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ABSTRACT

Knowledge distillation aims to train a smaller student model to mimic a larger
teacher model for resource-constrained environments. However, the process of
distillation is typically data-intensive and computationally expensive, particularly
for generative tasks. Few-shot distillation offers an alternative by transferring
teacher knowledge using limited training samples. However, we observe that
few-shot distillation performance is heavily dependent on the choice of these
training samples. In fact, we demonstrate that using more uncertain samples
near the teacher’s decision boundary can significantly deteriorate distillation
performance. Motivated by this observation, we propose Counterfactual-guided
Few-shot Distillation in open-book Question Answering (COFFEQA), a novel
strategy that aptly uses counterfactuals to provide additional supervision around
challenging factual samples. In the generative QA setting, we define a
counterfactual as a minimally modified context that induces the teacher to change
its response to an alternative answer. We provide geometric insights on how
factual-counterfactual pairs can constrain the deviation between the teacher’s
and student’s decision boundaries. We further introduce a new metric, Context
Following Difficulty (CFD) that further validates counterfactuals prior to distillation
based on agreement with the intended alternative answer and dependence on the
modified context. COFFEQA uses CFD-validated factual-counterfactual pairs for
few-shot distillation. Experiments across five in-domain and three out-of-domain
QA benchmarks using TS and Qwen2.5 families show that COFFEQA outperforms
factual-only distillation baselines under the same few-shot budget. For instance, on
TriviaQA, COFFEQA improves over the factual-only baseline by 8.77 average EM
points and 9.98 average F1 points under the TS setting with 32 few-shot pairs.

1 INTRODUCTION

Large language models (LLMs) have achieved remarkable success across a wide range of natural
language processing tasks (Achiam et al., |2023; (Chung et al., [2024; (Gou et al., [2021; Raffel et al.,
2020; Fang et al.l 2026). However, their increasing size and computational requirements make
deployment in resource-constrained environments particularly challenging (Kaplan et al., [2020;
Brown et al., 2020; [Strubell et al., 2019; Hoffmann et al., |2022). This motivates the need for
compact models with low training and inference costs that preserve task-relevant capabilities of
larger models (Liang et al.| 2023} |Saadi & Wang] 2025} |Liu et al., [2024} Dissanayake et al., [ 2024).
Knowledge distillation (Hinton et al., 2015) (see surveys|Gou et al.|(2021);[Sanh et al.[(2019); Xu
et al.| (2024b))) seeks to address this challenge by transferring knowledge from a large teacher model
to a smaller student model. However, most distillation approaches typically rely on large-scale
datasets or extensive supervision from the teacher, thus incurring prohibitive training costs for already
resource-intensive language models (Sanh et al., 2019;|Sun et al., 2019; Jiao et al.,|2020; Wang et al.|
2020; Dissanayake & Duttal 2025} [Hamman et al.| 2025)). This leads to our primary question: How
can we perform data-efficient distillation in LLMs?

Towards addressing this question, our work studies few-shot distillation for generative tasks, with
a focus on open-book question answering. We find that the performance of few-shot distillation is
heavily dependent on the choice of the distillation dataset, consistent with the broader importance
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Figure 1: Counterfactual-guided few-shot distillation framework. We begin with (1) a few-shot
factual QA dataset Dy and (2) generate a counterfactual candidate for a factual sample. (3) The
generated counterfactual is evaluated using the teacher model with (4) our proposed Context Following
Difficulty (CFD) metric and accepted if it satisfies the CFD threshold 7. (5) The CFD-validated
counterfactuals are then paired with their corresponding factuals and used to distill the student model.

of data selection for efficient LLM training (Fu et al.| 2026} Zhou et al.| 2023). In particular,
samples near the teacher’s decision boundary can significantly deteriorate distillation performance
(see Fig.[6]in Section[C)), also consistent with prior findings on knowledge transfer around decision
boundaries (Chen et al.| [2025)). This motivates us to provide additional supervision around these
challenging regions while maintaining a limited few-shot budget. To achieve this, we leverage
counterfactual examples. Counterfactual-based data augmentation has improved classification
performance (Kaushik et al.;[2019; Wu et al., [2021} Ross et al.| 2021} |Gardner et al.} 2020; McAleese
& Keane, [2024; [Bhattacharjee et al., 2024} |[Egea et al., [2025) by encouraging models to capture
causal dependencies and avoid shortcut learning (Guo et al.| 2023} |Chen et al., 2023b). However,
its applicability to few-shot distillation for generative tasks remains largely unexplored. Unlike
classification, generative tasks produce free-form outputs, making counterfactuals non-trivial to
define. In generative tasks, we define a counterfactual to be a minimally modified input that changes
the expected output while preserving overall semantic consistency, such as modifying supporting
context in a question to induce a different answer (Guo et al., [2023} |Longpre et al.| 2021} [Paranjape
et al., [2022; [Koksal et al., 2023} |Yu et al., [2023)).

In this work, we propose Counterfactual-guided Few-shot distillation in open-book Question
Answering (COFFEQA), a novel strategy for few-shot distillation that aptly uses counterfactuals
to provide additional supervision around challenging factual samples near the teacher’s decision
boundary. We demonstrate how selecting high-quality counterfactuals can guide knowledge transfer
more effectively using extremely limited few-shot budget. Our main contributions are as follows:

Counterfactual-guided few-shot distillation for generative tasks. We show that few-shot
distillation becomes particularly challenging for factuals near the teacher’s decision boundary, where
the teacher has a smaller margin between its preferred answer and competing alternatives. Motivated
by this observation, we propose COFFEQA, a novel framework which leverages counterfactuals for
few-shot distillation in open-book QA. Rather than relying solely on factual supervision, COFFEQA
pairs challenging factuals with their counterfactuals that expose changes in the teacher’s response
under minimal modifications to the input context, providing additional supervision around the
teacher’s decision boundary. This reduces dependence on large factual training corpora and improves
training efficiency under limited supervision (see Figure|[I]for an overview).

Geometric analysis of counterfactual-guided knowledge transfer. We first introduce a notion of
decision boundaries for the teacher and student in the context-embedding space, motivated by the
fact that variations in the input context can lead to different answers. Our formulation enables us
to analyze distillation in open-book QA from a geometric perspective. Specifically, we show that
factual-counterfactual pairs can act as probes for the student to approximate the local geometry of the
teacher’s decision boundary. To quantify the deviation between the teacher and student, we use the
Hausdorff distance (Rockafellar & Wets, |1998)), which measures the worst-case deviation between
their decision boundaries. We show in Proposition [I] that this deviation is bounded by the magnitude
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of the counterfactual perturbations and their coverage of the teacher’s decision boundary. Importantly,
factuals near the teacher’s decision boundary can require smaller perturbations to induce a change in
the teacher’s response, which can lead to tighter teacher-student boundary alignment.

Context Following Difficulty (CFD) for counterfactual validation. Although we generate
counterfactuals by perturbing the original input context to induce a targeted alternative answer,
not all generated examples are truly valid with respect to the teacher. The teacher may not produce
same target answers using the modified context or may still be able to infer them without actually
relying on the context. Such cases weaken the intended causal relationship that the student was
intended to learn from the teacher and may encourage shortcut learning. To address this issue, we
introduce a new metric Context Following Difficulty (CFD) to evaluate generated counterfactuals
before distillation. CFD jointly considers whether the teacher produces the intended alternative
answer and whether that answer becomes more predictable when conditioned on the modified context.
COFFEQA uses CFD-validated counterfactuals, ensuring that the resulting supervision better captures
the teacher’s context-dependent behavior.

Empirical evaluation. We conduct comprehensive experiments across five in-domain and
three out-of-domain benchmarks using the T5 (Raffel et al., 2020) and Qwen2.5 (Bai et al.,
2023) model families. The in-domain benchmarks include NaturalQuestions, SQuAD, NewsQA,
TriviaQA, and HotpotQA, while the out-of-domain benchmarks include DROP, DuoRC, and
RelationExtraction (Fisch et al., 2019). We evaluate COFFEQA with standard knowledge distillation
(KD), sequence-level knowledge distillation (SeqKD), and layer-wise distillation (LWD) baselines,
under the same few-shot training budget. Across these settings, COFFEQA outperforms factual-only
baselines. For instance, on TriviaQA, COFFEQA improves over the KD baseline by 8.77 average
EM points and 9.98 average F1 points under the T5 setting with 32 few-shot pairs.

1.1 RELATED WORK

Counterfactual Data Augmentation. Counterfactual data augmentation has been widely studied
for improving robustness in neural networks (Kaushik et al., 2020; |Sachdeva et al., [2024; |Calderon
et al., [2022; |[Egea et al.| [2025; Mishra et al., [2021). Early approaches relied on human-generated
counterfactuals (Kaushik et al., 2019; |Gardner et al., 2020), while later works automated
counterfactual generation through trained generators and editors (Wu et al.,|2021; |Ross et al., 2021}
Chen et al., 2021} Tokpo & Calders},|2024)) and more recently through prompting LLMs (Bhattacharjee
et al., 2024), alongside efforts to evaluate the quality of generated counterfactuals (Youssef et al.|
2024; McAleese & Keanel 2024). For example, VISION (Egea et al., |2025) uses LLM-generated
counterfactuals to train graph neural networks for vulnerability classification. Other works study
counterfactual augmentation through active learning (Balashankar et al.,2023) and fairness-aware
pipelines (Tokpo & Calders| 2024). Counterfactual explanations have been studied for model
extraction with theoretical guarantees (Dissanayake & Dutta, |2024; |2026) and for robustness to
model changes (Noorani et al., 2025; Hamman et al., 2024)). Counterfactual applications also
extend to generative tasks, including machine translation (Liu et al., [2021) and dialogue (Ou
et al [2022). However, most of these works focus on neural network models. Counterfactual
augmentation to fine-tune LLMs has received limited attention. CATfOOD (Sachdeva et al., |[2024)
uses LLM-generated counterfactuals to train smaller language models, while Rajagopal et al.|(2022)
use counterfactually augmented training data for pretrained summarization models. In contrast, we use
factual-counterfactual pairs as structured supervision for few-shot distillation in generative open-book
QA, where the teacher produces free-form answers rather than predictions over a predefined labels.

Counterfactual Question Answering. Counterfactual reasoning has recently gained traction
in question answering (QA) (Ross et al. 2022; [Khashabi et al.l [2020; [Huang et al. 2025).
DisentQA (Neeman et al.,[2023) uses counterfactual supervision to separate parametric and contextual
knowledge (Xu et al.,|2024a; Wang et al.,|2023a), while IfQA (Yu et al.,|2023) provides a benchmark
for QA under hypothetical scenarios that require reasoning beyond factual retrieval. Counterfactual
reasoning has also been studied in multi-hop QA (Guo et al. 2023) and CofCA (Wu et al., [2024)),
where counterfactual inference is used to mitigate shortcut reasoning. Retrieval-guided approaches
further construct counterfactuals through context and answer modifications (Paranjape et al.| 2022}
Dixit et al., [2022). While these works demonstrate the value of counterfactuals for improving
robustness and reasoning in QA, they do not study how they can facilitate knowledge distillation.
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Distillation in LLMs. Knowledge Distillation (Hinton et al.,|2015) aims to train smaller student
models to mimic larger teacher models, with extensions to sequence-level distillation (Xu et al.|2024b;
Kim & Rush, 2016} |Gu et al., [2024; |Yang et al.| [2025), task-specific distillation (Dissanayake et al.}
2024;|Sanh et al.| 2019} [Team et al.,|2024; |Wang et al.,|2025), and layer-wise distillation (Jiao et al.|
2020). Few-shot distillation has been studied for transferring pretrained transformer knowledge in
tabular classification (Dissanayake & Dutta, 2025) and multiple-choice question answering (Sutanto
et al.,[2025)). In particular, Sutanto et al.|(2025) use an LLM to generate multiple-choice questions and
answer options, together with probability scores that are distilled into an encoder-only student model.
However, their approach relies on a predefined answer-choice space, making it less directly applicable
to generative open-book QA, where the student produces free-form answers. While generative and
instruction-level distillation often rely on direct supervision or synthetic data (Hsieh et al.||2023;[Wang
et al.,2023b;|Gu et al.| [2024), only a few recent works have investigated counterfactuals for knowledge
transfer. DISCO (Chen et al.| |2023a) generates counterfactual examples using an LLM and employs
a task-specific teacher to filter the generated examples, which are then used as an augmented dataset
to train a smaller student model. Notably, DISCO is different from standard distillation via aligning
representations since the teacher primarily serves as a data-filtering mechanism rather than directly
transferring its predictive behavior to the student through a distillation loss. Moreover, its empirical
evaluation focuses on natural language inference, a classification task with a predefined label space.
Another related work [Hamman et al.| (2025) study counterfactual supervision for few-shot distillation,
but also focus on classification settings. These approaches do not address generative tasks, where
the outputs are open-ended. In contrast, we specifically focus on few-shot knowledge distillation
for generative open-book QA. Our approach is motivated by the difficulty of distilling with factuals
near the teacher’s decision boundary and uses counterfactuals to provide additional supervision
around these challenging regions. We also provide new geometric insights on counterfactual-guided
knowledge transfer and a new metric CFD to further check counterfactual validity in open-book QA.

2 COFFEQA: COUNTERFACTUAL-GUIDED FEW-SHOT DISTILLATION

Our strategy is motivated by the observation that factual samples near the teacher’s decision boundary
are particularly challenging to distill under limited supervision. We use margin sampling (Scheffer|
et al.,2001) as an operational proxy for boundary proximity, where smaller teacher prediction margins
indicate boundary near samples. Empirically, we observe that distillation performance degrades as
this margin decreases; a detailed analysis is provided in Section [C] Motivated by this observation,
COFFEQA pairs boundary-near factuals with their counterfactuals that expose how the teacher’s
response changes under minimal variations of the input context. We first define and describe the
counterfactual generation process, and then geometrically analyze how factual-counterfactual pairs
facilitate teacher-student boundary alignment. Finally, we introduce Context Following Difficulty
(CFD) to validate generated counterfactuals and present the overall COFFEQA distillation framework.

2.1 COUNTERFACTUAL DEFINITION AND GENERATION

We define counterfactual generation for open-book QA as constructing minimally modified training
examples that preserve the original question while changing the evidence to support a different
answer. Given a triplet (Q, C, A), where @ is the question, C is the context, and A is the answer,
the counterfactual generation framework constructs a counterfactual by modifying the context using
an alternative answer. The resulting counterfactual triplet is denoted as (@, C’, A"). We generate
counterfactuals using GPT-4o0-mini (OpenAl, 2024) in three stages. First, the answer A is classified
into one of five entity types: person, location, organization, date, or numeric; samples outside
these categories are excluded. Second, GPT-40-mini generates an alternative answer A’ of the same
entity type that is similar in category but distinct from A. Previously generated alternatives are
excluded to encourage diversity across generation attempts. Finally, GPT-40-mini is provided with
the original triplet (@), C, A) and A’ to generate the counterfactual context C’ by minimally editing C.
Specifically, occurrences of A are replaced with A’, together with any related references that must be
changed to keep the passage grammatically consistent. As a result, the modified context C’ supports
A’ as the answer to the same question @), yielding the counterfactual triplet (Q, C’, A"). The system
and user prompts used are shown in Figure 2} Additional prompt details are provided in Appendix
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You are an expert at creating counterfactual reading-comprehension passages for QA training data. Given an original context that
supports a specific answer, you rewrite it MINIMALLY so that it instead unambiguously supports a different target answer, by replacing
occurrences of the original answer (and grammatically-dependent references to it) with the target answer, while leaving everything else in
the passage unchanged. Do not add explanations or extra content.

Question: {question}, Original context (supports answer “{original_answer}”): {original_context}
Target answer (the new counterfactual answer): “{target_answer}”

Rewrite the context above so that it minimally changes to unambiguously support “{target_answer}” as the answer to the question,
instead of “{original_answer}”. Replace occurrences of “{original_answer}” (and any grammatically-dependent references to it)
with “{target_answer}”, keeping everything else in the passage exactly the same. Do not add commentary. Respond with ONLY:
{"reasoning”: "<1-2 sentences on what you changed>", "counterfactual_context”: "<the full rewritten context>"}

Figure 2: Counterfactual context generation prompts. System and user prompts used to minimally
modify the factual context C into a counterfactual context C” that supports the target answer A’.

2.2  GEOMETRIC ANALYSIS OF COUNTERFACTUAL-GUIDED KNOWLEDGE TRANSFER

We provide a geometric perspective on how factual-counterfactual pairs can facilitate knowledge
transfer. We first introduce a notion of a decision boundary for open-book QA. While classification
tasks typically consider a label-flipping boundary, we define a context-response boundary in the
context-embedding space. In classification, the boundary separates regions where two classes have
equal probabilities. In contrast, in open-book QA, it represents the transition region in context
embedding space where the model shifts from generating one answer to another answer. In open-book
QA, the context space may contain regions corresponding to the factual answer A, the intended
counterfactual answer A’, and other answer (A”) regions, different from both A and A’ corresponding
to out-of-context or unrelated outputs. Our analysis focuses specifically on the boundary between
the A and A’ response regions, as this is the boundary relevant to factual-counterfactual supervision.
Our CFD-based validation helps identify and reject counterfactual candidates that induce responses
corresponding to the other answer (A”) regions before distillation. We therefore restrict the geometric
analysis to the boundary between factual answer space (A) and intended counterfactual answer (A’)
space. We use the Hausdorff distance (Rockafellar & Wets, | 1998)) to quantify the worst-case deviation
between the teacher context-response boundary and the student context-response boundary and derive
an upper bound for this deviation in Proposition[I] (The proof can be found in Appendix [E).

Definition of Hausdorff Distance (Rockafellar & Wets,[1998). Let (M, d)
be a metric space. For each pair of non-empty subsets M; C M and TP
M, C M, the Hausdorff distance between M, and M is defined as: ey M

dg (M, M) :=maxq sup inf d(ctcs), sup inf d(es,cs) ¢ -
H( t b) {CtEEtCSGMS (t )CSG./\I:lSCtGMt (t §)}

This measures the maximum of the minimum distances between two sets,
capturing the worst-case geometric deviation. (see Figure[3).

sup inf d(c,c5)

€M, GEM:

Proposition 1 Let C be the space of context embeddings, ¢ € C arbitrary

input context, Q € Q input question, A € A factual answer, and Figure 3: Visualizing
A" € A’ counterfactual answer. Consider a teacher and a student with & Hausdorff distance
response functions G(Q,c) = argmaxs P(A|Q,c) and G4(Q,¢) = petween M, and M,.
argmax Ps(A|Q, ¢). The respective context-flipping boundaries can be

defined as the sets:

M, ={ceC|P(AlQ,c) = P(A'1Q,c)}, Ms={ceC|Ps(AlQ,c) = Ps(A'|Q,c)}.
Suppose there exists a factual-counterfactual paired dataset Dy = {(c;, c})}¥_, for the above

M, that satisfies three conditions: (1) Minimal context perturbation in context embedding space
is bounded by « (i.e., ||c; — c|| < «), (2) Exact answer generation: G¢(Q, c) = G4(Q, c) where
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¢ = {ci, i}, (3) e-spread boundary coverage: Counterfactuals are well-distributed across the
context-response boundaries with spread ¢, i.e., if t € M, then 3t} such that ||t — t}|| < e. This
applies for M as well. i.e., if s € M, then 3s} such that ||s — sf|| < e

Then, the Hausdorff distance between the teacher boundary and student boundary satisfies:
dg(My, M) < a+e.

Intuition behind proposition and assumptions. Proposition [1| highlights two properties of
factual-counterfactual supervision that govern teacher-student boundary alignment: the magnitude
of the counterfactual perturbations («) and the coverage of the context-response boundary (e).
First, each factual-counterfactual pair provides supervision across a local change in the teacher’s
response. Importantly, when the factual sample is already close to the teacher’s decision boundary, a
smaller contextual perturbation is sufficient to cross the boundary and induce the alternative response
A’. Therefore, starting from boundary-near factual samples leads to a smaller upper bound on
the perturbation o, tightening the bound. Although those samples are difficult under factual-only
supervision, their proximity to the boundary makes them useful starting points for constructing local
counterfactual supervision. Second, the boundary coverage condition captures how well the induced
crossing points cover both the context-response boundaries. Better coverage corresponds to a smaller
€, tightening the bound. Thus, we provide a geometric characterization of how local counterfactual
perturbations and boundary coverage relate to teacher-student boundary deviation.

The analysis above also assumes that the student model agrees with the teacher model on the
paired factual and counterfactual samples (Assumption (2) Exact answer generation). This idealized
condition captures the objective of distillation, where the student is trained to reproduce the teacher’s
behavior on the available supervision. More importantly, the analysis also relies on the generated
counterfactual context C’ to induce the intended alternative answer A’. In practice, this may not be
guaranteed due to inherently stochastic and unpredictable generative behavior of LLMs Holtzman
et al.[(2019). The teacher may fail to produce A’, or conditioning on C’ may provide only limited
additional predictive benefit for A’. For realization of this objective in our implementation, we
therefore introduce a new metric Context Following Difficulty (CFD) in the following section to
validate generated counterfactuals before they are used for knowledge distillation.

g Y4 5 o0 N
(a) Incorrect counterfactual (unrelated answer) (b) Failed to change the prediction
The counterfactual context contains the target answer, but the teacher does not follow it and gen- || The counterfactual context contains the target answer but retains conflicting evidence, so the
erates an unrelated answer. teacher’s prediction does not switch to the target.
Question (Q):  Who is the youngest grand master in chess? Question (Q): When did the Dutch settle in New York?
ioing - actual c ~
Original context (C'): Counterfactual context (C'): Original context (C): Counterfactual context (C'):
oo TCBID| PRl fin | Sowits -~ 1950 | IETEIEANEN | Soviet - In [I624, it became a provincial ... In 1640, it became a provincial
Unicnl{26eacies :o(_)z | ” , Lol Rovearbimei] } extension of the Dutch Republic and extension of the Dutch Republic and was
Se'g‘;y BRI | Ukcaioc 112y cars, M“g‘:“f’ RN Uk ainel [12}yeacsi was designated as the capital of the designated as the capital of the province
ot monthsi province in 1625. in 1625.
Original A): Sergey Karjaki Target ans /e Magnus Carlse
riginal answer (A): Sergey Karjakin Target answer (A’): Magnus Carlsen Original answer (A): 1624 Target answer (4'): 1640
Teacher output: David Bronstein X Lg(A’ | Q): 2475 | CLRg: CFDg: , CLR
¢ : Lo(A'|Q): 4338 : “FDo:
AAg: 0 Lo(A']0.C): 1990 | 0.804 803991 Teacher output: 1625 X ol ,\Q) ) ) CFDg:
Adg: 0 Lo(A'| 0.C"): 0677 | 0.156 | 156172

Explanation: The target is inserted into the last row of a record table, still paired with Ukraine
(mismatching evidence). The teacher generates an unrelated answer, copying the first row Explanation: C’ reduces the loss for A’ (4.338 — 0.677, CLRg = 0.156) but still conflicts: the
(David Bronstein), and the loss for A barely changes (2.475 — 1.990, CLRy = 0.804). With capital is designated in 1625, before the 1640 settlement. The teacher answers the retained year

AAg =0 and CFDy = 803991 > 7 (0.3), this example is rejected. 1625. With AAg =0 and CFDg = 156172 > 7 (0.3), this example is rejected.
AN J
( )
(c) Correct target, but weakly context-dependent (d) Correct and context-dependent
The teacher generates the target answer, but the counterfactual context provides only limited ad- || The counterfactual context successfully induces the target answer, and the teacher’s prediction
ditional evidence for the prediction. strongly depends on the context.
Question (Q):  Number of electrons in the M shell of silicon? Question (Q):  Who gets married in The Secret Life of the American Teenager?
Original context (C'): Counterfactual context (C'): Original context (C'): Counterfactual context (C'):
Silicon (Si) has atomic number 14. Silicon (Si) has atomic number 14. ... In the final season, Adrian ... In the final season, Aiden
Electron configuration: 2, 8, 4. Electron configuration: 2, 8, 6. and Ben get married ... and Ben get married ...
The M shell of silicon has 4 electrons. The M shell of silicon has 6 electrons. Original answer (4): Adrian Target answer (4): Aiden
Original answer (4'): 4 Target answer (4'): 6
Teacher output: Aiden v Lo(A'|Q): 5367 | CLRg: |  CFDg:
1 0): g .. _
Teacher output: 6 Lo(A"] Q): 1.873 | CLRy: |  CFDg: Adg: 1 Lo(A'|0,C): 0.285| 0.053 0.053
AAg: 1 Lo(A'| Q,C): 1374 0733 0.733

Explanation: Without the context, the target answer A’ (“Aiden”) is difficult for the teacher
Explanation: The teacher generates A’ (“6”), but C’ only modestly reduces the loss (1.873 — to predict (loss 5.367). With the counterfactual context, the loss dramatically decreases to
1.374, CLRy = 0.733). C' also conflicts: the atomic number s still 14, which does not match the || 0.285 (CLRg = 0.053), indicating strong With AAg = 1 and CFDy =
configuration 2, 8, 6. With AAg = 1 and CFDg = 0.733 > 7 (0.3), this example is rejected. ) 0.053 < 7 (0.3), this example is accepted.

Figure 4: Illustrative examples of CFD-based counterfactual evaluation from the NQ dataset.
The four cases demonstrate how Answer Agreement (AA) and Contextual Loss Ratio (CLR)
complement each other in evaluating generated counterfactual candidates.
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2.3 CONTEXT FOLLOWING DIFFICULTY (CFD) FOR COUNTERFACTUAL VALIDATION

Generated counterfactual samples should be evaluated using the teacher to determine whether they
induce the intended alternative answer A’ rather than another response. Since exact matching can
be unreliable for generative tasks (Holtzman et al.,|2019), we use token-level F1 (Rajpurkar et al.,
2016) to measure agreement between the teacher output and A’. However, answer agreement alone
is insufficient, as generating the intended answer does not necessarily indicate that the C’ provides
strong evidence for that prediction. A high-quality counterfactual should therefore not only induce
the intended answer A’, but also make A’ substantially more predictable when conditioned on C’
than from the ) alone. To capture these two properties, we introduce a new metric Context Following
Difficulty (CFD), which combines Answer Agreement (AA) with the Contextual Loss Ratio (CLR).
First, AAy measures whether the teacher generates the intended alternative answer A’ under the
counterfactual context C':

AAg(Q.C", A') = F1(45(Q,C"), A'), M
where AQ(Q, (") is the answer generated by the teacher given @ and C’. A higher AA, indicates
stronger agreement with the intended answer A’. However, high answer agreement alone does not
establish that the counterfactual context plays a role in predicting A’. Inspired by the Instruction
Following Difficulty (IFD) metric (Li et al.| 2024)), we define the Contextual Loss Ratio (CLR) as:

L] @.)

CLRy(Q,C", A') = AT

@

A low CLRy indicates that conditioning on C” substantially reduces the teacher’s loss for A’ relative
to conditioning on @ alone, i.e., C’ plays a strong role in predicting the intended alternative answer.
Conversely, a higher CLRy indicates that providing C” yields only a limited reduction in the loss
of A, suggesting weaker dependence of the target prediction on C’. Thus, CLRy measures how
strongly C” contributes to the prediction of the teacher model A’.

Combining these two measures, we finally define our Context Following Difficulty (CFD) score as:

CLRg(Q, C", A")
AAH(Q, O, AN+’

CFDy(Q,C", A') = ©)

where § > 0 is a small constant for numerical
stability. We prefer low CLRg and high AAy.
A lower CFDy score favors counterfactuals for
which the teacher both generates an answer close

Algorithm 1 COFFEQA

Input: D, teacher 6., student 65, epochs E,
learning rate 7, weight a,, CFD threshold 7,

to the intended target A’ and relies more strongly
on the counterfactual context when predicting
A’. Figure f]illustrates the complementary roles

of AAy and CLRy in four representative cases.

Cases (a) and (b) show that a counterfactual may
fail to induce the intended answer even when the
modified context contains or supports it. Case
(c) has high AAy but high CLRy, indicating
limited additional predictive benefit from C”. In
contrast, case (c) represents a valid counterfactual
with a low CFDy. Together, these examples
show why both AAy and CLRy are necessary
for validation. The two components of CFDy
therefore capture complementary properties of
a valid and informative counterfactual. AAg
verifies the intended answer A’, while CLRy
measures how strongly the modified context
contributes to predicting A’. Our algorithm is
provided in Algorithm T](also in Figure ).

few-shot budget k, D.y=¢, Dy=¢

1: while |D.s| < k/2 do

2:  Pick (Q,C,A) € D

3 (Q,C",A") + GenCF(Q,C, A)
4:  if CFDy,(Q,C", A’) < 7 then

5: Der + Dy U{(Q,C, AN}
6: Dy« DyU{(Q,C, A

7:  endif

8: end while

9: fore =1to E do

10: forall (Q,C, A) eDfUDcf do
11: Lcg <+ CE(0,(Q,C), A

12: Lxp KL(Qt(Q O))10s(Q, C))
13: L+ alcg + ( Oé)EKD

14: Update 05 < 0, —nVy, L

15:  end for

16: end for

17: return distilled student 6,
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Table 1: In-domain F1 score comparison across k-shots for TS and Qwen2.5 models using baselines.
Mean F1 scores are reported with standard deviations as subscripts (M eang;q). Bold values indicate
the better-performing method (COFFEQA vs. baseline). Blue shading highlights aggregate results.

T5 Qwen2.5
Dataset ~ Method 16 32 64 128 256 Avg 16 32 64 128 256 Avg

KD 61.83049 6144505 60.34,9; 569155 58.07,33 59.72515 66914 66.01559 65.71(39 64.68061 65.6609 65.7930
+ COFFEQA 62.16,,; 62.09,5 60.85,3; 59.08,) 58.63,3 60.56,¢ 66.27,5 68.1002 67.23)3 67.25)7; 67.19)9 67.2165

NQ LWD 61.81pss 61.23,4 60.37,56 58.16,5 58.72,5 60.06;57 65.62505 66.3250s 65.90, 5 65.61055 66.62055 66.01¢45
+ COFFEQA 62.12), 61.46,5; 60.04,00 60.03,5, 58.93,; 60.52,5; 63.98,05 68.16035 67.78)c, 68.07)55 67.967; 67.19; 5

SeqKD 60.68,5, 59.19,07 60.80;1, 59.78,57 62.09;5, 60.51;1; 65.8935 67.55055 66.8403 67.3335 67.73075 67.07074
+ COFFEQA 61.514 61.88)¢: 61.5209, 61.87,5 61.36,4 61.625; 66.56,,, 66.92),5 68.48)59 68.04 55 68.2239 67.645s

KD 8645054 84.18,3 83.63;7 84.05,,4 83.10,9 84.28,5 77.75,15 76.78024 76.40047 75.87041 76.4530 76.65¢70
+ COFFEQA 86.56,,, 86.13),, 85.36,0; 85.4645 84.23,s5 85.55059 76.95046 77.28050 77.4204 76.64055 75.9503 76.85)59

SQuAD LWD 86.47)s0 84.13,1; 83.86,75 83.45053 82.92,15 84.17,3 76.7006s 76.9603 76.71y4 76.15,00 77.20107 76.74¢39
+ COFFEQA 86.56,,; 86.09):5 84.85,5, 85.57,40 84.53,65 85.5205: 76.36006 7719024 77.75041 77.22033 77.8250 77.27 55

SeqKD 8543060 86.25.5; 85.5725 85.4503 84.960s: 85.53046 78.22046 77.79.47 779005, 77.35040 78.26096 77.90037
+ COFFEQA 86.41,45s 85.47)s; 85.737; 85.65,3 85.02)3 85.660s50 77.2503 77.89933 77.80065 77.85053 78.6367 77.92049

KD 72.72,35 734319, 70.56516 69.95,1 65.35,07 70.40517 57.3207; 54.1445 5432111 55.10,69 53.641 7 54.90;45
+ COFFEQA 73.6650, 74.26,,5 75.43,; 74.19,5 72.85,,, 74.0800s 60.77,75 57.95.5, 56.88y¢0 57.48,; 59.41,5, 58.50, s5

NewsQA LWD 72.67230 73.00505 70.42,50 69.29549 65.25079 70.12514 58.7610; 58.62065 56.90005 57.51 55 55.72527 57.50,26
+ COFFEQA 73.43;0; 74.98)¢c 74.85,5s 73.77,15 73.06,35 74.0205, 60.49,35 58.18, 05 58.05, 3 59.89).5 61.23,3 59.57,4

SeqKD 66.77,63 70.09,7, 70.215,, 69.45,53 72.16051 69.74194 49.10,5 51.49,0s 57.60049 58.97,25 61.61,3; 55.75s,5
+ COFFEQA 72.72;5; 74.65, 75994 76.54,55 75.77,46 75135, 51.22,;;5 55.65)55 56.90005 60.14, ¢, 63.38,05 57.46,¢,

KD 53.70424 50.40557 46.49,53 45.80,5 46.93,4 48.6633 61.57,09 61.9879 59.92, 06 57.50, 14 59.26,; 60.05, 5,
+ COFFEQA 60.06,,5 56.32,,, 56.47;0, 50.54,0, 49.52,;; 54.58,.; 62.49,, 60.58)6 62.320¢7 60.53)74 57.96, 40 60.77, 53

TriviaQA LWD 53.73350 51.86261 44.61545 45.08,99 47.19,4, 48.504;9 61.1004 61.20,4; 59.26049 58.0704> 58.86,19 59.70; .49
+ COFFEQA 59.70,5, 56.49,5, 56.35,3, 50.46,55 49.67 09 54.53,3 62.25,¢5 61.49979 61.7605, 60.21, 5 57.87,3 60.72;

SeqKD 59.01346 52.99155 50.19;6, 50.53514 48.61,75 52.27405 61.36100 59.9905s 60.5251 59.85, 07 60.58, 39 60.46¢60
+ COFFEQA 60.70,,5 55.11,75 54.79;50 51.05;5 53.40,,4 55.0135 63.13,5 62.05, 5 61.7647 60.17,44 59.860 61.39; 36

KD 70.37,45 70.9655 64.27356 70.23110 69.4254 69.05,73 74.0904s 75.35053 72.731.19 73.15057 73.100.97 73.68 .06
+ COFFEQA 69.87505 73.39,01 71.31,5 70.65,99 72.61,43 71.56,45 73.3800, 74.7950 76.44065 75.69061 76.17 7 75.29, 24

HotpotQA LWD 69.89,4 70.77576 64.11505 69.88165 70.44,7; 69.02,7; 7420049 74.45075 724005 74.360s4 74.07, 54 73.90035
+ COFFEQA 69.2155, 74.09,5, 72.04,5s 70.50,,; 73.28,,; 71.82,49 73.87001 747704 T4.700s5 75.7559 77.3205, 75.28, 3

SeqKD 7581y5s 75.65085 75.79116 7416205 7422345 75130536 7537066 76.49075 7526050 72.29971 73.59 5 74.601 66
+ COFFEQA 74.8405 76.990ss 7584, 75.03,5 73.1433 75174 73.67066 74.07,30 76.23070 76.04)55 74.90, 45 74.98, 14

KD 69.01153; 68.08,277 65.061363 65.39 1456 64.58 340 66.421355 67.53545 66.8504s 65.81904 65.26959 65.62945 66.219 09
+ COFFEQA 70.46,(5; 70.44,, ¢ 69.88,,55 67.98,355 67.57 357 69.27 1500 67.97597 67.74545 68.06559 67.52545 67.3ds79 67.725

LWD 68.911529 68.20124 64.671434 65.171437 6490133 66.371350 67.2879; 67.51503 66.2454 66.3457; 66.493; 66.77547
AVG + COFFEQA 70.21,065 70.62,,77 69.63,, 55 68.07,34 67.89,365 69.285,; 67.39;, 67.9655 68.01;3, 68.235,, 68.44, 0 68.005,,

SeqKD 69.54,, 05 68.841315 68.51 136 67.871339 68.41,373 68.631257 65.99167 66.661;13 67.62555 67.1679, 68.35761 67.169 3
+ COFFEQA 71.2406, 70.821519 70.77 154, 70.03,359 69.74 1541 70.5215 15 66.371015 67.323506 68.27505 68.455., 69.00;5, 67.88; ¢

3 EXPERIMENTS

Datasets. We evaluate COFFEQA on eight open-domain question answering benchmarks. The five
in-domain benchmarks are Natural Questions (NQ) (Kwiatkowski et al.,[2019)), SQuAD (Rajpurkar
et al.,|2016), NewsQA (Trischler et al., 2017), TriviaQA (Joshi et al.,[2017), and HotpotQA (Yang
et al., 2018)). The three out-of-domain benchmarks are DROP (Dua et al.| [2019), DuoRC (Saha et al.|
2018)), and RelationExtraction (Levy et al., 2017). Additional details about the datasets used in our
experimental evaluations are provided in Appendix [F]]

Models. We evaluate our method using two model families with different architectures: the
encoder-decoder model TS (Raffel et al., 2020) and the decoder-only model Qwen2.5 (Bai et al.,
2023). In the TS setting, T5-Large (770M parameters) serves as the teacher, while T5-Base (220M
parameters) serves as the student. In the Qwen2.5 setting, Qwen2.5-7B-IT serves as the teacher,
while Qwen2.5-1.5B-IT serves as the student. Full-training details are in Appendix[F.2]
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NewsQA TriviaQA HotpotQA

32 32 32

s KD COFFEQA

Figure 5: Teacher-student F1 agreement of standard KD and COFFEQA across datasets and k-shot
settings using T5. COFFEQA generally achieves higher agreement than the baseline. Spokes denote
k-shot settings, and radial axis F1 score ranges are adjusted independently by dataset for visualization.

Baselines. We compare COFFEQA against three distillation baselines: (i) Standard Knowledge
Distillation (KD) (Hinton et al., [2015)), (ii) Sequence-Level Knowledge Distillation (seqKD) (Kim &
Rush}|2016), and (iii) Layer-Wise Distillation (LWD) (Jiao et al.| 2020). All methods use the same
few-shot splits for fair comparison. Additional details of the baselines and implementation details are
provided in Appendix [F3]

Setup. Following prior work (Hamman et al., 2025), we first fine-tune the teacher model on the full
training dataset. For each few-shot budget k& € {16, 32, 64,128,256}, we rank factual samples by
their teacher prediction margins, using margin sampling (Scheffer et al., [2001)). The factual-only
distillation baseline uses the & samples with the smallest margins. COFFEQA instead uses the k/2
factual samples with the smallest margins together with their corresponding &/2 counterfactuals,
maintaining the same total few-shot budget k. We evaluate accuracy using EM and F1 against the
gold answers and teacher-student agreement using EM and F1 between their generated answers. All
results are reported as the mean and standard deviation over five random seeds.

3.1 MAIN EXPERIMENTAL RESULTS

COFFEQA outperforms the baselines. As shown in Table [T} COFFEQA improves performance
across all three distillation baselines under the T5 setting. When averaged across all datasets and
k-shot settings, COFFEQA improves the F1 score from 66.42 to 69.27 with standard KD, from
66.37 to 69.28 with LWD, and from 68.63 to 70.52 with SeqKD. Moreover, COFFEQA exhibits
lower standard deviations than the corresponding baselines in many settings, indicating more stable
performance across seeds. These results demonstrate that counterfactual supervision provides
consistent benefits over the baselines. Detailed EM scores are provided in Table [§]in Appendix

COFFEQA generalizes across different model families. COFFEQA improves standard KD across
both the encoder-decoder TS5 and decoder-only Qwen2.5 model families, where the teachers are
approximately 3.5x and 4.7x larger than their respective students. Under Qwen2.5, COFFEQA
improves the average F1 score from 66.21 to 67.72 with standard KD, from 66.77 to 68.00 with
LWD, and from 67.16 to 67.88 with SeqKD. These results indicate that the benefits of COFFEQA
extend across different model architectures and scales.

Students mimic the teacher more closely under COFFEQA. To examine how closely the student
follows the teacher, we measure teacher-student agreement using EM and F1. As shown in Figure 5}
COFFEQA generally achieves higher teacher-student agreement than standard KD across datasets
and k-shot settings. Averaged across all benchmarks and settings, COFFEQA improves F1 agreement
under standard KD from 68.51 to 71.50 under TS5, with a similar trend for Qwen2.5. These results
suggest that counterfactual supervision helps the student more closely reproduce the teacher’s output
behavior. Detailed results and additional radar plots are provided in Appendix

COFFEQA generalizes well to out-of-domain datasets. To evaluate out-of-domain generalization,
we use Natural Questions for distillation and evaluate the resulting students on three out-of-domain
test sets: DROP, DuoRC, and RelationExtraction. As shown in Table@], COFFEQA improves over
standard KD when averaged across datasets and k-shot settings for both model families. For T5 and
Qwen2.5, COFFEQA improves the overall F1 score over standard KD from 53.35 to 54.52 and from
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Table 2: Out-of-domain F1 score comparison across k-shots for T5 and Qwen2.5 models using KD.
Mean F1 scores are reported with standard deviations as subscripts (M eang;q). Bold values indicate
the better-performing method (COFFEQA vs. KD). Blue shading highlights aggregate results.

T5 Qwen2.5
Dataset Method 16 32 64 128 256 Avg 16 32 64 128 256 Avg
DROP KD 38.56,7, 35.8157 32.48,4; 28.06365 27.78,41 32.5447; 49.58,,; 44.92,5 42.07045 41.28,5 42.57)9; 44.08;3
+ COFFEQA 39.24,,, 37.54,5 32.41,7 32290 29.44;5; 34.19,0 48.58,79 49.53,,; 45.20,3 42.65,.; 41.3605 45.46;55
DUoRC KD 50.38,, 48.49;5 46.98,,; 42.52,5; 44.46,5 46.57:5 41.73); 44.84,, 43.38,3 42771 42.71,4 43.08,,s

+ COFFEQA 51.66)s; 50.58, 0, 44.55,5 46.14,, 44.72;5, 47.53;5 41.04,,, 45010, 43.11005 43.25,00 44.39,4, 43.36,5,

8296090 83.30045 82.65051 78.30266 77.53147 80.95:70 85.32045 85.34040 84.36025 82.77071 82.74019 84.11:5

) . KD
RelationExtraction |\ pea 82,98, 82.99c 8322, 80455 79.55,5 818417 847105 85.660s 85.62015 83.610y 828805 84.50,5

KD 57.302300 55.8724.50 540455, 49.632556 49.92553, 53.355401 58.881324 58.372336 56.605405 55.61354 56.002315 57.0953.40
AVG + COFFEQA 57.96,,55 57.035340 53.39553 52.96,470 51.240560 54.52,455 58.115334 60.075505 57.975306 56.50,345 56.21535 57.7723;

57.09 to 57.77, respectively. These results indicate that the benefits of counterfactual supervision
extend beyond the in-domain datasets used for distillation. Detailed EM scores are in Appendix [H.3]

COFFEQA improves performance under modified contextual evidence. Following [Longpre et al.
(2021])), we replace each test answer in the context with a randomly selected answer of the same entity
type and evaluate against the modified target. As shown in Table[T3] COFFEQA improves average F1
agreement over standard KD from 66.72 to 69.55 for TS5 and from 49.23 to 53.55 for Qwen2.5. This
suggests that COFFEQA better adapts predictions to modified contextual evidence when it differs
from pre-trained knowledge. Corresponding EM results are provided in Appendix [H.4]

3.2 ABLATION STUDIES

We conduct three ablation studies to examine different components of COFFEQA: (i) We compare
COFFEQA with a variant that uses generated counterfactuals without CFD verification to isolate
the contribution of CFD; (ii) We vary the CFD threshold 7 to analyze its effect on downstream
performance and teacher-student agreement; and (iii) We measure counterfactual generation costs,
training time and energy consumption across baselines to analyze the computational cost of
COFFEQA. Full ablation results and experimental details are in Appendix [G|

4 CONCLUSION

In this paper, we present a counterfactual-guided knowledge distillation method for few-shot
open-book question answering. Motivated by the difficulty of distilling with factual samples near
the teacher’s decision boundary, our approach uses factual-counterfactual pairs to provide additional
supervision around these challenging regions. We further introduce CFD to validate counterfactuals
before distillation. Experiments across multiple datasets and LLM architectures demonstrate improved
knowledge transfer under limited supervision. Limitations and future directions are discussed in
Appendix [B] Overall, our findings highlight the potential of counterfactual supervision for improving
knowledge transfer in generative QA under limited supervision in the few-shot setting.

REPRODUCIBILITY STATEMENT

To support reproducibility, we provide detailed descriptions of the datasets, training procedures,
evaluation settings, and baseline implementations in Appendix[F] Specifically, Appendix [F.I]describes
the datasets and experimental splits, Appendix [F.2] provides details of teacher model fine-tuning and
evaluation, and Appendix [F.3]describes the baseline formulations and implementation details. We
also provide the assumptions and complete proof of our geometric analysis in Appendix [E]
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B LIMITATIONS AND FUTURE WORK

Our current counterfactual generation framework is limited to QA samples with entity-based answers.
Extending counterfactual generation beyond these could broaden the applicability of COFFEQA.
Future work could explore more general counterfactual generation strategies that can accommodate
diverse answer types while preserving the intended contextual changes.

The current formulation of COFFEQA is also designed specifically for open-book question answering,
where counterfactuals can be constructed by modifying the supporting context while preserving the
question. Extending the definition, generation, and validation of counterfactuals to other generative
tasks is an important direction for investigating whether counterfactual-guided few-shot distillation
generalizes beyond open-book QA.

C KD PERFORMANCE ON BOUNDARY-NEAR FACTUAL SAMPLES

To investigate how proximity to the teacher’s decision boundary affects knowledge distillation, we
group factual samples according to their prediction margins under the teacher model. Intuitively,
a small margin indicates that the teacher assigns similar probabilities to its two most likely token
predictions, reflecting greater uncertainty in its output. We use margin sampling (Scheffer et al.,
2001) as a proxy for proximity to the teacher’s decision boundary.

Measuring proximity to the decision boundary. For a factual sample = = (Q, C, A) with target
answer sequence y = (y1, ..., yr), the teacher produces a probability distribution over the vocabulary
at each answer position ¢. Let v‘(fl) and vfz) denote the teacher’s most likely and next most likely
tokens, respectively, at position ¢, conditioned on the input z and the preceding target tokens y.;. We
define the token-level prediction margin as

mt(x7y) = IOg P9 (Ufl) ‘ $’y<t) - IOg P9 (UE2) | $7y<t> . (4)

The prediction margin for the complete answer sequence is then computed as the mean of the
token-level margins:

1 T
margin(z, y) = = > me(z,y). )
t=1

Here, vfl) and th are the teacher’s own top-1 and top-2 predictions at each position and are not
defined according to whether they match the ground-truth token. A smaller average margin indicates
greater ambiguity between the teacher’s two most likely token predictions. We therefore use this
quantity as a proxy for proximity to the teacher’s decision boundary.

For each dataset, we sort the factual samples in ascending order of their teacher prediction margins
and divide them into three margin bins, where Bin 0 contains samples with the smallest margins, Bin 1
contains samples with intermediate margins, and Bin 2 contains samples with the largest margins. To
evaluate the effect of teacher prediction margin on knowledge distillation under a controlled few-shot
budget, we sample 100 factual examples from each bin and perform knowledge distillation separately
using the samples from each bin. Thus, each setting uses the same distillation budget of 100 factual
samples, with the primary difference being their teacher prediction margins.

Figure [6] reports the resulting KD performance when distillation is performed using 100 factual
samples from each of the three margin bins. Figures[6|a) and[6{b) show EM and F1 averaged across
the five in-domain datasets, respectively. For both metrics, distillation using the smallest-margin
samples in Bin O results in substantially lower performance than using samples from Bins 1 and 2.
The mean EM increases from 56.94% in Bin 0 to 67% in Bins 1-2, while the mean F1 increases from
65.99% to 72-73% in Bins 1-2. In contrast, the difference between Bins 1 and 2 is relatively small
for both metrics. This suggests that the main degradation in distillation performance occurs when the
few-shot factual supervision consists of samples with the smallest teacher prediction margins.

Figures[6{c) and[6[d) show the corresponding dataset-wise EM and F1 results for HotpotQA, NewsQA,
Natural Questions (NQ), SQuAD, and TriviaQA. The same general pattern is observed across the five
datasets: distillation using samples from Bin O results in lower EM and F1 than using samples from the
larger-margin bins. The difference is particularly pronounced for HotpotQA, NewsQA, TriviaQA and
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Figure 6: KD performance as a function of the teacher prediction margin. Factual samples
are grouped into three bins according to their average token-level prediction margins, with Bin 0
containing the smallest margin samples and Bin 2 containing the largest margin samples. Smaller
margins are used as a proxy for greater proximity to the teacher’s decision boundary. Knowledge
distillation is performed separately using 100 factual samples from each bin, maintaining the same
distillation budget across all three settings. Panels (a) and (b) report EM and F1 averaged across the
five in-domain datasets, respectively, while panels (c) and (d) report the corresponding dataset-wise
results. Distillation using samples from the smallest margin bin generally results in lower performance
than using samples from the larger margin bins.

NQ, whereas SQuAD exhibits a smaller difference across the three bins. Thus, the lower distillation
performance associated with the smallest-margin samples is observed across datasets rather than
being driven by a single benchmark.

Overall, these results support our motivating observation that factual samples with small teacher
prediction margins are more challenging to distill under limited factual supervision. Since a small
margin reflects greater ambiguity between the teacher’s most likely token predictions, we use these
samples as an operational approximation of boundary-near factual examples. Importantly, this
degradation is observed while maintaining the same 100 sample distillation budget across all three
margin bins. This observation motivates COFFEQA to complement boundary-near factual samples
with counterfactual supervision, providing additional information about how the teacher’s response
changes under modified contextual evidence.

D COUNTERFACTUAL GENERATION PROMPTS

We use GPT-40-mini for counterfactual generation. The same prompts are used
for both the TS5 and Qwen2.5 experiments. Counterfactual generation consists of three stages: (i)
identifying the entity type of the original answer, (ii) generating a plausible alternative entity of the
same type, and (iii) minimally modifying the original context to support the alternative answer. The
prompts used in these stages are shown in Figure[7]

Generated counterfactuals are subsequently evaluated using CFD before being used for distillation.
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Entity Type Classification

What type of named entity is this answer: “{answer_text}”?
Classify as PERSON, LOCATION, ORGANIZATION, DATE, NUMERIC, or OTHER if none apply.
\

-

Alternative Entity Generation

The original answer is “{original_answer}”, which is a {entity_type}.

Propose ONE plausible alternative {entity_type} that is CLOSE to “{original_answer}” (similar in
scale, category, or context) but clearly DIFFERENT from it.

Do NOT propose any of these already-tried alternatives: {avoid_list}.

Respond with ONLY a JSON object:

{"alternative_entity”: "<your proposed alternative>"}

\

-

Counterfactual Context Generation: System Prompt

You are an expert at creating counterfactual reading-comprehension passages for QA training data.
Given an original context that supports a specific answer, you rewrite it MINIMALLY so that it instead
unambiguously supports a different target answer, by replacing occurrences of the original answer (and
grammatically-dependent references to it) with the target answer, while leaving everything else in the
passage unchanged. Do not add explanations or extra content.

.

-

Counterfactual Context Generation: User Prompt

Question: {question}

Original context (supports answer “{original_answer}”): {original_context}

Target answer (the new counterfactual answer): “{target_answer}”

Rewrite the context above so that it minimally changes to unambiguously support “{target_answer}”
as the answer to the question, instead of “{original_answer}”.  Replace occurrences of
“{original_answer}” (and any grammatically-dependent references to it) with “{target_answer}”,
keeping everything else in the passage exactly the same. Do not add commentary.

Respond with ONLY a JSON object:

{"reasoning”: "<1-2 sentences on what you changed>",

"counterfactual_context”: "<the full rewritten context>"}

N J

Figure 7: Prompts used for counterfactual generation. The generation process consists of entity
type classification, alternative entity generation, and counterfactual context generation. The final
stage uses a system prompt and a user prompt to minimally modify the original context to support the
alternative answer.

E PROOF OF PROPOSITION]

In this section, we provide the proof of the upper bound on the Hausdorff distance between the
teacher’s context-response boundary M; and the student’s context-response boundary M.

By definition, the Hausdorff distance between M; and M is

~

dg (M, M) = max{ sup inf ||t —s||, sup inf [[s — t||} . 6
te SEM, tEM:

M sEMg

We bound the two directed distances separately (Hamman et al.} 2025).

PART 1: BOUNDING THE DEVIATION FROM M; TO M,
Lett € M, be an arbitrary point on the teacher’s boundary. By the boundary-coverage assumption

(Assumption 3), there exists a teacher boundary crossing point 7 € M, associated with a
factual-counterfactual pair (c;, ;) such that (see Figure|8):
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It —¢7|| <e. @)

Under Assumption 1, the factual-counterfactual perturbation is
bounded as
llei — cill < e ®)

Under the teacher-student agreement assumption (Assumption 2),
the teacher and student agree on the responses associated with both
endpoints ¢; and ¢. Since the factual and counterfactual contexts
correspond to different responses, both the teacher and student
boundaries cross the segment [c;, ¢;]. Let tf € M, and sf € M,
denote their respective boundary crossing points on this segment.

Because both ¢} and s} lie on the same segment [c;, ¢},

187 = s7ll < llei — cill < e ©

Figure 8: Visualization of
the distances between M,
and M,. ¢ and ¢, are
factual and counterfactual It —si|| < |t — 5|+ |tF — sf|| < e+ . (10)
pairs with ||¢; — ¢i|| = o <

). tis an arbitrary point  Gince there exists at least one point s € M, within distance € + «

in M, that finds some t;‘/ of ¢, the infimum distance satisfies:

cut point in M; within €

distance (¢ < e). inf [t — sl < e+ o (11)
SEM,

Combining Equations equation [7] and equation [9] and applying the
triangle inequality, we obtain

Taking the supremum over all points ¢t € M yields:

sup inf ||t —s| <e+a. (12)
s inf s

PART 2: BOUNDING THE DEVIATION FROM M TO M;

We follow a symmetric logic for the student boundary. For any point s € M, Assumption 3
guarantees the existence of a student boundary cutpoint s} such that ||s — s7|| <.

From the relationship established in Part 1, the distance between this student cutpoint and the
corresponding teacher cutpoint ¢} is ||sf — ¢¥|| < a. Applying the triangle inequality:

ls = &7l < lls = sill + lls7 = til <e+a (13)

Since tf € My, it follows that infyc a4, ||s — t]| < € + o Taking the supremum over all s € M,:

sup inf |[s—¢t|| <e+ (14)
sEM teM;

FINAL RESULT

Combining Equations equation [I2]and equation[T4] we obtain
dg (Mg, M) <max{e+a,e+a} =a+e. (15)

This confirms that the student boundary remains within an (« + €)-tube of the teacher boundary.

F EXPERIMENTAL SETUP DETAILS

F.1 DATASETS
We evaluate COFFEQA on eight open-domain question answering benchmarks, comprising five

in-domain and three out-of-domain datasets. The in-domain benchmarks include Natural Questions
(NQ), SQuAD, NewsQA, TriviaQA, and HotpotQA. NQ consists of real user queries collected from
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Table 3: Statistics of teacher and student datasets used in our experiments. Teacher datasets contain
the original training/validation splits, while student datasets contain available factual instances for
distillation and evaluation.

Teacher Dataset Student Dataset
Dataset Train Val. Train Val. Test
NQ 93,663 10,408 34,383 3,821 2,283

SQuAD 77,847 8,651 16,341 1,816 2,790
NewsQA 66,655 7,407 10,956 1,218 690
TriviaQA 55,519 6,170 4,415 491 607
HotpotQA 65,630 7,294 28,956 3,218 2,052

Google search logs (Kwiatkowski et al., [2019). SQuAD (Stanford Question Answering Dataset)
contains questions authored by crowdworkers based on Wikipedia articles (Rajpurkar et al.,|2016)).
NewsQA is constructed from CNN news articles with questions generated crowdworkers (Trischler
et al.l 2017). TriviaQA consists QA pairs sourced from trivia and quiz-league websites (Joshi et al.|
2017). HotpotQA focuses on multi-hop reasoning, requiring models to combine information from
multiple Wikipedia articles (Yang et al.l 2018)). The out-of-domain benchmarks include DROP,
DuoRC, and RelationExtraction. DROP contains quantitative QA pairs which has numerical and
text answers (Dua et al.,|2019). DuoRC contains QA pairs derived from movie plots, constructed
by crowdworkers using IMDb and Wikipedia (Saha et al.,[2018)). RelationExtraction reformulates
relation extraction as a reading comprehension task using Wikipedia text (Levy et al.|[2017).

The datasets are designed for generalization in open-book question answering, where samples are
drawn from diverse distributions. The datasets have following properties in common.

* Question distribution: The test sets contain different styles of questions, such
as entity-based and relational questions, collected from diverse sources, including
crowdworkers, domain experts, and exam writers.

* Context distribution: Passages are drawn from heterogeneous sources such as science
articles, novels, medical abstracts, news articles.

* Answerability: The answer can be generated using the provided context, and the answer
span appears within the first 800 tokens of the passage.

The training and validation sets for the teacher are drawn from the original training splits after
removing duplicate entries. Dataset statistics are reported in Table[3] We generate counterfactuals
only for the samples with entity-based answers. Statistics of the knowledge distillation datasets are
also shown in Table [3] where student frain and val denote available factual training samples with
entity-based answers for distillation. The in-domain test sets for knowledge distillation are taken from
the original development splits after filtering for entity-based answer samples. The out-of-domain
test set counts are as follows: DROP (496), and DuoRC (450), RelationExtraction (912).

F.2 TEACHER MODEL FINE-TUNING AND EVALUATION

All fine-tuning experiments were conducted on a machine equipped with four NVIDIA RTX 6000
Ada GPUs. For T5-Large fine-tuning experiments, we used a batch size of 4, a learning rate of
1 x 10, and a maximum of 5 training epochs. Training was stopped early based on validation
loss using an early stopping criterion with a patience of 3 validation checks. For Qwen2.5-7B-IT
fine-tuning experiments, we used a batch size of 1, a learning rate of 2 X 102, and a maximum of 5
training epochs. Training was stopped early based on validation loss using an early stopping criterion
with a patience of 3 validation checks. On average, all models converged within 1 to 2 epochs.

We evaluated the fine-tuned teacher models using the same test sets for each dataset. The results can
be found in Table [
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Table 4: Teacher model performance (EM and F1) on factual and counterfactual test sets across five
in-domain QA benchmarks for TS and Qwen2.5 models.

Test Set Type Model Score NQ SQuAD NewsQA TriviaQA HotpotQA
T5 EM 74.90 79.64 73.19 67.38 77.19
F1 77.76 87.78 78.97 69.27 85.49
Factual
Qwen2.5 EM 79.46 83.91 75.65 73.48 79.34
i Fl 82.83 91.04 82.50 76.37 88.52
T5 EM 67.94 79.75 66.38 58.32 65.84
N Fl 70.79 87.04 71.35 60.58 71.37
Counterfactual
Qwen2.5 EM 69.78 79.35 66.23 3147 64.13
i Fl1 73.61 86.46 70.55 32.22 70.74

F.3 ADDITIONAL DETAILS OF THE BASELINES

We compare COFFEQA against three knowledge distillation baselines. To ensure a fair comparison,
all methods use the same k-shot data splits, and evaluation settings.

* Standard Knowledge Distillation (KD). Standard knowledge distillation (KD) (Hinton
et al.| 2015) transfers knowledge from a larger teacher model to a smaller student model by
aligning their output distributions. Let : denote the input, y = (y1, . .., yr) the ground-truth
output sequence, and ps and p; the student and teacher model distributions, respectively.
The student is first trained using the standard cross-entropy objective

T
Lop=—Y logps(yr | z,y<t). (16)

t=1

In addition, KD encourages the student to match the teacher’s token-level output distribution
at each decoding step using

T
Lo =Y KL (pi(- | &, y<) [ ps(- | 2,y<0) - a7

t=1
The final training objective combines the supervised and distillation losses:
L=alcgk + (1 — CX)EKD, (18)

where o € [0,1] controls the trade-off between fitting the ground-truth sequence and
matching the teacher’s output distribution. Thus, standard KD transfers knowledge by
aligning the teacher and student token-level distributions while retaining supervision from
the ground-truth sequence.

* Layer-wise Distillation (LWD). Layer-wise distillation (LWD) (Jiao et al.,[2020) extends
output-level knowledge distillation by additionally transferring information from the
intermediate representations of the teacher. Representations from selected teacher layers are
aligned with the corresponding representations of the student through an auxiliary layer-wise
distillation objective, providing supervision at both the intermediate representation and

output levels. Let hglt) and hng) denote the hidden representations from a paired teacher
layer [; and student layer [, respectively. Since the teacher and student may have different
hidden dimensions, a learnable projection W, is applied to the student representation before
alignment. The layer-wise distillation loss is defined as
1 ls It 2
Lowo = g > [wint —nf| (19)
(Is,ly)eP

where P denotes the set of paired student and teacher layers. The final objective combines
the standard KD objective with the layer-wise representation loss:

L=oalce+ (1—-a)lxp + BLiwD, (20)

where (3 controls the contribution of intermediate representation alignment. Thus, unlike
standard KD, which transfers knowledge through the output distributions, LWD additionally
encourages the student to reproduce the teacher’s intermediate representations.
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* Sequence-Level Knowledge Distillation (SeqKD). Unlike standard KD, which aligns
the teacher and student token-level distributions at each decoding step, sequence-level
knowledge distillation (seqKD) transfers knowledge through complete sequences generated
by the teacher Kim & Rush|(2016). Let  denote the input and y = (y1, ..., yr) denote
the output sequence, and let p, and p; denote the student and teacher model distributions,
respectively. The sequence-level distillation objective is defined as

‘CSquD = - Zpt(y ‘ .27) logps(y | $)7 (21)
yey

where Y denotes the set of all possible output sequences. Since directly optimizing over all
possible output sequences is intractable, seqKD approximates the teacher’s sequence-level
distribution using its highest-probability output sequence. Specifically, the teacher-generated
sequence is obtained as

- 22
] argl;leagpt(ylw)y (22)

where beam search is used to approximate the highest probability sequence under the teacher
distribution. The resulting sequence-level distillation objective is then

|9
Lseqin ~ —logps(§ [ 2) = = > logps (§: | #,9<t) - (23)
t=1
Thus, while standard KD transfers knowledge by matching the teacher’s token-level

probability distributions, seqKD uses the complete sequence generated by the teacher
as the training target for the student.

For standard KD, the student was trained using a weighted combination of the MLE loss and the
token-level distillation loss. The temperature was set to 1, and the o was set to 0.5.

For LWD, student decoder layers were uniformly mapped to corresponding teacher decoder layers
across the model depth. Layer-wise knowledge transfer was performed by aligning the decoder
self-attention distributions of the mapped teacher and student layers using KL divergence. Attention
distributions were averaged across attention heads before computing the layer-wise loss. The
layer-wise distillation loss was added to the standard KD objective with a weight of 5.0.

For seqKD, the teacher generated a complete output sequence for each training input using beam
search with a beam size of 4. The original ground-truth answer was replaced by the corresponding
teacher-generated sequence, which was then used as the training target for the student. Following the
original seqKD formulation (Kim & Rush, [2016), the student was trained using cross-entropy loss on
the teacher-generated sequences without an additional token-level distillation loss.

For all three baselines, we used a batch size of 4 and a learning rate of 1 x 10~%. The maximum
number of training epochs was set to 100, with early stopping based on validation loss using a
patience of 3 validation checks.
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G ABLATION STUDY RESULTS

G.1 EFFECT OF CFD VALIDATION

To isolate the contribution of CFD verification, we compare COFFEQA with a variant that generates
counterfactuals without CFD verification. Both variants use identical factual data splits and training
settings, with the only difference being whether the generated counterfactuals are verified using
CFD. For COFFEQA with CFD verification, we use the selected threshold 7 = 0.3. Experiments are
conducted using T5 across all datasets with five random seeds for each k-shot setting, and the results
are averaged across datasets. Figure[Q]reports the improvement of each variant over standard KD. CFD
verification generally provides larger gains in both downstream QA performance and teacher-student
agreement, with particularly clear improvements at k = 32, 64, and 128. These results indicate
that the improvements of COFFEQA are not solely due to the inclusion of counterfactual examples;
verifying the generated counterfactuals using CFD provides additional benefits for knowledge transfer.

BN COFFEQA (no CFD) — KD B COFFEQA (no CFD) — KD
mmm COFFEQA — KD mm COFFEQA — KD
5 -+
3-
7- o
—6- —
= =
= 5 >3-
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1
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0- ‘ . ; ; ; 0- ‘ . ‘ ; ;
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Figure 9: Effect of CFD verification on COFFEQA. Performance gains over standard KD (A =
COFFEQA — KD) are shown across different few-shot budgets k. We compare COFFEQA without
CFD verification against the full COFFEQA framework with CFD verification (7 = 0.3). Panels (a)
and (b) report accuracy EM and F1 gains, while panels (c) and (d) report teacher-student agreement
EM and F1 gains. CFD verification generally yields larger improvements, demonstrating the benefit
of validating generated counterfactuals before distillation.
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G.2 CFD THRESHOLD ABLATION

We analyze the sensitivity of COFFEQA to the CFD threshold 7 using T5 on TriviaQA. We evaluate
7 € {0.1,0.2,0.3,0.4,0.5} across k, with five random seeds for each k-shot setting. For each
threshold, we report the averaged improvement of COFFEQA over standard KD (A = COFFEQA —
KD). As shown in Figure[T0] performance is sensitive to the CFD threshold. The threshold 7 = 0.1
yields negligible improvements, whereas moderate thresholds produce substantially larger gains
in both accuracy EM/F1 and teacher-student agreement. The gains peak around 7 = 0.2-0.3 and
gradually decrease as the threshold becomes more permissive. Overall, these results demonstrate the
importance of controlling counterfactual quality through the CFD threshold.

I EM s F1 I Agreement EM W Agreement F1

-~ 5 =
w S o =

)

A COFFEQA — KD (%)
L

A COFFEQA — KD (%)
w

—_
—

0.1 0.2 0.4 0.5 ’ 0.1 0.2 0.3 0.4 0.5

CFD threshold

Figure 10: CFD threshold ablation. Effect of the CFD threshold 7 on COFFEQA using TS on
TriviaQA. The bars show the improvement of COFFEQA over standard KD (A = COFFEQA —
KD), averaged across k € {16,32,64,128,256} and five random seeds. The left plot shows the
improvement in accuracy measured by EM and F1, while the right plot shows the improvement in

teacher-student agreement measured by EM and F1.

0.3
CFD threshold

G.3 CoST ANALYSIS

We analyze the computational cost of COFFEQA during both counterfactual generation and
distillation. Table [5] reports the per-sample cost of counterfactual generation, averaged over all
generation attempts. Counterfactual generation requires approximately 2.88 seconds per candidate,
with relatively small CPU and GPU energy consumption for both model settings.

Table[6and Table [7|reports the training duration and energy consumption during distillation under
TS5 and Qwen2.5, respectively, measured using CodeCarbon. In both models, for standard KD and
LWD, COFFEQA achieves higher accuracy while requiring less training time and energy across all
k-shot settings. For SeqKD, COFFEQA also improves accuracy across all settings, but incurs higher
computational costs at the smaller budgets (k¥ = 16 and 32). From k = 64 onward, its computational
cost becomes comparable to the baseline. Overall, these results show that COFFEQA introduces
an additional counterfactual-generation cost, while maintaining favorable computational efficiency
during the subsequent distillation stage.

Table 5: Average duration and CPU/GPU energy consumption per counterfactual generation candidate
under the T5 and Qwen?2.5 settings. Results are averaged across all generation attempts.

Model Duration/candidate (s) CPU/candidate (kWh) GPU/candidate (KWh)

T5 2.884 0.000083 0.000055
Qwen2.5 2.877 0.000071 0.000067
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Table 6: Comparison of EM score, distillation duration, and CPU/GPU energy consumption between
baseline methods and COFFEQA across different few-shot budgets under the TS5 setting.

Objective Method k EM (%) Duration(s) CPU(kWh) GPU (kWh)
16 61.88 62.86 0.00201 0.01342
32 60.82 50.34 0.00153 0.00980
Baseline 64 54.83 56.15 0.00170 0.01259
128 56.07 75.90 0.00224 0.01662
KD 256 55.56 128.67 0.00378 0.02777
16 63.36 45.19 0.00143 0.01016
32 64.20 42.58 0.00133 0.00879
COFFEQA 64 62.93 49.46 0.00149 0.01027
128 59.67 68.09 0.00203 0.01428
256 59.49 114.55 0.00336 0.02487
16 61.75 150.44 0.00474 0.02235
32 60.94 127.87 0.00405 0.01862
Baseline 64 54.52 137.14 0.00425 0.02128
128 55.49 161.15 0.00488 0.02327
LWD 256 55.88 221.42 0.00694 0.03796
16 62.94 121.86 0.00383 0.01784
32 64.38 109.26 0.00344 0.01799
COFFEQA 64 62.72 127.24 0.00389 0.01743
128 59.94 131.83 0.00400 0.01907
256 59.78 180.71 0.00569 0.03242
16 61.77 59.14 0.00186 0.01021
32 61.19 39.74 0.00127 0.00801
Baseline 64 61.37 36.16 0.00115 0.00774
128 61.15 4413 0.00136 0.00988
256 62.06 71.46 0.00215 0.01550
SeqKD
16 64.81 91.77 0.00287 0.01409
32 64.70 53.12 0.00169 0.01120
COFFEQA 64 64.50 37.99 0.00121 0.00832
128 64.54 47.76 0.00149 0.00999
256 64.06 82.79 0.00248 0.01780
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Table 7: Comparison of EM score, distillation duration, and CPU/GPU energy consumption between
baseline methods and COFFEQA across different few-shot budgets under the Qwen?2.5.

Objective Method k EM (%) Duration(s) CPU(kWh) GPU (kWh)
16 61.22 748.41 0.02378 0.11453
32 60.24 636.82 0.01930 0.11645
Baseline 64 59.13 774.16 0.02278 0.15832
128 58.51 1202.28 0.03660 0.27748
KD 256 59.07 1793.38 0.05119 0.35929
16 61.73 704.12 0.02244 0.11386
32 61.59 698.58 0.02124 0.13367
COFFEQA 64 61.78 693.77 0.02043 0.14167
128 60.93 1066.53 0.03231 0.24643
256 60.59 1728.09 0.04949 0.33793
16 60.77 892.88 0.02964 0.14427
32 60.94 614.12 0.01998 0.11107
Baseline 64 59.71 560.93 0.01830 0.10488
128 59.52 641.79 0.02027 0.11110
LWD 256 59.70 840.55 0.02688 0.16956
16 61.10 852.61 0.02920 0.13976
32 61.51 727.77 0.02350 0.12773
COFFEQA 64 61.49 477.78 0.01546 0.08719
128 61.80 526.55 0.01641 0.09615
256 62.03 759.89 0.02396 0.14949
16 59.72 584.15 0.01826 0.11342
32 60.46 559.89 0.01701 0.10684
Baseline 64 60.96 642.25 0.01894 0.14049
128 60.79 970.14 0.02825 0.21411
256 62.23 1683.50 0.04842 0.38788
SeqKD
16 59.98 648.94 0.01986 0.12576
32 60.72 557.76 0.01663 0.11214
COFFEQA 64 62.16 641.84 0.01882 0.13954
128 62.21 925.38 0.02703 0.18591
256 62.88 1527.88 0.04422 0.34185

H ADDITIONAL EXPERIMENTAL RESULTS

H.1 IN-DOMAIN EM RESULTS

Table [§]reports the in-domain EM results across all the baselines.
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Table 8: In-Domain EM score comparison across k-shots for T5 and Qwen2.5 models using bgseljnes.
Mean EM scores are reported with standard deviations as subscripts (M eanst.d). Bold values indicate
the better-performing method (COFFEQA vs. baseline). Blue shading highlights aggregate results.

Dataset ~ Method

TS

Qwen2.5

16

32

64

128

256

Avg

16

32

64

128

256

Avg

KD
+ COFFEQA

58.100.44
58.891;

57.7335
58.49, 5

54.73579
56.92,;,

47.84¢ 5
49.86; .

50.325
51.205 5

53.75454
5507454

61.95 3¢
61.79.2;

61.24¢4
63.12 35

60.89).44
63.06, .,

60.18 55
62.66, 5,

62.07¢.47
62.84, 5,

61.27,75
62.69,5,

NQ LWD

+ COFFEQA

58.20.45
58.84,,,

57.4754
57.45365

54.80504
55.00, 6

50.1557;
52.58,7

50.90s 43
51.1655,

54.305 65
55.015,,

60.19; 5,
58.956.05

61.9147
62.53,;

61.10, 33
63.49, 56

60.71944
63.48,,6

61.82, 5
63.39, 4

61.15073
62.37, 95

SeqKD
+ COoFFEQA

54.75, 15
56.97,0,

5447, 47
57.66, .,

56.44, 1,
5778,

55.85,5
5874076

58.59,
58.29, 4

56.02,6:
57.89

59.850a1
61.720.

61.60, 4,
61.230,

61.960.49
63.98,5

6237055
63.7206

62.94, 5,
64.06, 5;

61.74, 7
62.94, 56

KD
+ COFFEQA

78.360.77
78.47

754650
77.861.5

73.685.4
77.23,.

74.97, 5
77114

74.37, 45
75.84,

75.37150
77.300.9

70.27, 15
69.3957

69404
70.13

6900040
69.93,55

66.880.55
68.92,,,

67.91, 55
6721047

68.69; 3
69.12, ;;

SQuAD LWD

+ COFFEQA

78.360,65
78.37:1;

75.43, 55
77.83, 14

74.06535;
76.54, o

73.84, 7
77.23)0

7444, 5,
76.13, 5

7523, 5
7722002

69.40, 5,
68.950.17

69.51¢30
69.85:,4

68.95)3;
70.075

67.55¢.90
69.38,5;

68.92, 5
69.74, 5,

68.87,7
69.60,..:

SeqKD
+ COFFEQA

76.45¢.5
78.15,,5

77.944;
77.300.46

76.870¢7
77.69.1

76.950.5
7727068

76.38)64
76.56,,5

76.926,
77.39.50

70.77.46
70.040.44

70.96,.5
71.00,,;

70.780.47
711205

70.320.39
70.78.

71.38074
71.46, o

7084055
70.88 5

KD
+ COoFFEQA

64.99;, 5,
64.785.94

64.20,.3
67.59, 5

59.0142
67.39,5

55.83,3
6435,

50.14 5
59.80, 50

58.836.15
64.78; 5

48.20, o5
52.29,5

43.74, 5
49.33,

42.99,,,
47.28, ;5

45.19,5
46.67, 5

42.93,.45
48.93, 5

44,61,
48.90, )

NewsQA LWD

+ COFFEQA

64.75,5,
64.43,,

63.80;5.55
68.06, 7

58.87,4
66.93, 5,

541444
63.62, ¢,

501474
60.41, 4,

58.34¢4
64.69;

49.16¢s5
52.265,

48.29,
49.19, ,,

46.81, 47
48.12, 5

47.33,,
50.23, 5,

44.93, 7
51.68, .,

47.30, 60
50.30, 7,

SeqKD
+ COFFEQA

54.58,5,
63.80,,,

55.68,59
66.35,,;

58.23,,
66.20,.;

60.675.4
70.09,

62.23, 5
68.17,.,

58.28,,,
66.92, 5

41.54,,
42.58, 4

43.74 55
45.71, 1,

457755
48175

4841, 5
50.00, 4

52.00, 05
53.62,,5

46.29, 05
48.02,

KD
+ COFFEQA

50.54; g5
56.47, 45

477154
53.05,

44.38,05
53.15,,

4412,
48.20, .

45.30,.17
47.45, 5,

4641,
51.66; 55

58.39 08
59.04.45

58.680.90
5746065

56.90, 53
59.24

54.43, 5
57.66, .4,

56.05,79
55.19140

56.89, 75
57724,

TriviaQA LWD

+ CoFFEQA

5051354
56.18,5,

49.00,5,
52.98,5;

4270,
53115

4326,
48.01, 5,

45.50, 4,
4764005

46.19;.4
5158,

5779
58,95,

57.960s3
58.42)00

5624010
58485

54.995,
57.27,.

55.75,
54.83,;

56.5512
57.59,

SeqKD
+ COFFEQA

55.3554
56.80, 4

50.05, 55
51.86, 5,

475155
51.83, 5

48.14, 46
48.53, 47

4656,
5114, 55

49.52, 5
52.03,4

58.29090
59,7045

56.9735
59.11,

57.660.5
58,855

56.84, 5,
57.23)49

57.53,,
56.9707

5746055
58.37,.

KD
+ COFFEQA

57425,
58.164.,

58.98,55
64.03,.,

42355,
5996,

57.5T,4
58.81,;

576456,
63.19;,

54.79% s
60.83,,

67315,
66.12, 4

68.16,.,
67.91 0.5

65.86, 15
69.40, 7,

658807
6875055

66.40, 5
68.79,00

66.72,.00
68.19,,,

HotpotQA LWD
+ COFFEQA

56.935 5
56.87931

59.035.17
65.58; 5,

42.1643
62.01, 5,

56.035 04
58.25,4;

58.39561
63.55;3,

54.51740
61.25;;

67.32)55
66.41,

67.03¢7,
67.55)54

65.46(.3
67.30,7

67.03).45
68.63.47

67.10,5,
70.52, o5

66.7975
68.08, 5

SeqKD
+ COFFEQA

67.691.02
68.32, 5

67.8200s
70.325

6781505
69.00,.,

64145 13
68.08,5,

66.565 5,
66.13, 55

66.80, 55
68.37, 5,

68.14, 7,
65.880,65

69.02,,
66.57,

68.650.3
68.68,.60

66.00072
69.32,,

67.30, 53
68.28, 5

67.82, 5
6774146

KD
+ COFFEQA

61.88953

63.369,0;

60.8210,13
64.20, 4,

54.831263 56.07,1.04

62.93,55 59.67,,7; 59.49,, 1,

55.561140 57.831075

61.93,,

61.225,
6173660

60.2410,
61.59.,

59.1310.14
61.78, 5

58.51506
60.93,,5

59.07,0.13
60.59; 59

59.64 59
61.32 5,

LWD 61.75,057

AVG + COFFEQA 62.94,,,

60.944 9
6438,

54.5213.16 55491137 55.881136 57.721074
62.72 50 59.94,,5, 59.78,15 61.95,4

60.775 0
61.105 ¢

60.945 57
61.515

59. 71564
61.49; 5

59.52553
61.805 o5

59.7097>
62.03; 55

60.135 65
61.59;,,

SeqKD 61.77991
+ COFFEQA 64.81;,,

61191144 61.371127 61.151065 62.061093 61.511060 59721146

647040

64.50,0; 64.54,, 5 64.06, 7,

64.52,5; 59.98,05

60.46,0.9,
60.72 5,

60.964 o5
62.16, >

60.79 351
62.215 46

62.23760
62.88; 5,

60.839,65
61.59; 5
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H.2

IN-DOMAIN AGREEMENT RESULTS

Tables O]and[I0]report the in-domain teacher-student agreement results using EM and F1, respectively.
For better visualization, Figures [1 1| and [12]illustrate the F1 agreement across datasets and k-shot
settings for all baselines using T5 and Qwen2.5, respectively.

Table 9: In-domain teacher-student agreement EM score comparison across k-shots for TS5 and
Qwen2.5 models using baselines. Mean agreement EM scores are reported with standard deviations as
subscripts (M eans:q). Bold values indicate the better-performing method (COFFEQA vs. baseline).
Blue shading highlights aggregate results.

Dataset

Method

TS

Qwen2.5

16

32

64

128

256

Avg

16

32

64

128

256

Avg

NQ

KD
+ COFFEQA

56.23,4;
61.34 5,

60.20,5;
60.64,

54.475s6
57.97, 5

50.26734
5294,

52.62500
53.46,,

5476576
57.27,0,

61.88, 5
61.4605;

62.930.49
62.97, 5,

62.846>
64.52 5

62.53).,
64.94,

63.7305;
64.72,

627867
63.72; 4

LWD
+ COFFEQA

59.860.3
61.31.4

58.94,
58.95, .,

56.425
56.57,.4

51.35,46
53.98,

522254
5274,

55.76555
56.71;5,

60.08,.;
58.926

63.05076
63.8751

62.79, 5
64.87,.5,

625007
65.51,5

62.66,.13
65.47, 0,

6221,
63.73, 1,

SeqKD
+ COFFEQA

57.52, 96
60.22 9,

57.19,,,
59.69,

59.24, 4
60.21, o,

58.92,4
60.26, -,

62.41,,,
60.88,.5;

59.06,07
60.25,.4,

61.45,5,
62.45 47

64815
63.091

65.013
66.36, 45

65.860.44
66.86,.5

66.30, 5,
67.15 35

64.69,4,
65.18,.;

SQuAD

KD
+ COFFEQA

85.35075
85.73)3

81.94,5,
85.55.5

80.525 47
83.33, 5

82.17,3
83.96, .5

78.676.21
81.28,,;

81.73,46
83.97, 5,

73.30,35
72.18076

72.70.26
73.00,5,

71.99.47
72.5507

69.9851
716356

71030
70.30067

71.801 3
71.93, 4

LWD
+ COFFEQA

85.161.09
85.98,.40

81.72,3
84.37,

79.94, 61
83.13, 5

78.97, 3
84.21,,

79.915
82.19, 5

81.14,.4
83.97,,

72.5260
7224063

72.519
73.16,.

72.19s5
73710

70.53, 14
72.37.15

72.28,10
72.94, 5,

7201084
72.88,60

SeqKD
+ COFFEQA

83.48,.46
85.560.46

$4.99, .,
8421049

83.98, 5,
84.52 5

84.57,,5
84.47 5

84.59, 35
83257

84.3259
84.40, 5,

74.85.45
73.81065

74.6205
75.00,,.5

74.09¢75
74.654

73.9007,
74.40, 3

74.88,.16
752570

T4.4745
74.62 56

NewsQA

KD
+ COFFEQA

63.28,5
63.83,5

63.10540
66.09

60.61,50
67.13,,

51.19413
61.71,,,

46.58, 56
58,005,

56.95.4,
63.35, 5

4774,
51.01,,,

44.12, 65
48.44, 5,

43.65, 56
48.17, 46

4644, 59
4742,

42.52,0,
50.12,,

44.89; 14
49.03,

LWD
+ COFFEQA

63.6259
64.67,5

62.8155
66.90,

55.83;9,
66.38, 1,

49.7745
60.75; 6

45.94, 5
56.52,;

55.59;51
63.04, 5

48.49, 44
51.2856

49.33, ),
48.03, 5

48.20, 45
48.61, 4

479705
52.03,,

451351,
52.78,

47.831 5
50.55,

SeqKD
+ COFFEQA

56.49;,
64.78, 3

57.16,4,
66.29, 55

59.51520
66.29, 55

60.46,+
68.87,.

62.09, 6
66.03,.3,

59.14, 5,
66.45, 4

40.23, 4
41.28, 4,

41.97,
46.49,

47.3007
48.35,;

48.78, 55
5110,

53.30,05
53.94,,,

46.325
48.23,5,

TriviaQA

KD
+ COFFEQA

56.44; 5,
62.24 4

53.7150
59.90, 5

49.565 44
59.3155;

49.46, 5
52.62, 3

50.35,.12
53.15,5

51.90507
57.44,;,

63.26, 5
62.9375

64.15,
61.9144

62.570.60
64.75,7

61.25,7
63.76,

63.39, 55
60.76,5,

62.93, o
62.82,5

LWD
+ COFFEQA

5529359
61.05, 5

5420,
58.42,5,

47.64, 65
58.25,

48600,
52.78, 5

4975,
52.88, 5

51105
56.68 s

62.11,
62.80, 0

6438,
62.67061

63.30,03
64.25,

61.48,7;
63.53,5

62.31,,
61.29, 5

62.72, 14
6291,

SeqKD
+ COFFEQA

57.83370
60.46, 4

51.83,4
53.08,,

46.92, 5,
52.32,4

46.85,46
477155,

44.48, 5,
48.90,

49.58; 33
52.49,4

63.30, 1,
63.72050

61.78, 17
64.45 ¢

63.26, 49
64.55,5

62.47,9;
63.76, 5,

65.3156
63.06,45

63.22, 5
63.91,

KD
+ COFFEQA

56.97,65
60.36,..

58.65733
58.95; 76

42.35,4
57.54, 5

53.01.¢
53.81,5

54.89.0,
61.99;

53.175.41
58.53,,,

64.740
64.05, 5,

6606,
65.7703

62.80,.5;
66.6757

63.13077
66.18,;

63.70,4,
66.3406

64.09, 53
65.80, ,

HotpotQA LWD

+ COFFEQA

53.63501
54.04, .,

5549574
62.83, 5

38.30633
58.02, 9

52.3255
54.38,,,

54.965,
60.44, 5

50.94,
57.94;,

65.57, .56
65.49, 1,

65.700.75
65.9960

64.05 46
66.26,

65.05055
66.71, ,,

65.60;.05
67.86 45

65.19069
66.46, )

SeqKD
+ COFFEQA

67.39049
65.51,3

66.15059
67.13, 5

66.40, 5
67.13, 5

613954
65.78,5

65.40; 5
63.59,39

65.35,1,
65.82; 46

68.09, .
67.04065

68.43,.;
67.07, 5

6676053
6836040

63.96( 46
67.7863

65.52,49
66816

66.55, 55
67.41,,

KD

63.651245 63.521085

57.501450 57.221401

56.621570 59.7015.46
+ COFFEQA 66.70,;, 66.22, 5 65.06,0; 61.01,335 61.57,, 64.11, 3,

62.18y5,
62.33; 5

61990,
62.42;.;

60.77,037
63.33,;

60.673.65
62.78

60.88,.75
62.45; 5

61.30999
62.665 4,

63.5117, 62.631.15 55.6315.45 56201251

LWD 56.561347 58.91 2.5

AVG + COFFEQA 65.41,5 3 66.29 ¢, 64.47,,1, 61.2235, 60.95;,5 63.67,; 65

61.7547
62.14; 5

63.00, 46
6275015

62.1044;
63.54,,;

61.51s,
64.03,.,,

61.59004
64.07, 55

61.99
63.30,,

SeqKD
+ COFFEQA 67.31,p49 66.08,, ¢, 66.09,, 5 65.42;+,

64.541147 63.461309 63.211357 62441369 63.791425 63491204 61.581301 62.3215534
64.53,,35 65.89,,77 61.66,,,, 63.22,43

632955,
64.45,,

62.999 59
64.78; 5,

65.067.69
65.24, ,,

63.051031
63.87,4;
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Table 10: In-domain teacher-student agreement F1 score comparison across k-shots for TS and
Qwen2.5 models using baselines. Mean agreement F1 scores are reported with standard deviations as
subscripts (M eans.q). Bold values indicate the better-performing method (COFFEQA vs. baseline).
Blue shading highlights aggregate results.

Dataset

Method

TS

Qwen2.5

16

32

64

128

256

Avg

16

32

64 128 256  Avg

NQ

KD
+ COFFEQA

62.315.5
65.08,.4

64.50, 7
64.91,.,,

6175,
626570

60.113.06
61.96,

60.98,,
61.36,,

61.93, 46
63.19,,

6895,
68.180

69.195,
70.29,5,

68.87,59 68.30055 68.9405 68.85)33
70.47,5, 70.63025 70.45,6 70.01,

LWD
+ COFFEQA

64.22)6
65.11, 5,

63.55,69
63.84, 5,

62.55, 45
62.65, 3

60.32, 5
62.31, 5

61.12; 65
61.58;,

62.35,63
63.10, 5

67.545,
66.105,

69.09, o
71115,

69.07,.1; 68.78)61 69.1995, 68.7365
70.9365 71.54),4 71.35)5, 70.21, 5,

SeqKD
+ COFFEQA

63.33,5
64.85, ¢

62.02; 16
64.23 o3

63.64; 59
64.23 5

62.60, 53
63.71, 55

65.66, 5
64.05, 4

63.45, 3
64215

68.48 35
69.59 4,

71.63 55
70.19045

70.87041 71.580.11 71.85075 70.88; 39
72.23)57 72.15,50 72.30054 71.29, 5,

SQUAD

KD
+ COFFEQA

90.29,
90.45,5

8773003
90.43,.4

87.20, 46
88.88).5

88.17, 55
89.13,5

85.905,;
87.34, 45

87.861.60
89.25, 5

79.820
7914046

79.140 05
7947, 5,

78.580:55 781470 78.640.4; 78.860:
79.45,55 78.70060 78.220.45 79.00,5;

LWD
+ COFFEQA

90.16461
90.77 50

87.72, 15
8978,

87.32,3,
88.64 3

86.30,.00
89.37,5,

85.98, 50
87.92, 4,

87.50, 65
89.30,

79.025;
787921

79.180.6
79.720,

78.92430 78.33090 79.56105 79.000.45
802955 79.43., 80.14, ,; 79.67,

SeqKD
+ COFFEQA

89.30.97
90.62, 5,

90.12 55
89.3051

89.54)¢;
89.4346

89.51420
89.63,.5

89.33) 5
88.75071

89.56,3;
89.550.68

80.78 43
7977044

80.21p3,
80.53

80.050.73 79.79950 80.67,04 80.300.4>
80.45),9 80.31,,, 81.224, 80.46,5,

NewsQA

KD
+ COFFEQA

72.06, g
73.00,,

72.84,
73.9753

71.26,3
75.48,

67.68,77
73.08, 4

64.94, 45
72.80, 54

69.765 34
73.67, 1,

58.69,
61.02)¢;

56.24, 4
58.95, 05

56.72 75 57.30,50 54.54150 56.70; 5,
59.33)5, 59.99,5 61.68,, 60.19, 4

LWD
+ COFFEQA

7244, 55
73.94,

72.60,4
747305

69.24, 4,
7481,

676414
72.80,

63.58,1,
71.65, 5,

69.105 74
73.59, 55

60.00, 4,
615405

61.23,5
58.89) 56

60.02, 5, 59.98, 6 56.85,, 59.61,4,
59.97, 05 62.52,07 63.61,5, 6131,

SeqKD
+ COFFEQA

68.57, 0
74.01,,

70.94,79
7527, 16

71.07,5,
76.35,

69.37,9,
76.27, 5

72.49, 4
74.78, 6,

70.49, 54
75.33,00

48.96, 45
51.15, 5

51496
5740,

59.3935 60.59, 39 63.64099 56.814,5
58.42, 5 61.76, 45 64.65, s 58.67; 9

TriviaQA

KD
+ COFFEQA

59.24;,,
65.44 56

55.96,19
62.68, /5

51.30558
61.91¢5;

51.04, 49
54.53, 5,

51.79105
54.98, 3

53.87361
59.91, 5

65.52, 01
65.54 55

66.50, o
64.650.4>

64.89)54 63.97,55 66.34, 49 65.44, 5
67.33) 65 66.12 5 63.44,55 65.41, 4,

LWD
+ COFFEQA

58.13,56
64.15, 5

56.47559
61.39,

49.35,5
60.84; 56

50.19;0,
54.74, 1,

51135
54.69, 3

53.05397
59.16, 55

64.93, 3
65.29,

66.71,05
65.2236

65.66003 64.2369 65.40, 55 65.39) 0,
66.85) 3 65.935, 64.03, 45 65.47, 4

SeqKD
+ COFFEQA

6478594
66.54, 4

57.82,7
59,62,

52.95,4:
58.50,,

53.12,0
54.02,,

50.10, g5
54.05, 4

5575516
5855, ,,

65.54, 05
66.13.4

64.28, 5
66.65.5

65.49, 09 65.37,1, 68.0305 65.74, 5
66.84,¢5 66.08, 0, 65.89, 1 6632,

HotpotQA

KD

71.01,73

+ COFFEQA 71.54, 5

71146
72.14,5;

65.09;5,
71.25,7,

69.61, ¢,
69.38,,5

68.77555
73.26,65

69.12546
71.51, 4,

74134,
73.660.04

75.68,;
75.04 55

72.55,07 713.18479 73.36,.14 73.78, 59
76.43)¢; 75.88,54 76.24, 5 75.45, ;5

LWD 69.13,5,
+ COFFEQA 68.89; 65

69.97,.08
73.80,,

62945
7117, 6

69.41,9
69.83,,;

70.025,04
7323,

68.29;
71.38,,»

7534048
75.37, 05

75.91059
76.11,50

73.95050 75.46065 75.56,51 75.24¢76
76.21050 77.18005 77.9906> 76.57, 0>

SeqKD 76.56, 65
+ COFFEQA 74.79, ;6

76.061.09
7627,

754153
76.04 55

73.75:4
7507549

74.70, 5
73.29356

75.29, 1,
75.09:.10

76.2307
7524056

77174
7529, 5,

754259 72.53026 T4.29, 46 75.13, 50
77.0805; 76.6105, 75.59, 35 75960

AVG

KD

70.98,,11 70.43,, 73

67.321356 67.321376 66.48), 56

68.5155

+ COFFEQA 73.10,03; 72.83 100, 72.03,,05

69.62,30; 69.95,.4, 71.50,, 4,

69.42 47
69.51, 0

693544
69.68; 5

683242, 6818507 68.3650; 68.734.42
70.60,5, 70.26,5, 70.01, ., 70.01,5;

LWD 70»8212,09 70-0611_68 66-2813.81

66.77 1325 66.361299 68.061252

+ COFFEQA 72.57 955 72.71,5, 71.62,, 5 69.81,599 69.81 5, 71.31,, 4

69.36774
69.42; 5,

70.427 19
70.215 55

69.52;39 69.357¢, 69.3155; 69.60;7,
70.85;04 71.32; 15 71.42: 45 70.64;,

SeqKD

72.511070 71.391260 70.521367 69.67 1355 70461425 70.911577 68.001324

+ COFFEQA 74.16,, 72.94,, 59 72.91150, 7174135, 70.98,55, 72.55,,4, 68.38006

68.961149 70.24515 69.97733 71.70644 69.7754;

70.015 5

71.005,; 71.38;55 71.93455 70.54; 4,
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NewsQA ivi HotpotQA
32

LWD

SeqKD

--#-- Baseline —=— COFFEQA

Figure 11: Teacher-student F1 agreement of KD, LWD, and SeqKD with and without COFFEQA
across datasets and k-shot settings using T5. COFFEQA generally achieves higher agreement across
the distillation baselines. Spokes denote k-shot settings, and radial axis F1 score ranges are adjusted
independently by dataset for visualization.

HotpotQA

LWD

SegKD

--®-- Baseline —=— COFFEQA

Figure 12: Teacher-student F1 agreement of KD, LWD, and SeqKD with and without COFFEQA
across datasets and k-shot settings using Qwen2.5. COFFEQA generally achieves higher agreement
across the distillation baselines. Spokes denote k-shot settings, and radial axis F1 score ranges are
adjusted independently by dataset for visualization.
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H.3 OUT-OF-DOMAIN EM RESULTS
Table[T1]reports the out-of-domain EM results for T5 and Qwen2.5.

Table 11: Out-of-domain EM score comparison across k-shots for TS and Qwen2.5 models using KD.
Mean EM scores are reported with standard deviations as subscripts (M eans:q). Bold values indicate
the better-performing method (COFFEQA vs. KD). Blue shading highlights aggregate results.

T5 Qwen2.5
Dataset Method 16 32 64 128 256 Avg 16 32 64 128 256 Avg
DROP KD 347575 32.00465 27.56350 22.63,59 23.8019; 28.1555 44.73075 39.19,7 36.9305 35.03000 36.57,0s 38.49;7
+ COFFEQA 35.68,, 33.86,4; 28.36;5, 25.98;5 24.65,5 29.71.s5 44.0407; 4432155 39.56,5, 37.58,0; 35.19,, 40.14,4,
DuoRC KD 44.63,5s 43.125,5 41.47,9; 38.17,4 39335 4135565 3399050 38.53,05 36.66,60 36.62110 36.62,5 36.48, 6,

+ COFFEQA 46.015, 44.63)5; 39.02,3, 40.94,,, 40.04,5 42.13;0; 33.68,5, 37.55,3 36.88,75 36.70,5; 38.58,45 36.68 33

RelationExtraction KD 747174 7513065 7449119 66.70561 66.6557; 71.53,44 78.3805 78.95.4 78.00017; 76.381,5 76.8805, 77.72;06
+ COFFEQA 74.62)s3 74.34,53 75.3215, 69.84,1, 69.22,¢5 72.67,00 78.29057 78.73049 79.03035 77.06059 75.90,59 77.80;3

KD 51362051 50.08530 47.845411 42.50535 43.265170 47.012024 52.362316 52.220315 50.532379 49.345343 50.025356 50.90535
AVG + COFFEQA 52.105017 50.945006 47.572460 45.58120 44.64264 48.17211 52.005335 53.535505 51.825360 50.455305 49.89250 51.5405

H.4 PERFORMANCE UNDER MODIFIED CONTEXTUAL EVIDENCE

Tables[T2]and T3] report the EM and F1 scores on modified-context test sets, respectively. Tables[T4]
and[T3]report the corresponding teacher-student agreement scores using EM and F1, respectively.

Table 12: EM score comparison on modified-context test sets across k-shot settings for TS and
Qwen2.5 models using KD. Mean EM scores are reported with standard deviations as subscripts
(Meanstq). Bold values indicate the better-performing method (COFFEQA vs. KD). Blue shading
highlights aggregate results.

TS Qwen2.5

Dataset ~ Method 16 32 64 128 256 Avg 16 32 64 128 256 Avg
NQ KD 549065 58.16579 53.18555 49.0065, 51.18,55 53.2835 52.1006s 5298066 52.90036 51.53057 53.0406s 52.510¢7
+ COFFEQA 58.70075 59.3304; 56.20,2; 51.8344; 52.34,45 55.68;.4 51.65051 53.90,, 56.10,5 56.73)3; 56.93,, 55.06,
SQUAD KD 781405y 75.710gy 74.52549 75.63147 734355 75.49;75 60.3755 59. 7406 59.1835 60.34075 60.98)4 60.12¢40
+ COFFEQA 78.425, 78.493; 77.05,5 76.98,¢ 75.77,, 77.34,,, 58.48)4 60.80,:5 61.08,,, 62.57,;5 64.77,¢ 61.54,5,

NewsQA KD 64.29,,, 64.5850; 63.19,5, 54.8439; 50.4909; 59.48643 39.54159 34.99,0s 34.99,35 33.42,2 32.90,05 35.17,4
ews + COFFEQA 64.09;45 67.25,5 67.97,7; 64.205,; 61.91;5, 65.08,, 46.09)05 43.25,;5 39.42,,, 40.12,,, 40.84,35 41.94,,;
TriviaQA KD 51.605¢; 48.43,,5 44.685, 44.38,50 45.50,5 46.92;0; 382506 32.9507, 34.33180 33.38,00 34.30,45 34.64,),
+ COFFEQA 57.03, ) 54.60040 53.716,9 48.11,4 48.14,05 52.32,(, 38.06,0; 43.4607; 39.51,, 45.44,55 44.71,,5 42.23;5
HotpotQA KD 60.63426 62.1259; 46.31529 56.83449 5826467 56.8362 43.39s5 44.1405 40.87,19 45.3609; 47.45,65 44.24145
P + COFFEQA 63.17,,9 62.5655, 61.81,,5 57.24,5; 64.81;95 61.92,;, 45.22,,, 45.85, 46.25,:, 46.41,s 54.05 3 47.56;4
AVG KD 61.91,03, 61.8099, 56.37 1549 56.141,95 55.77 1087 58.40,065 46.73935 44.96,, 45 44.45,, 10 44.80,169 45.73 1200 45.3411 06

+ COFFEQA 64.28,, 64.44;,, 6335, 59.67,,4 60.59,05; 62.47,, 47.90, 49.45, 48.47,4 50.25,,, 522604 49.67:
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Table 13: F1 score comparison on modified-context test sets across k-shot settings for TS and

Qwen2.5 models using KD. Mean F1 scores are reported with

standard deviations

as subscripts

(Means;q). Bold values indicate the better-performing method (COFFEQA vs. KD). Blue shading
highlights aggregate results.
TS Qwen2.5
Dataset  Method 16 32 64 128 256 Avg 16 kY) 64 128 256  Avg
O KD 60.03556 61.70, 9 59.73545 57.84s05 58490, 5956, 5452045 553606 554005 5407055 55295 549306
+ COFFEQA 62.05,5; 62.65,6 60.0405 59.79,5, 59.30,0) 60.76, 4 53.7405) 56.26005 58.43045 59.0703 59.51,,5 57.40,4
souap KD 86.28075 84.15075 83.72,19 84.55,5 82.90,7 843212 652605 64495 64195 65.6707 66.226 65.175s
+ COFFEQA 86.52),, 86515 85.2805; 85.340s 84315 85.595, 63.824 65.570s 66.12075 67.46,5 69.79,:, 66.55,.,
Newsoa KD 71990 7356107 723913 69.03505 66.17005 70.63500 46.19, 55 42.10,00 42.91,55 39.78,59 39.19,3, 42.03,5
CWSRA 4 COFFEQA 728150 74.10,5 75.66,7; 73.92,6 742355 T4.15,5 52.16,7 49.46,1, 46.00,,, 47.37,5 47.49,,5 48.50,s
Triviaoa K 547955 5131509 467755 46.18,4 47.35,2 49286 402206 346807 35.75,0 34.98,05 36.2350 36.37,s,
TVIRR 4 CORFEQA 60.72,0; 57.8% 57.0565 50.47,55 50.22,00 55.27.70 39.77,15 45.27,7 4143, 4684, 4657, 4398,
HotpotQA KD T1.87,5 717550 662252 70.06,5 691057 69.80,5 47.0805 47.9407 44.26,,5 48.55,05 50.53,5 47.67,2
OISR 4 COFFEQA 71735 72797 72245 69.88,5 732255 71975 4956, 49.78,5 49.925, 50.01,5, 57.38,. 51.335
AVG KD 68.991223 68.491245 65.76135, 65.531439 64.801315 66.721313 50.6606: 48.921156 48.501124 48.611200 49.491221 492325
+ COFFEQA 70.76,057 70.79;, 1> 70.06,, 55 67.88,5 5 68.26,; .5 6955, 5 51.815¢; 53.2755, 52.3800) 54.15;0, 56.15,5, 53.55,5

Table 14: Teacher-student agreement EM score comparison on modified-context test sets across
k-shot settings for TS and Qwen2.5 models using KD. Mean agreement EM scores are reported with
standard deviations as subscripts (Means.q). Bold values indicate the better-performing method

(CoFFEQA vs. KD). Blue shading highlights aggregate results.

TS5 Qwen2.5

Dataset ~ Method 16 32 64 128 256 Avg 16 32 64 128 256 Avg
NQ KD 56.23,57 60.20,5; 54.47655 50.26734 52.62500 54.765376 53.69061 55.75057 55.44055 54.310s0 55.25057 54.89s6
+ COFFEQA 61.34)5 60.64), 57.97 3 52.94¢5, 53.46,9, 57.27:9; 52.62)s5 56.01,; 57.340¢, 58.57,65 58.500¢, 56.61, 6
SQUAD KD 85.35075 81.94,3;, 80.52;,; 82.17,3 78.67¢21 81.73,4 61.8605, 61.42,75 61.10050 61.37,05 61.69977 61.499
u + COFFEQA 85.73,; 85.55,55 83.33,3; 83.96,.,5 81.28,,; 83.97,5 60.454; 62.22)3 62.22,, 63.67,4 64.48,3 62.61, s
NewsQA KD 63.28,15 63.1054 60.61,4 51.19413 46.58,55 56.95,6, 41.80,25 37.8605, 37.51050 36.87,5 35.97,75 38.00,,
ews + COFFEQA 63.83,5 66.09ss 67.13,4, 61.71,,, 58.00;, 63.35;55 46.12, 5 43.59,0; 40.845 41.91,4 43.30,,5 43.15,4
TriviaQA KD 56.44; 53.71,0 49.5654 49.46,65 50.35,1, 51.9030; 39.04,,, 40.13,4 38.25,05 38.16005 38.06, 38.73)45
+ COFFEQA 62.2499 59.90); 59.31¢5; 52.62,; 53.15,5; 57.44,3 37.46,34 37.69%6 39.67,35 35.4205 34.53,05 36.96,03
HotpotQA KD 56.97,65 58.65733 42.35,99 53.01467 548991 53.17641 50.38070 50.92064 46.89,00 50.65,5, 51.49;5 50.07;5,
P + COFFEQA 60.36,,5 58.955,6 57.54,95s 53.81,75 61.99:4 58.53;,, 51.8605 52.23,55 52.81,¢; 52.18,5; 56.61,,5s 53.14,,
AVG KD 63.651248 63.521085 57.501450 57.221401 56.621270 59.7012.46 49.35921 4921005 47.841041 48.271056 48.49,, 12 48.63 192

+ COFFEQA 66.70,07, 66.22,, 15 65.06,00; 61.01,5:5 61.57,, 5 64.11,, 5, 49.70, 5,

50.3505 50.57,000 50.35,,65

51.48,5,; 50.49,)35
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Table 15: Teacher-student agreement F1 score comparison on modified-context test sets across k-shot
settings for TS5 and Qwen2.5 models using KD. Mean agreement F1 scores are reported with standard
deviations as subscripts (M eang;q). Bold values indicate the better-performing method (COFFEQA
vs. KD). Blue shading highlights aggregate results.

TS Qwen2.5

Dataset  Method 16 &) 64 128 256  Avg 16 32 64 128 256  Avg
O KD 6231515 64.50150 61.75,7 60.11505 60.98,, 61.93,6 5930045 61.2107 60.87035 59.53070 604505 60.2705s
+ COFFEQA 65.08,4 64.91),, 62.65,: 61.96,5; 6136, 63.19,,, 58.0ds 61.55,4, 62.830s5 63.71ps 640305 62.03,4
souap KD 90.2907 87.7309; 87.20,45 88.17,55 85.90:2 87.86160 67.69%. 67.2d03 66.9804s 6804056 68.3d0ss 67.6605
u + COFFEQA 90.45,,; 90.43,,) 88.88,55 89.13,5 87.34,. 89.25 . 66.495 67.98), 68.37,5 69.49 7100, 68.66, 4
Newsoa K 720615 72.8431, 7126139 67.68,7 64.94 45 69.765 50.55,4 47.13,4 47.65.,, 45.17,5 44415, 46.98,4
CWSRA L COFFEQA 73.00,, 73.975 75484 73.08,, 72.80,5 73.67,. 54.76,s, 52.54,, 50.42,., 51.80,,, 51.95,5, 52.29,
Trviaga <P 5924145 55.965 5130455 51.04070 51.79,0s 53.87:6 41485 42.62,5 40.5305, 40.39,, 40.48, 5 411050
+ COFFEQA 654405, 62.68)5 6191, 54.53,5 54.98,5 59915 39.75.5 40.0705s 42.01,5 37.77010 37.38100 39.40, g5
Hotpotoa K2 71015 711145 65.09:5 69.61,6 68.77:5 69.12,45 569005 57.6205 53.65105 57.20,5 58.01,65 56.68,7
PORA | COFFEQA 71.54,5 721454, 7125, 69.38,5 7326, 71.51,4 58.7407 59120 59.70,0 58.93,5 63.02,,, 59.90,
AVG KD 7098511 7043173 67.32136 67.321376 66.481256 68.511259 55.18957 55.1610.13 53941046 54.07 1119 54.341159 54.54 1058

+ COFFEQA 73.10,05; 72.83100: 72.03,,05 69.621505 69.95,5.01 71.50, 41 55.5605, 56.25,060 56.67 1045 56.341224 57.47,5.,4 56.46,,1
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