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Abstract

Contextual question answering (CQA) involves
uncertainty regarding the use of available
knowledge in forming an answer. In CQA,
large language models (LLMs) should decide
whether to Refer to explicitly stated informa-
tion, Infer from contextual evidence using com-
monsense knowledge, or Abstain when an an-
swer cannot be supported. We investigate
whether LLMs implicitly select among these
skills under CQA uncertainty. Combining
prompting analysis with layer-wise probing, we
examine latent skill selection across instruction-
tuned LLMs. We find that the models distin-
guish Refer from Infer more easily than In-
fer from Abstain. In particular, erroneous ab-
stentions disproportionately occur on inference-
based questions, and the Infer–Abstain distinc-
tion is the least separable in model represen-
tations. We further find that models represent
contextual knowledge gaps more strongly than
contextual knowledge sufficiency. These re-
sults characterize the emergence and limita-
tions of latent skill selection in LLMs under
CQA uncertainty.

1 Introduction

Large Language Models (LLMs) are provided with
context, either to supplement their knowledge to
answer factual questions or to provide background
to answer context-specific (contextual) questions.
In Contextual Question Answering (CQA), LLMs
are expected to provide grounded answers to ques-
tions with user-provided context, such as a nar-
rative (Kočiský et al., 2018; Xu et al., 2022), a
situation (Gu et al., 2022), or a scenario (Li et al.,
2021; Sun et al., 2023). In contrast to RAG-based
approaches to factual or open-domain questions,
where context is used as an additional source of
knowledge (Neeman et al., 2023; Farahani and
Johansson, 2024; Cheng et al., 2024; Zhao et al.,
2024; Du et al., 2024; Basmov et al., 2025; Huang
et al., 2025; Schumacher et al., 2025; Zhao et al.,

2026), context is the main source of knowledge
for tailored answers in CQA. Especially, LLMs
should refer to the read context to answer explicit
questions, infer from context to answer implicit
questions (Kalbaliyev and Sirts, 2024), and abstain
from unanswerable questions where no correct or
plausible answer is derivable. Rogers et al. (2020)
describe this as “the full spectrum of uncertainty in
QA,” since the task involves determining not only
whether the information is explicitly stated in the
text, but also whether the missing information can
be inferred with reasonable confidence.

While LLMs often produce answers, how they
navigate distinct forms of uncertainty remains
poorly understood. In this paper, we study QA
uncertainty from a dimensional skill perspective
(Kalbaliyev and Sirts, 2024, 2025), conceptualizing
CQA as requiring three core contextual knowledge
skills: Refer, Infer, or Abstain. Under this view,
solving a CQA instance involves selecting and ap-
plying the appropriate skill. However, these skills
are exercised implicitly through latent reasoning
processes (Zhu et al., 2025; Li et al., 2025b), and
it remains unclear whether LLMs can select the
skill required for a given question. We therefore
investigate whether LLMs are implicitly aware of
the skill needed to answer contextual questions.

To investigate latent skill selection in LLMs,
we adopt two different approaches. First, in a
prompting-based approach, we examine wrong-
ful abstentions to identify potential confusions be-
tween Abstain and other skills. This analysis pro-
vides behavioral evidence of whether models select
the appropriate skill when answering contextual
questions. Second, in a probing-based approach,
we use layer-wise probing to examine the model’s
internal representations and track how skill-related
information emerges across layers. This allows us
to identify which layers encode information about
the required skill and where the model has the ca-
pacity to linearly recover it.
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Figure 1: Knowledge types in Contextual Question Answering (CQA) and their groupings in Contextual Knowledge
Sufficiency and Gap subdimensions.

2 Background: Contextual Question
Answering

There are two types of context-based QA: (1) ques-
tions that focus on general knowledge, where the
provided contexts serve to supplement that knowl-
edge, and (2) questions that are directly about the
contexts themselves (Shaier et al., 2024). In this
work, we focus on the second type of questions
and refer to it as Contextual Question Answering
(CQA). CQA concerns generating answers to ques-
tions grounded in a provided context, such as a
narrative (Kočiský et al., 2018; Xu et al., 2022), a
situation (Gu et al., 2022), or a scenario (Li et al.,
2021; Sun et al., 2023). A model is expected to
produce a valid response only when the answer
is supported by the given context, potentially aug-
mented with appropriate contextual commonsense
knowledge. When the available information is in-
sufficient to derive a reliable answer, the model
should abstain rather than speculate or hallucinate.

The knowledge required to bridge a context and
a question can be broadly categorized into three
types:

• Explicit knowledge: refers to information di-
rectly stated in the context.

• Implicit knowledge: refers to information
not explicitly stated but inferable by combin-
ing the context with world or commonsense
knowledge.

• Unknown knowledge: refers to information
that neither is provided in context nor infer-
able with world or commonsense knowledge.

We can also organize three knowledge types
along two subdimensions that characterize the rea-

soning challenges in CQA: (1) Contextual Knowl-
edge Sufficiency (Joren et al., 2025) and (2) Contex-
tual Knowledge Gap (Kalbaliyev and Sirts, 2024)
as shown in Figure 1.

The Contextual Knowledge Sufficiency subdi-
mension captures whether a valid answer exists in
principle:

• Sufficient Knowledge: Questions for which
sufficient knowledge exists to derive an an-
swer, including both explicit and implicit
cases.

• Insufficient Knowledge: Questions for which
available knowledge is insufficient, requiring
the model to abstain.

Contextual Knowledge Sufficiency also shares
the same categorization as the known-unknown
(Amayuelas et al., 2024) and answerable-
unanswerable (Madhusudhan et al., 2025)
classifications.

The Contextual Knowledge Gap subdimension
captures whether the provided context alone is suf-
ficient to answer the question:

• No Gap: The answer can be derived directly
from information explicitly stated in the con-
text.

• Gap: The information required to answer is
not directly present in the text. The informa-
tion can be recovered in implicit cases but not
in unknown cases.

CQA Uncertainty and ambiguous position of
implicit knowledge. A central uncertainty in CQA
lies in the dual nature of implicit knowledge. From
the perspective of sufficiency, implicit questions
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align with explicit ones, as both are, in principle,
answerable. However, from the perspective of the
contextual gap, implicit questions align with un-
known ones, as both require information beyond
what is directly stated.

This dual alignment makes the application of im-
plicit knowledge inherently ambiguous: it is proxi-
mal to explicit knowledge in terms of the existence
of answers, yet proximal to unknown knowledge
in terms of the contextual gap. As a result, im-
plicit reasoning introduces a spectrum-like notion
of uncertainty that extends beyond a simple binary
distinction between answerable and unanswerable
or known and unknown cases. This perspective
aligns with prior views that conceptualize question
answering as spanning a full spectrum of uncer-
tainty (Rogers et al., 2020).

3 Methodology

3.1 CQA Uncertainty as Latent Skill Selection
We study Contextual Question Answering (CQA)
uncertainty from a dimensional skill perspective
(Kalbaliyev and Sirts, 2024, 2025), framing CQA
in terms of three core contextual knowledge skills
as shown in Figure 1:

• Refer: refer to information directly from the
context (explicit)

• Infer: integrate contextual evidence with
background knowledge (implicit)

• Abstain: recognize and reject unsupported or
unanswerable cases (unknown).

This framework treats uncertainty as a latent skill-
selection problem, allowing us to examine whether
LLMs distinguish among these skills and how this
distinction is reflected in their behavior and internal
representations.

3.2 Contextual Question Answering
We formulate Contextual Question Answering as a
multiple-choice QA task. Let the dataset consist of
tuples

D = {(ci, qi, Oi, yi, si)}Ni=1, (1)

where ci denotes the context, qi the question, Oi =
(o1, . . . , oK) the ordered list of candidate answer
options, and yi ∈ {0, . . . ,K} the index of the cor-
rect option. Each example is assigned a skill label

si ∈ {Refer, Infer, Abstain}. (2)

3.3 Prompting
In prompting, each option ok starts with a letter
label ℓk ∈ {A, B, C, . . .}, in a fixed order. Given
the input prompt xi = (ci, qi, Oi), the language
model fθ predicts the answer by comparing the
log-probabilities it assigns to the letter tokens at
the next-token position:

ŷi = arg max
k∈{0,...,K}

log pθ(ℓk | xi). (3)

A prediction is correct if ŷi = yi.

3.4 Probing
To characterize the emergence of latent skill rep-
resentations throughout the network, we adopt a
layer-wise probing methodology. Given an input
instance xi, we extract the hidden representation
h
(l)
i ∈ Rd from each transformer layer l. For every

layer, we train an independent linear probe using
logistic regression with L2 regularization to pre-
dict the target skill label. The probe receives only
the frozen hidden representation as input, while
the underlying language model parameters remain
unchanged. Since linear probes have limited ex-
pressive capacity, high probe performance indicates
that information about the required reasoning skill
is explicitly encoded and linearly separable within
the representation space. Analyzing probe per-
formance across layers allows us to trace where
and how latent skill selection emerges during the
model’s forward computation.

We design a suite of probing tasks to analyze
latent skill representations at multiple levels of
abstraction. The three-way probing task evalu-
ates fine-grained latent skill selection by predicting
whether a given instance requires Refer, Infer, or
Abstain. Pairwise probing tasks further examine
the separability of skill representations by focusing
on binary distinctions between specific skill pairs,
thereby characterizing local decision boundaries
in representation space. Finally, meta-skill prob-
ing tasks assess higher-order abstractions related to
contextual knowledge sufficiency and gaps, captur-
ing whether the model encodes a global awareness.
Together, these probing tasks provide a structured,
layer-wise characterization of how language mod-
els organize and represent reasoning skills under
contextual QA uncertainty.

3.4.1 Three-Way Latent Skill Selection
Our primary probing task evaluates whether a
model internally represents the specific reasoning
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skill required for a contextual QA instance.
For every layer l, a multiclass logistic regression

probe is trained to estimate

p(si | h(l)i ). (4)

Predicted skill labels are obtained as

ŝ
(l)
i = argmax

s∈S
p(s | h(l)i ). (5)

This task measures whether the hidden represen-
tations encode awareness of the reasoning strategy
required to answer the question.

3.4.2 Pairwise Skill Discrimination
While three-way classification evaluates overall
skill awareness, it does not reveal how distinctly
different skills are represented. To analyze pair-
wise separability, we construct binary classification
tasks for all skill pairs: (Refer, Infer), (Refer,
Abstain), (Infer, Abstain).

For each skill pair (sa, sb), we define a restricted
dataset

Dab = {(xi, si) : si ∈ {sa, sb}}. (6)

A binary logistic regression probe is trained ac-
cording to

p(s | h(l)) = σ(w⊤h(l) + b), (7)

where σ(·) denotes the sigmoid function.
These experiments quantify the separability of

skill representations and reveal which skill distinc-
tions emerge most clearly across model layers.

3.4.3 Meta-Skill Awareness
Beyond individual skill prediction, we investigate
whether language models encode higher-level ab-
stractions regarding contextual knowledge suffi-
ciency and gap.

Contextual Knowledge Sufficiency Awareness.
The first meta-skill task tests whether the model
represents if sufficient knowledge exists to answer
a question. We define the binary meta-label

msuff
i =

{
0, si ∈ {Refer, Infer},
1, si = Abstain.

(8)

A binary probe is trained to estimate

p(msuff
i | h(l)i ). (9)

This task measures whether the model distin-
guishes answerable questions from questions with
insufficient contextual evidence.

Contextual Knowledge Gap Awareness. The
second meta-skill task tests whether the model rec-
ognizes a gap in the contextual information needed
to answer a question. We define

m
gap
i =

{
0, si = Refer,

1, si ∈ {Infer, Abstain}.
(10)

A binary probe is trained to estimate

p(m
gap
i | h(l)i ). (11)

Refer examples are those where the answer is
directly stated in the context, while Infer and
Abstain examples involve a contextual gap. The
task thus probes whether models internally distin-
guish direct grounding from cases that require in-
ference or lack the necessary information.

4 Experimental Setup

Dataset. We conduct our experiments using the
QuAIL dataset (Rogers et al., 2020), a reading com-
prehension dataset that provides human annotations
for three types of questions: text-based questions,
questions requiring world knowledge, and unan-
swerable questions. We map these categories to the
labels Refer, Infer, and Abstain, respectively, and
use them in our prompting analysis and as probing
targets in our probing experiments.

Models. We evaluate nine instruction-tuned lan-
guage models from three model families:

• Llama 3 (Grattafiori et al., 2024) : Llama-3.2-
1B-Instruct, Llama-3.2-3B-Instruct, Llama-
3.1-8B-Instruct

• Qwen 2.5 (Qwen et al., 2025): Qwen2.5-1.5B-
Instruct, Qwen2.5-3B-Instruct, Qwen2.5-7B-
Instruct

• Gemma 3 (Team et al., 2025): gemma-3-1B-
IT, gemma-3-4B-IT, gemma-3-12B-IT

These models span multiple parameter scales,
enabling us to study how skill representations vary
across model families and sizes.
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Prompting Setup. We prompt LLMs in a way
that log-based evaluation on choice letters would
be possible. User Prompt format for question an-
swering is given below:

User Prompt: Question Answering

Read the context and choose the correct
option to answer the question. Only respond
with the correct option letter.

CONTEXT:
<context>

QUESTION: <question>
OPTIONS:
A. <answer0>
B. <answer1>
C. <answer2>
D. <answer3>

ANSWER:

Probing Setup. For each model, we extract layer-
wise hidden representations from last token during
prompting and train linear probes to predict skill
labels. We use the LogisticRegression imple-
mentation in scikit-learn with default parame-
ter values and train each probe for up to 10,000
iterations. All probes are trained on the training
split and evaluated on the validation and challenge
splits. We report the results on the challenge set in
the main text and the results on the validation set
in the Appendix A.

Evaluation Metrics. For probing performance,
we report macro-averaged F1 (F1-macro) to ac-
count for potential class imbalance across skill cat-
egories. To evaluate the CQA task performance,
we report overall accuracy, as well as skill-wise
and skill-balanced accuracy, following Kalbaliyev
and Sirts (2025). To observe skill awareness during
prompting, we focus on questions for which the
model abstains by selecting ’not enough informa-
tion’ option. We report the false abstention rate
(FAR), i.e., the percentage of Refer and Infer ques-
tions on which a model wrongly abstains, and the
skill distribution of abstained questions (skill con-
fusion), alongside total number of abstentions for
each model.

5 Results

5.1 Prompting

Table 1 summarizes the prompting results of the
evaluated LLMs on the contextual QA, challenge
set of QuAIL dataset.

5.1.1 Skill Performance
Based on overall skill performance, the
gemma-3-12B-it model achieves the
highest accuracy, closely followed by
Llama-3.1-8B-Instruct, indicating that
the larger models are generally better at resolving
context-dependent questions. Among the Llama
models, performance improves with model
size. The Qwen models show lower overall
accuracy in larger model sizes compared to other
model families. The balanced skill accuracy,
which accounts for performance across the three
skills, is again highest for gemma-3-12B-it,
followed by Llama-3.1-8B-Instruct and
Qwen2.5-7B-Instruct. Notably, all Qwen
models score higher on balanced than on overall
accuracy, whereas the opposite holds for all Llama
and Gemma models. Examining individual skills
reveals substantial variation across models. Refer
accuracy is highest for gemma-3-12B-it, followed
by Llama-3.1-8B-Instruct, whereas Infer
accuracy is highest for Llama-3.1-8B-Instruct.
In contrast, Abstain accuracy is highest for
Qwen2.5-3B-Instruct, substantially exceeding
the corresponding scores of the other mod-
els. However, the high Abstain accuracy of
Qwen2.5-3B-Instruct comes at the cost of Refer
and Infer accuracy, indicating over-abstention
rather than stronger context-dependent reasoning.

5.1.2 Latent Skill Selection During Abstention
We investigate latent skill selection by analyzing
the skills of instances on which the model chooses
to abstain. We focus on abstention because it pro-
vides an explicit observable signal of the model’s
latent decision over whether the available context
is sufficient to answer, making it possible to assess
which underlying skills are being selected or con-
fused at this decision point. Specifically, we treat
the skill labels of abstained instances as a confu-
sion: an abstention on a Refer or Infer instance
indicates that the model has incorrectly selected
the Abstain skill.

We report false abstention rate (FAR) for
skills, skill confusion, and number of absten-
tions for models on the Abstention section of Ta-
ble 1. Across model families, Infer is consis-
tently the dominant source of erroneous abstentions.
This confusion is particularly strong for small
language models like Llama-3.2-1B-Instruct
(64.49%) and gemma-3-1B-it (63.04%). The
FAR shows that this is not merely a size ef-
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Model Skill Performance Abstention

FAR for skills Skill Confusion #
All Balanced Refer Infer Abstain Refer Infer Refer Infer Abstain

Llama-3.2-1B-Instruct 45.86 43.48 52.69 44.41 33.33 8.60 22.70 14.95 64.49 20.56 107
Llama-3.2-3B-Instruct 73.56 69.79 82.80 72.04 54.55 2.15 9.87 5.71 42.86 51.43 70
Llama-3.1-8B-Instruct 82.01 76.43 88.17 83.55 57.58 2.15 4.93 7.02 26.32 66.67 57

Qwen2.5-1.5B-Instruct 61.15 65.33 73.12 51.64 71.21 10.75 34.87 11.56 61.27 27.17 173
Qwen2.5-3B-Instruct 61.51 69.25 65.05 53.29 89.39 26.88 39.47 21.83 52.40 25.76 229
Qwen2.5-7B-Instruct 72.30 74.37 84.41 64.47 74.24 8.06 30.26 9.62 58.97 31.41 156

gemma-3-1b-it 49.46 41.62 58.06 51.64 15.15 3.76 9.54 15.22 63.04 21.74 46
gemma-3-4b-it 74.28 65.23 83.87 76.97 34.85 1.08 3.62 5.56 30.56 63.89 36
gemma-3-12b-it 82.37 78.26 91.40 81.25 62.12 3.23 13.49 6.82 46.59 46.59 88

Table 1: LLM prompting results on the challenge set of the QuAIL dataset that contains 186 Refer, 304 Infer,
and 66 Abstain questions. We report overall, skill-balanced, and skill-wise accuracy, following Kalbaliyev and
Sirts (2025). We additionally report the false abstention rate (FAR), the percentage of falsely abstained questions
belonging to the {Refer, Infer} skills, and skill confusion during abstention, i.e., the skill distribution of questions
on which the LLMs abstain and the total number (#) of abstentions per model.

fect: every model has a higher FAR for In-
fer than for Refer, for example, 22.70% versus
8.60% for Llama-3.2-1B-Instruct and 13.49%
versus 3.23% for gemma-3-12B-it. With increas-
ing model scale, Llama exhibits a clearer sepa-
ration of Abstain from the other skills, reflected
in the higher proportion of genuinely abstain-
able instances among abstentions (66.67% for
Llama-3.1-8B-Instruct) and a corresponding re-
duction in infer confusion (26.32%). This is accom-
panied by a steady drop in Infer FAR (22.70% →
9.87% → 4.93%) and in the number of abstentions
(107 → 70 → 57), which approaches the 66 Ab-
stain questions in the set.

Qwen models do not show such a scaling ef-
fect. Infer remains the dominant source of ab-
stention at every size (52.40–61.27%), and Qwen
models abstain far more often than the other fam-
ilies (156–229 abstentions, against 66 Abstain
questions), with the highest FAR for both In-
fer (30.26–39.47%) and Refer (up to 26.88% for
Qwen2.5-3B-Instruct). As a result, only 25.76–
31.41% of Qwen abstentions fall on genuinely ab-
stainable instances. This suggests that their strong
Abstain accuracy stems from abstaining indiscrim-
inately rather than from separating Abstain from
the other skills. Gemma shows a non-monotonic
pattern. gemma-3-4b-it has the cleanest separa-
tion (63.89% Abstain and 30.56% Infer among
abstentions), the lowest FAR (1.08% for Refer,
3.62% for Infer), and only 36 abstentions. How-
ever, gemma-3-12B-it regresses: Infer confusion
rises to 46.59%, matching Abstain, its Infer FAR

increases to 13.49%, and abstentions grow to 88.
Model scale therefore does not by itself guarantee
cleaner skill selection.

In contrast, Refer-to-Abstain confusion is con-
sistently smaller, remaining below 22% across
models, and the Refer FAR stays below 11%
for all models except Qwen2.5-3B-Instruct
(26.88%). Overall, the pattern suggests that la-
tent skill selection is most vulnerable to confus-
ing the Infer skill with Abstain. Even the best-
separated models, Llama-3.1-8B-Instruct and
gemma-3-4b-it, still show far higher Infer than
Refer confusion (26.32% vs. 7.02% and 30.56%
vs. 5.56%, respectively).

5.2 Probing

Figure 2 shows the probing results on the challenge
set of the QuAIL dataset for the Llama and Qwen
models. For better readability, the results for the
Gemma models are reported separately in Figure 3
of the Appendix.

5.2.1 Emergence of Latent Skill Selection

Figure 2 shows how skill information emerges
across model layers. The Skill score ( ), which
captures the three-way distinction between Refer,
Infer, and Abstain, starts low in the early layers of
all models. It then increases through the early and
middle layers as the models integrate more contex-
tual and semantic information. The score reaches
a plateau around the middle of the network and
remains relatively stable in the later layers. More
broadly, the models appear to first encode simpler
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Figure 2: Layer-wise skill probing results on the challenge set of the QuAIL dataset for the Llama and Qwen model
families. Results for the Gemma model family, as well as results for all model families on the validation set, are
provided in the Appendix.

task distinctions and only later develop a more com-
plete representation of the required skill.

5.2.2 Difficulty of Skill Distinctions

The pairwise results show a consistent difference
in difficulty. Refer–Infer ( ) is the easiest distinc-
tion across all models. It increases rapidly in the
early layers and reaches a high, stable level. This
indicates that the models can quickly distinguish
whether an answer is directly supported by the con-
text or requires inference. Refer–Abstain ( ) is
somewhat harder but still reaches a relatively high
level. In contrast, Infer–Abstain ( ) is consis-
tently more difficult. Its curve rises more slowly
and reaches a lower plateau. Thus, distinguishing
between cases that require inference and abstention
is the hardest pairwise distinction. These results
suggest that the difficulty lies mainly in distinguish-

ing Abstain from Infer while Refer is comparatively
easy to separate from the other two skills. A similar
result was also observed in skill confusion analysis
during prompting.

5.2.3 Sufficiency vs. Gap Awareness

The two meta-skills show a similar difference. Gap
( ), which captures whether the model recog-
nizes a gap in the contextual information needed
to answer a question, is highly linearly separable.
It rises quickly in the early layers and remains at
a high level through most of the network. In con-
trast, Sufficiency ( ), which captures whether the
model represents if sufficient knowledge exists to
answer a question, develops more gradually and
reaches a lower plateau. This pattern is consistent
with, and can largely be explained by, the pairwise
results reported in Section 5.2.2. Gap separates
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Refer from {Infer, Abstain}, drawing on two of the
easier pairwise distinctions, while Sufficiency sep-
arates {Refer, Infer} from Abstain, drawing in part
on the harder Infer–Abstain distinction. Although
the meta-skill and pairwise probes are trained in-
dependently, their results are conceptually linked.
The ease of Gap and the difficulty of Sufficiency
both reflect the same underlying asymmetry: Refer
is easily separated from the other two skills, while
Infer and Abstain are not from each other.

5.2.4 Cross-Model Trends
Several trends are consistent across the different
model settings. Model scale affects the stabil-
ity of skill representations. The smaller models
(1B–1.5B) show more variation across layers and
retain a larger gap between easy and difficult tasks.
The larger models (7B–12B) generally show faster
increases and reach stable levels earlier relative to
network depth. Their harder tasks also become
closer to the easier ones in the later layers. Fi-
nally, the three model families: Llama, Qwen,
and Gemma, show the same overall pattern: an
early increase in separability, a divergence between
task types in the middle layers, and a later plateau.
This consistency suggests that the observed pattern
is not specific to one model family but reflects a
broader property of instruction-tuned transformer
language models.

6 Related Works

Our work relates to research on contextual question
answering, contextual knowledge use, uncertainty
and abstention in language models, and model
knowledge awareness. We focus on how LLMs
select among different knowledge-use skills when
answering questions under contextual uncertainty,
with particular attention to the distinction between
inference and abstention.

Contextual Question Answering and Knowl-
edge Skills. Theoretical work on contextual
question answering has explored the prerequisite
skills underlying reading comprehension (Sug-
awara et al., 2017a,b), multidimensional skill tax-
onomies (Schlegel et al., 2020; Rogers et al., 2023;
Kalbaliyev and Sirts, 2024), and desiderata for ef-
fective context use (Shaier et al., 2024). These
works emphasize that answering a question from
context can require different forms of knowledge
use, including retrieving explicitly stated informa-
tion and integrating information through inference.

In our work, we adopt the knowledge-skill dimen-
sion defined by Kalbaliyev and Sirts (2024), with
the individual skills adapted from the taxonomy of
Rogers et al. (2020). We extend the knowledge-
skill dimension by considering Abstain as an addi-
tional skill when neither contextual evidence nor
appropriate background knowledge supports an an-
swer.

A substantial body of work has developed
datasets for evaluating different aspects of con-
textual question answering (Kočiský et al., 2018;
Choi et al., 2018; Huang et al., 2019; Rogers et al.,
2020; Li et al., 2021; Gu et al., 2022; Xu et al.,
2022; Sun et al., 2023). We use the QuAIL dataset
(Rogers et al., 2020), which is particularly suitable
for our analysis because its human annotations can
be mapped to the knowledge skills examined in our
experiments. Rather than only using QA instances
to evaluate answer accuracy, we use mapped skill
annotations to investigate whether LLMs internally
distinguish among knowledge-use strategies.

Contextual and Parametric Knowledge. An-
other line of work investigates how LLMs use
and combine contextual and parametric knowledge
(Zhao et al., 2024; Jin et al., 2025a; Yuan et al.,
2025; Hagström et al., 2026). This issue has re-
ceived particular attention in retrieval-augmented
generation, where contextual information is typi-
cally introduced to complement or correct knowl-
edge stored in model parameters (Neeman et al.,
2023; Farahani and Johansson, 2024; Cheng et al.,
2024; Zhao et al., 2024; Du et al., 2024; Basmov
et al., 2025; Huang et al., 2025; Schumacher et al.,
2025; Zhao et al., 2026). While this literature pri-
marily examines whether and how models incorpo-
rate external information, we consider a different
aspect of context use: cases in which contextual
evidence is necessary to determine the appropriate
knowledge source or response behavior. In particu-
lar, we investigate whether models can distinguish
questions that can be answered by referring to the
context, those requiring inference from contextual
evidence and background knowledge, and those for
which abstention is warranted.

Uncertainty and abstention in LLMs. Uncer-
tainty in language models has been studied from
several perspectives, including general frameworks
for characterizing uncertainty (Cui et al., 2025),
semantic uncertainty (Kuhn et al., 2023), epis-
temic uncertainty (Ahdritz et al., 2024; Abbasi-
Yadkori et al., 2024), known-unknown uncertainty

664



(Amayuelas et al., 2024; Li et al., 2025a), and de-
notational uncertainty (Cole et al., 2023). Other
work has investigated uncertainty quantification
(Shorinwa et al., 2025; Shelmanov et al., 2025),
including in contextual question answering (Bak-
man et al., 2026), as well as how uncertainty is
expressed by language models (Zhou et al., 2024).
Closely related work studies abstention, including
surveys of the field (Wen et al., 2025), methods
for eliciting hallucination or improving abstention
(Feng et al., 2024; Kirichenko et al., 2025; Kim
et al., 2025; Liu et al., 2025), and empirical inves-
tigations of LLM abstention abilities (Madhusud-
han et al., 2025). These studies generally evaluate
whether models can recognize uncertainty or re-
frain from answering when appropriate. Our work
complements this perspective by examining absten-
tion as part of a broader skill-selection problem.
Specifically, we ask whether models can distin-
guish an unsupported question from an inference-
based question, and whether failures to abstain
arise from difficulty in identifying a knowledge
gap or from confusion with inference.

Knowledge Awareness and Internal Represen-
tations. Our work is also closely related to stud-
ies of knowledge awareness in language models.
Prior research has examined whether models know
what they know (Jiang et al., 2020, 2021; Kadavath
et al., 2022; Yin et al., 2023; Prato et al., 2024;
Amayuelas et al., 2024; Kapoor et al., 2024), in-
cluding whether internal representations contain
signals about the correctness or availability of
model knowledge. This line of work provides ev-
idence that LLMs can encode information about
their own knowledge states. Probing (Alain and
Bengio, 2018; Belinkov, 2022) has been widely
used to analyze the information encoded in LLM
representations. Prior work has used probing to
investigate whether models encode separable rep-
resentations of true and false statements (Azaria
and Mitchell, 2023; Marks and Tegmark, 2024),
as well as to examine how knowledge and con-
cepts are acquired and represented across different
layers of LLMs (Jin et al., 2025b). Through layer-
wise probing, we examine whether representations
encode distinctions among referring to contextual
information, inferring an answer, and abstaining.

7 Conclusion

We investigated uncertainty in contextual ques-
tion answering (CQA) through the lens of three

latent skills: Refer, Infer, and Abstain. Across nine
instruction-tuned large language models (LLMs),
we combined prompting analysis with layer-wise
probing to examine whether models recognize the
contextual knowledge skill required by a question.

The prompting results show that overall and
balanced accuracy do not always align and high
Abstain accuracy can also be misleading. Some
models achieve it by abstaining indiscriminately,
rather than by accurately recognizing when context
is insufficient. Analysis of skill selection during
abstention shows that Infer is consistently the domi-
nant source of erroneous abstentions across models.
While larger models within a family sometimes
better separate Abstain from the other skills, this
improvement is not guaranteed by scale alone and
varies across model families.

Our probing results reinforce this pattern at the
representational level: models more easily distin-
guish Refer from Infer and Abstain skills, while the
Infer–Abstain boundary remains consistently the
hardest to represent, mirroring the errors observed
during prompting. We also find that models en-
code contextual knowledge gaps more readily than
contextual knowledge sufficiency due to the same
underlying asymmetry in pairwise separability. Fi-
nally, model scale improves the stability and speed
with which skill representations emerge across lay-
ers, but does not close the gap between easy and
hard distinctions, and the overall layer-wise trajec-
tory is consistent across model families.

Taken together, our findings show that uncer-
tainty in CQA is not simply a binary answer-or-
abstain decision but involves distinct, unequally
represented contextual knowledge skills, with the
boundary between inference-based answering and
abstention posing the most persistent challenge for
current instruction-tuned LLMs.

Limitations

Our findings should be interpreted in light of sev-
eral methodological limitations. First, our anal-
ysis relies primarily on a single dataset. To our
knowledge, QuAIL (Rogers et al., 2020) is the only
dataset with human-annotated labels that map di-
rectly onto the three skills we study. This limits
the extent to which we can assess the generality
of the observed skill-selection patterns across dif-
ferent contextual QA settings. Second, probing
demonstrates that skill information is linearly re-
coverable from model representations, but does not
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establish that models causally use this information
when making their final decisions. Similarly, in-
terpreting abstentions as evidence of latent skill
selection assumes that they reflect abstention be-
havior, whereas they may also be influenced by
instruction-following behavior or other generation
preferences. Third, we use the dataset as is and do
not test for biases in multiple-choice question an-
swering (Balepur et al., 2025) or other consistency
issues in knowledge probing (Zhao et al., 2025).
Finally, as the primary goal of this work is to intro-
duce and characterize latent skill selection under
contextual QA uncertainty, we focus on relatively
lightweight instruction-tuned models rather than
computationally demanding larger language mod-
els or reasoning models. We left the evaluation of
our methods on additional datasets and models, and
the use of additional methods to address the stated
limitations for future work.
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A Additional Results

Figure 3 shows results for the challenge set of the
QuAIL dataset, which complements Figure 2.

Table 2 and Figures 4, 5, 6 show results for the
validation set of the QuAIL dataset and display
similar trends to the challenge set discussed in the
main text.
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Figure 3: Layer-wise skill probing results on the chal-
lenge set of the QuAIL dataset for the Gemma model
family.

B Data and Code Availability

The QuAIL dataset is publicly available on Hug-
ging Face.1 The mapping from the question types
to text-based questions (Refer), questions requiring
world knowledge (Infer), and unanswerable ques-
tions (Abstain) is based on the QuAIL dataset paper
(Rogers et al., 2020). The code for experiments is
available on GitHub. 2

1https://huggingface.co/datasets/
textmachinelab/quail

2https://github.com/EmilKalbaliyev/
Latent-Skill-Selection

0 3 6 9 12 15
0.4

0.5

0.6

0.7

0.8

0.9

F1
-m

ac
ro

Llama-3.2-1B-Instruct

0 3 6 9 12 15 18 21 24 27
0.4

0.5

0.6

0.7

0.8

0.9

F1
-m

ac
ro

Llama-3.2-3B-Instruct

0 3 6 9 12 15 18 21 24 27 30
Layer index

0.4

0.5

0.6

0.7

0.8

0.9

F1
-m

ac
ro

Llama-3.1-8B-Instruct

Llama model family

0 3 6 9 12 15

0.4

0.5

0.6

0.7

0.8

0.9

F1
-m

ac
ro

 S
co

re

Llama-3.2-1B-Instruct

0 3 6 9 12 15 18 21 24 27

Llama-3.2-3B-Instruct

0 3 6 9 12 15 18 21 24 27 30

Llama-3.1-8B-Instruct

0 3 6 9 12 15 18 21 24 27

0.4

0.5

0.6

0.7

0.8

0.9

F1
-m

ac
ro

 S
co

re

Qwen2.5-1.5B-Instruct

0 3 6 9 12 15 18 21 24 27 30 33

Qwen2.5-3B-Instruct

0 3 6 9 12 15 18 21 24 27

Qwen2.5-7B-Instruct

0 3 6 9 12 15 18 21 24
Layer index

0.4

0.5

0.6

0.7

0.8

0.9

F1
-m

ac
ro

 S
co

re

gemma-3-1b-it

0 3 6 9 12 15 18 21 24 27 30 33
Layer index

gemma-3-4b-it

0 3 6 9 12 15 18 21 24 27 30 33 36 39 42 45
Layer index

gemma-3-12b-it

F1-Macro Scores Across Layers for Challenge Set

Task Type
Skill
Gap

Sufficiency
Refer-infer

Refer-abstain
Infer-abstain

Figure 4: Layer-wise skill probing results on the vali-
dation set of the QuAIL dataset for the Llama model
family.
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Model Skill Performance Abstention

FAR for skills Skill Confusion #
All Balanced Refer Infer Abstain Refer Infer Refer Infer Abstain

Llama-3.2-1B-Instruct 49.31 44.65 61.46 46.67 25.83 4.97 22.17 9.89 73.08 17.03 364
Llama-3.2-3B-Instruct 72.55 66.20 83.43 71.83 43.33 3.73 12.75 9.51 53.87 36.62 284
Llama-3.1-8B-Instruct 76.57 70.63 86.05 76.25 49.58 3.31 12.25 8.28 50.69 41.03 290

Qwen2.5-1.5B-Instruct 64.23 66.32 78.45 55.50 65.00 9.53 33.17 11.08 63.88 25.04 623
Qwen2.5-3B-Instruct 62.66 67.09 72.93 54.17 74.17 20.44 38.25 18.85 58.47 22.68 785
Qwen2.5-7B-Instruct 71.90 72.30 85.50 64.75 66.67 6.63 28.25 8.78 61.97 29.25 547

gemma-3-1b-it 52.26 41.45 60.77 56.08 7.50 1.66 7.58 9.92 75.21 14.88 121
gemma-3-4b-it 72.00 62.58 85.50 72.25 30.00 1.52 9.08 5.73 56.77 37.50 192
gemma-3-12b-it 74.35 70.97 88.67 69.67 54.58 3.31 20.50 5.99 61.35 32.67 401

Table 2: LLM prompting results on the validation set of the QuAIL dataset that contains 724 Refer, 1200 Infer,
and 240 Abstain questions. We report overall, skill-balanced, and skill-wise accuracy, following Kalbaliyev and
Sirts (2025). We additionally report the false abstention rate (FAR), the percentage of falsely abstained questions
belonging to the {Refer, Infer} skills, and skill confusion during abstention, i.e., the skill distribution of questions
on which the LLMs abstain and the total number (#) of abstentions per model.
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Figure 5: Layer-wise skill probing results on the val-
idation set of the QuAIL dataset for the Qwen model
family.
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Figure 6: Layer-wise skill probing results on the vali-
dation set of the QuAIL dataset for the Gemma model
family.
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