is an imbalanced classification task as well with 94%
prompts about irrelevant columns.

We experiment with the following open-source LLMs,
as we need intermediate representations to train our
classifiers—Llama-3.2 (3B) Instruct, Llama-3.1-8B In-
struct (Grattafiori and et al., 2024), and Qwen-2.5-Coder
Instruct (3B,7B,14B) (Hui et al., 2024) for MedQA and SL
and moderation LLMs Llama Guard 3 (1B,8B) (Inan et al.,
2023) for SM. With this choice of models, we study a vari-
ety of model sizes and families to make our study extensive.
We compare with the following classification baselines.

e LLM as classifier. We report the performance of the
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target LLM, prompted for classification. The response
is generated with greedy decoding.

» Using simple linear classifiers. We train simple lin-
ear classifiers on LLM representations with default
decision thresholds. We use Scikit-Learn’s (Pedregosa
et al., 2011) implementation of Logistic Regression
classifiers with default settings.

We report Type-I and Type-II errors on held-out test sets. For
the Neyman-Pearson (NP) settings, we set the permissible
threshold « for Type-I error as 10% and probability of Type-
I error exceeding «, § as 5%. We train Neyman-Pearson
(NP) classifiers as Logistic Regression models on a subset
of the training data. To implement the NP formulation, we
set aside 50% of the class-0 samples as a held-out validation
set, and exclude them from the classifier’s training set. This
validation set is then used to adjust the decision boundary
to form the NP classifier. For each LLM and task, we
train separate classifiers using the residual streams of each
layer as input representations. We show the performance
of the best performing classifier, selected based on held-out
validation sets comprising 10% of the original training data
for each layer. The remaining 90% of the data is used to
train the classifiers. Table 1 presents our results.

Key observations.

* NP effectively controls Type-I error. The original
LLM classification performance can show high Type-
I error, which is undesirable. Similarly, the simple
linear classifiers do not prioritize Type-I error reduc-
tion, hence, they are not well-suited for asymmetric
error classification tasks. NP classifiers achieve testing
Type-I error that is generally lower than «, with only
minor violations. This is even in the imbalanced tasks
of MedQA and SL, where simple linear classifiers per-
form suboptimally. The NP classifiers also show low
Type-II error.

* Best classifiers appear for middle to final layers.
We observe that the best performing NP classifiers are
trained from the LLM residual streams for the middle
to final layers for the studied tasks. Future works could
investigate specific features that are extracted in these
layers that lead to the best classification performance.
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A. LLM prompts for different tasks

Medical Question Answering. The prompt for classifying
a given sentence as relevant to answering a given query,
derived from the MashQA dataset (Zhu et al., 2020), is
given in Prompt 1.

Medical Question Answering. We use the standard tem-
plate! of Llama Guard (Inan et al., 2023) to form the prompt
to classify a given user-assistant conversation, derived from
the Beaver Tails dataset (Ji et al., 2023), as safe/unsafe.

Schema Linking. The prompt template for schema linking,
which involves identifying the relevance of a given column
to generate an equivalent SQL query from a given natural
language query, given to all LLMs tested, is shown in 2.
This template is borrowed with minor modifications from
that used in column filtering in (Talaei et al., 2024).

You are a detail-oriented doctor tasked with evaluat-
ing the relevance of given sentence for answering a
specific question.

Procedure:

1. Understand the question.

2. Carefully examine the provided sentence and its
relevance to answering the question.

Question: {QUESTION}

Sentence: {SENTENCE}

Take a deep breath and provide your answer in the
following json format:

113

json
“is_sentence_information_relevant”: “Yes” or “No” ,
“chain_of _thought _reasoning”: “One line explana-
tion of why or why not the sentence information is
relevant to the question.”

1}

999

Only output a json as your response.

Prompt 1: Prompt for MedQA

"https://www.llama.com/docs/
model-cards—and-prompt-formats/
llama—-guard-3/
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You are a detail-oriented data scientist tasked with evaluating the relevance of database column information for
answering specific SQL query question based on provided hint. Your goal is to analyze the provided database
schema, comprehend the posed question, and assess whether the given column details are pertinent to constructing
an SQL query to address the question informed by the hint. Label the column information as “relevant” if it aids in
query formulation, or “irrelevant” if it does not.

Database Schema Overview:

{SCHEMA}

Procedure:

* Carefully examine the provided schema and column details.
» Understand the question about the database and its associated hint.
* Decide if the column details are necessary for the SQL query based on your analysis.

Here are some examples of how to determine if the column information is relevant or irrelevant to the question and
the hint:

{Few shot examples }

Now, its your turn to determine whether the provided column information can help formulate a SQL query to answer
the given question, based on the provided hint.

The following guidelines are VERY IMPORTANT to follow. Make sure to check each of them carefully before
making your decision:

* You’re given only one column’s information, which alone isn’t enough to answer the full query. Concentrate
solely on this provided data and assess its relevance to the question and hint without considering any missing
information.

* Read the column information carefully and understand the description of it, then see if the question or the hint
is asking or referring to the same information. If yes then the column information is relevant, otherwise it is
irrelevant.

* Look beyond mere keywords. Assess whether there is a meaningful, semantic connection between the column
information and the needs of the question or hint. Mere word matches do not necessarily imply relevance.

« If the question refers to applying a logic on a data such as average, sum, max, min, or any other operation, and
the column information is a part of that logic, then the column information is relevant.

* Pay attention to the provided ‘Example of values in the column‘. If you see a shared keyword between the
example and the question or hint, then the column information is relevant. (VERY IMPORTANT)

* If you see the column name appeared in the hint, then it is definitely relevant. (VERY IMPORTANT)

* Note that it does not matter if the question is asking for other information not contained in the column, as long
as this column’s information is useful for crafting a SQL query answering the question, you should consider
this column as relevant.

Column information:

{COLUMN PROFILE}

Question: {QUESTION}

HINT: {HINT}

Take a deep breath and provide your answer in the following json format:

“‘json

{{ “is_column_information_relevant”: “Yes” or “No”,

“chain_of_thought_reasoning”: “One line explanation of why or why not the column information is relevant to the
question and the hint.” }}

Only output a json as your response.

Prompt 2: Prompt for Schema Linking
7




