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Abstract

Large Language Models excel in generative
tasks but exhibit inefficiencies in structured
text selection, particularly in extractive ques-
tion answering. This challenge is magnified in
resource-constrained environments, where de-
ploying multiple specialized models for differ-
ent tasks is impractical. We propose a Learning-
to-Defer framework that allocates queries to
specialized experts, ensuring high-confidence
predictions while optimizing computational ef-
ficiency. Our approach integrates a principled
allocation strategy with theoretical guarantees
on optimal deferral that balances performance
and cost. Empirical evaluations on SQuADvVI,
SQuADvV2, and TriviaQA demonstrate that our
method enhances answer reliability while sig-
nificantly reducing computational overhead,
making it well-suited for scalable and efficient
EQA deployment.

1 Introduction

Large Language Models (LLMs) have revolution-
ized Natural Language Processing, achieving state-
of-the-art performance across a wide range of tasks,
including machine translation, summarization, and
question answering (Touvron et al., 2023; Jiang
et al., 2023; OpenAl et al., 2024). Their strong
generalization capabilities stem from extensive pre-
training on diverse corpora, allowing them to gen-
erate fluent and contextually relevant responses.
However, while LLMs perform well on open-ended
and generative tasks, they often struggle in struc-
tured scenarios that demand precise, extractive rea-
soning. A notable example is extractive question
answering (EQA), where models must retrieve ex-
act spans from a given context rather than generate
free-form responses (Chen et al., 2017; Alqifari,
2019; Lan et al., 2020). In this setting, LLMs fre-
quently exhibit hallucinations—producing plausi-
ble yet incorrect spans that deviate from the source
text (Sadat et al., 2023).

This challenge is further exacerbated in
resource-constrained environments, such as mo-
bile devices, IoT systems, and on-device assistants
(Merenda et al., 2020), where computational effi-
ciency is paramount. Deploying large LLMs in
such settings is impractical due to their substan-
tial memory and energy requirements. A natural
solution is to use smaller LLLMs, which offer a
more efficient alternative. However, while these
models perform well in general settings, they often
fail on high-precision tasks such as EQA, where ex-
act information retrieval is required. This trade-off
between efficiency and accuracy creates a funda-
mental bottleneck: increasing model size improves
task performance but is infeasible for small-device
deployment, while reducing model size preserves
efficiency but degrades reliability on critical tasks.
Addressing this limitation requires a selective ap-
proach—one that retains the efficiency of small
LLMs while ensuring robust performance on spe-
cialized tasks.

To this end, we propose a Learning-to-Defer
framework (Madras et al., 2018; Mozannar and
Sontag, 2021; Verma et al., 2022; Mao et al.,
2023a), which adaptively delegates queries to spe-
cialized offline models, optimizing both accuracy
and efficiency. Rather than relying solely on a
small LLM—which may produce unreliable an-
swers for complex queries—our method dynami-
cally defers difficult cases to more capable, task-
specific models. This strategy enables efficient,
on-device processing for the majority of queries
while leveraging specialized models only when nec-
essary. We establish theoretical guarantees on
the optimality of our learned allocation strategy,
ensuring that queries are directed to the agent with
the highest confidence. Empirically, we evaluate
our approach on multiple EQA benchmarks, includ-
ing SQuADv1 (Rajpurkar et al., 2016), SQuADv2
(Rajpurkar et al., 2018), and TriviaQA (Joshi et al.,
2017), demonstrating that our method significantly



improves reliability while maintaining low compu-
tational overhead.

2 Related Work

Model Cascades. Model cascades (Viola and
Jones, 2001; Jitkrittum et al., 2024; Saberian and
Vasconcelos, 2014) sequentially pass a given query
to the next model in the cascade based on a scor-
ing criterion and a predefined threshold. The de-
velopment of these criteria depends on the trade-
off between cost and performance. While exist-
ing approaches have explored applying cascades to
LLMs, they are not specifically designed for EQA
(Kolawole et al., 2024; Yue et al., 2023). Addi-
tionally, many existing methods employ criteria
that may not easily support cascades composed
of specialist EQA models and free-form LLMs,
which produces different output structures (Varsh-
ney and Baral, 2022). Moreover, increasing the
number of LLMs in the cascade inevitably leads
to higher inference latency, and the optimal model
is not always selected immediately. A refinement
of traditional cascades is Agreement-Based Cas-
cading (Narasimhan et al., 2024), which leverages
ensembles at each level of the cascade to determine
whether a query should be forwarded to the next
stage. This approach improves robustness but still
inherits the limitations of sequential inference.

Query Routing. Query routing (Ding et al.,
2024; Ong et al., 2024; Kag et al., 2023; Ding
et al., 2022) aims to balance cost and quality by
leveraging the strengths of a more expensive yet
stronger LLM alongside a cheaper but weaker one.
Typically, a lightweight routing model is trained to
assign queries directly to either the small or large
model based on predicted task difficulty and the
desired quality level. These routing strategies are
particularly useful for optimizing performance in
edge-based LLM deployments. However, most ex-
isting approaches are constrained to binary routing
decisions, where only two models are available for
handling a task.

Our Contribution. We introduce a novel setting
that integrates both the multi-model nature of cas-
cades and the direct allocation strategy of routers.
Our goal is to determine an optimal direct alloca-
tion of EQA queries across multiple models with
varying point-wise performance and cost trade-offs.
The distinctions between existing approaches and
our proposed method are illustrated in Figure 5.

To the best of our knowledge, our approach is
the first to address this specific problem setting. By
enabling more fine-grained cost optimization and
routing queries to multiple specialized models, po-
tentially including non-LLM models, our method
enhances adaptability and allows for more effective
handling of diverse tasks.

3 Preliminaries

Extractive QA Setting. We consider an extrac-
tive question-answering (EQA) system, which
takes as input a question ¢ and a corresponding
context ¢ and extracts an answer a directly from c.
Formally, the input is denoted as z = (q,¢) € X,
where each instance x has an associated ground
truth label y € ). The label consists of the start
and end token indices, expressed as y = (v, y°),
such that the extracted answer is always a contigu-
ous substring of c. Consequently, the label space
is defined as )V = )° x Y°. For brevity, we define
a data point as z = (x,y) € Z. When referencing
individual label components, we use z° = (x, y*)
and z° = (z,4°), corresponding to the start and
end token labels, respectively. Following previ-
ous studies (Devlin et al., 2018; Liu et al., 2019;
Lan et al., 2020), we assume that the start and end
token labels are conditionally independent given
xz € X. Furthermore, we assume that the data
points are independently and identically distributed
(i.i.d.) under an underlying distribution D over Z
(Mohri et al., 2012).

To model the answer extraction process, we de-
fine a backbone w € VV as a feature extractor that
maps an input z to a latent representation t = w(x),
such that w : X — 7. The extracted representa-
tion ¢ is then processed by a classifier h € H,
which consists of two components, h = (h%, h®),
each responsible for predicting the start and end
positions of the answer span. Specifically, for
i € {s,e}, each classifier head h® is a scoring
function h* : T x V' — R, producing predic-
tions according to h'(t) = argmax,cy: h'(t,y).
The full prediction model, denoted as g € G, is
defined as the composition of the feature extrac-
tor and classifier, i.e., g(z) = h o w(z), where
¢°(x) and ¢g°(z) are the start and end predictions,
respectively. The function space is then given by
G={g|g(x)=how(x), weW, h e H}.

Typically, EQA systems are trained using a true
multiclass 0-1 loss, which measures the number
of mispredictions made by the model across the



start and end token positions. Formally, this loss
function is defined as £y : G x Z — {0, 1,2}, and
takes the form:

los(g,2) = Y Lou(g’, ). (D

i€{s,e}

This loss penalizes the model by counting the num-
ber of incorrect start or end token predictions, pro-
viding a discontinuous but interpretable measure
of model performance.

Consistency in Classification: Let i € {s,e}.
The primary goal is to learn a classifier g° € G
that minimizes the true error &, (¢'), defined as
10, (%) = E.i[lo1(g", 2)]. The Bayes-optimal er-
ror is given by Elffl (G") = inf icgi Eg, (9"). How-
ever, directly minimizing &, (¢°) is challenging
due to the non-differentiability of the true multi-
class 0-1 loss £y1 (Zhang, 2002; Steinwart, 2007;
Awasthi et al., 2022).

To address this, the cross-entropy multiclass sur-
rogate family, denoted by ®Y; : G'x X x V' — RT,
provides a convex upper bound to £y;. This family
is parameterized by ¥ > 0 and includes widely
used surrogate losses such as MAE for v = 2
(Ghosh et al., 2017) and log-softmax (Mobhri et al.,
2012) for v = 1, defined as:

= (g, 2 r—1) v#1,
f = ()

log (¥ (g, 2")) v=1,

with \I/(gl, z, yz) — Ey’eyi egi(ﬂmyl)*gi (:Eyyi): The
corresponding surrogate error is Eoy, (9") =
E.:[®5,(¢", 2")], with its optimal value given by
5;,61 (gz) = infgiegi g@gl (gz).

A crucial property of a surrogate loss is Bayes-
consistency, ensuring that minimizing the surrogate
error also minimizes the true error (Zhang, 2002;
Steinwart, 2007; Bartlett et al., 2006; Tewari and
Bartlett, 2007). Formally, ®g; is Bayes-consistent
with respect to £o1 if, for any sequence {g} }xen C
G, the following holds for the true and surrogate
excess risk:

k—o0

Eay, (9h) — Eay (G)) £2255 0

k—o0

= 5501 (glzc) - nggl (gl) — 0.

3)

This assumption holds under G = ggn, but not nec-
essarily for restricted hypothesis classes like gﬁn
or Gy (Long and Servedio, 2013; Awasthi et al.,
2022). To mitigate this limitation, Awasthi et al.

(2022) proposed G*-consistency bounds, which de-
pend on a non-decreasing function I' : R* — R
and take the form:

Eay, (9") — Egy (G') + Uay, (G') >

A B A @
T (€ (9) = E8,(67) + Ui, (67)).

where the minimizability gap Uy, (G') quantifies
the difference between the best-in-class general-
ization error and the expected pointwise minimum
error

Uson (9) = €60, (6) B[ int Eyipellor(g", 2)]]-
gZ k2

Notably, this minimizability gap vanishes when

Gt = ggu (Steinwart, 2007; Awasthi et al., 2022).

In the asymptotic limit, inequality (4) ensures the

recovery of Bayes-consistency, aligning with (3).

4 Optimal Allocation for EQA systems

In this section, we formalize the problem of al-
locating queries x € X among multiple agents,
including the main model g and J expert mod-
els. Crucially, we demonstrate that our formula-
tion facilitates the learning of an optimal allocation
strategy, thereby ensuring asymptotic optimality in
performance.

4.1 Formulating the Allocation Problem

Setting: We consider a main model g € G and
J distinct experts, each available on demand. We
collectively refer to the main model g and the J
experts as agents. The agent space is defined as
A = {0}U[J], where the cardinality is |A| = J+1,
representing the total number of agents in the sys-
tem. We assume that all agents have been pre-
trained offline, and our focus is on the allocation
of queries among them (Mao et al., 2023a, 2024;
Montreuil et al., 2024, 2025). When an expert
M; is queried for an input z, it generates two out-
puts: a start span m$(x) € )* and an end span
mS(z) € Y°. These experts may be human anno-
tators, Al models, or other decision-making sys-
tems capable of predicting both spans. We aggre-
gate the predictions of all experts into the variable

m(z) = (mi(x),...,ms(z)) € M.

True Deferral Loss: To learn allocations among
multiple agents, we define a rejector » € R that
determines the agent to which a given query z € X
should be assigned. We decompose this rejector
into two components: the start rejector r® € R°



and the end rejector 7¢ € R®. Each rejector ri €
R fori € {s,e}isdefinedasr’: X x A — R
and assigns the query according to the rule r#(x) =
arg min;c 4 ri(x, j). To learn these rejectors r €
‘R, we introduce the true deferral loss, adapted
from (Mao et al., 2023a) for standard classification
tasks.

Definition 1 (True Deferral Loss). Given an input
x € X and a rejector v € R, the true deferral loss

is defined as

J
Laef = Z Z cj(g"(w), m5(w), 2 ) iz =5}

i€{s,e} j=0

where the cost function ¢; quantifies the penalty as-
sociated with agent misclassification. Specifically,
the cost incurred when relying on the main model
g is defined as cy(g'(z), 2%) = Ligi(z)yiy- Sim-
ilarly, the cost of consulting expert j is given by
ciso(mi(x), 2Y) = ajeo(m(x),2") + B;, where
a; > 0 and 3; > 0 accounts for the additional ex-
pense of querying expert j. Notably, setting cv; = 0
corresponds to evaluating the main model g against
an oracle (a perfectly correct expert) while still in-
curring an additional querying cost (Chow, 1970;
Cortes et al., 2016).

The rejector function 7' € R determines the
allocation of queries. If r*(z) = 0, the query is
assigned to the main model g, which produces the
prediction g(z). Otherwise, if r*(z) = j for j >
0, the query is deferred to expert j, yielding the
prediction m; ().

An important question remains: how is the
deferral decision made? The rejector /() must
balance predictive accuracy and the cost of expert
consultation. An effective deferral strategy should
minimize overall prediction errors while limiting
unnecessary expert queries.

4.2 Optimality of the Allocation

Ideally, the query = € X should be allocated to the
agent with the highest confidence in its prediction
(Madras et al., 2018), thereby improving the relia-
bility and trustworthiness of the system. To formal-
ize this decision-making process, we analyze the
optimal risk associated with our true deferral loss
and characterize the Bayes-rejector, which defines
the optimal rejection strategy in our framework.
Given the conditional probability distribution
D(:|X = x), we denote the main model’s confi-
dence as 7 (x) = D(¢'(x) # y*|X = z), and the

confidence of expert j as 17;(95) = a;D(mj(z) #

y'|X = z) 4 ;. We introduce the following
Lemma 1:

Lemma 1 (Bayes-Rejector). Given an inputx € X
and any distribution D, the optimal rejection rule
that minimizes the risk associated with the true
deferral loss is given by:

0, if inf ni(x) < minni(x),
fgiegi%( )_jemnj()

7%, otherwise,

Biw) =

with j* = argminc 77;(:):)

We provide a proof of this relationship in Appendix
C. Lemma 1 suggests that minimizing the true
deferral loss defined in Definition 1 leads to an
optimal decision rule that compares agents’ con-
fidence levels. If the main model exhibits higher
confidence than the most reliable expert, i.e., if
no(x) < minjey75(x), the query z € X is as-
signed to the main model g. Conversely, if there
exists an expert j with the lowest expected risk, the
query is deferred to this expert. This deferral mech-
anism ensures that queries are allocated to the most
confident agent in the system, thereby enhancing
the reliability and trustworthiness of the allocation
process.

Current issue: Learning the Bayes-rejector is
a well-established NP-hard problem (Zhang and
Agarwal, 2020; Steinwart, 2007; Bartlett et al.,
2006; Mohri et al., 2012), primarily due to the dis-
continuity of the true deferral loss. This challenge
is prevalent in machine learning, where optimizing
discontinuous loss functions is notoriously diffi-
cult (Cortes et al., 2016; Mao et al., 2023b). In
the following subsection, we present an approach
to accurately approximate this deferral rule while
preserving theoretical guarantees.

4.3 Accurate Approximation of the True
Deferral Loss

To effectively approximate the true deferral loss
while preserving the optimality of the decision rule
in Lemma 1, we leverage key concepts from consis-
tency theory, as defined in Preliminaries 3. A stan-
dard approach in statistical learning is to introduce
a surrogate loss that serves as a differentiable proxy
for a target loss—in this case, the true deferral loss.
Our goal is to construct a surrogate loss that is
both Bayes-consistent and (G, R)-consistent, en-
suring that minimizing this loss results in a learned
rejector ¢ that closely approximates the Bayes-
rejector defined in Lemma 1. This guarantees that,



as the surrogate loss is minimized, the learned
decision rule asymptotically approaches the op-
timal rejection strategy.

Formulating the Surrogate Deferral Loss. To
construct this surrogate loss, we introduce a new
hypothesis 7 € R', where 7 : X x A — R. The
first dimension is set to a zero-scoring function,
7(x,0) = 0, and is compared against the remain-
ing scores, defined as 7'(x,j) = —r(z,j) for
expert indices j € [J]. We leverage the cross-
entropy multiclass surrogate family, denoted by
Y, i R x X x A — R, for the true multiclass
loss. Adapting the approach introduced by Mao
et al. (2023a) to our setting, we define the surrogate
deferral loss as a proxy for the true deferral loss.
This formulation enables a structured comparison
between the rejection model and the expert alterna-
tives. We now introduce the following definition:

Definition 2 (Surrogate Deferral Loss). Given an
input x € X and any distribution D, the surrogate
loss for the true deferral loss is defined as:

J
=" S 7i(gi (@), mi(2), 2) @y (7, 2, ),
i€{s,e} j=0

where 7; =1 — cj for j € A

This surrogate formulation ensures that minimiz-
ing @ ; aligns with the objective of minimizing
the true deferral loss, while maintaining desirable
optimization properties such as differentiability
and convexity under suitable conditions. A key
advantage of this surrogate loss is that it enables
gradient-based optimization, making it compatible
with standard deep learning frameworks (Bartlett
et al., 2006).

To further analyze the properties of ®f,
we study its Bayes consistency and its (G, R)-
consistency, ensuring that a minimizer of the surro-
gate loss recovers a rejector 7* that closely approx-
imates the Bayes-optimal rejector. In the following
subsection, we derive theoretical guarantees for
the surrogate loss and discuss its implications for
model training.

4.4 Theoretical Guarantees of the Surrogate
Deferral Loss

Proving Consistency Properties: In the previ-
ous subsection, we introduced the surrogate de-
ferral loss as a proxy for approximating the true
deferral loss. Our goal is to establish that minimiz-
ing the surrogate excess risk Egv (1) — Egé,ef(R) +

Ugpy (R) leads to minimizing the true excess risk
Evyi(1,9) — é'fcf(R, G)+Uy,,(R,G). Establishing
this relationship implies that the learned rejector r*
will closely approximate the Bayes-optimal rejec-
tor 2, thereby ensuring an optimal allocation of
queries, as stated in Lemma 1.

Theorem 1 ((R, G)—consistency). Given an input
x € X and any distribution D. Suppose there exists
a non-decreasing, concave function TV : Rt —
R for v > 0, such that the R-consistency bounds
hold for any distribution D:

Eay (1) — Egy (R) + Uay, (R) =
T (Egy, (1) — £ (R) + Uy, (R)),

then for any (g,7) € G X R, any distribution D
and any x € X,

E0,(9:7) — EL (G, R) + Uy, (G, R) <
A2 (&pggf(r) — Eay (R) + uq);;gf(n))
+ 2 (Eale) — E5(G) + U (@),

i€{s,e}

with the expected cost vector
1

T = {Eyﬂx[’r;]}jeA and fu(u) =
(Zie{s,e} ||?7'||1)Iw (42%{;:} ||?z||1)

The proof of Theorem 1, along with additional
bounds for v > 0, is provided in Appendix D. It
is reasonable to assume that at the end of training,
the surrogate deferral excess risk has been mini-
mized, leading to the bound Egx (1) — g&k)é’ef(R) +
Ugpy (R) < €. Since the model g has been trained
offline, it is mild to assume that the cy-excess risk
satisfies Zie{&e} <5€0 (92)_££(gz)+uco (gz)> <
€1. This result implies that the left-hand side is
bounded above, yielding the inequality

gedef(g7 T) - ggef(g7 R) + uédef(g7 R) S €1

* ( > H?iHl)fV(GO). (5)

ie{s,e}

By leveraging properties of T, we have established
that minimizing the surrogate deferral loss effec-
tively leads to minimizing the true deferral loss.
Using standard arguments from statistical learn-
ing theory (Steinwart, 2007; Mao et al., 2023b;
Awasthi et al., 2022), Theorem 1 further implies
Bayes-consistency when considering the hypothe-
sis spaces R = Ry and G = Gy
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Figure 1: Inference Step of Our Approach: The input data is processed through the rejector framework, which
predicts both start and end spans. Based on the optimal rule defined in Equation 2, the query is assigned to an agent

that subsequently predicts the answer.

Implications: Our theoretical guarantees estab-
lish that the learned rejector r* follows the same
optimal deferral rule as defined in Lemma 1.
Specifically, the learned rule is given by r(z) =
arg mine 4 7 (x, j). This deferral rule indepen-
dently allocates the start and end extraction de-
cisions. However, in scenarios where the query
x € X must be deferred to a single agent, an opti-
mal unified deferral rule L* (z) is applied:

Lemma 2 (Optimal Deferral Rule for Single Al-
location). Let x € X and any distribution D. As-
signing the query to a single agent leads to the
following optimal decision rule:

L* (z) = argmin Z iz, ).
jeEA .
i€{s,e}

At the optimum, r** follows the deferral rule pre-
scribed in Lemma 1. Consequently, the following
equivalence holds:

0, if Zné(m) < min Zn;(x),
ie{s,e} iel] ie{s,e}
J, otherwise.

1% (z) =

This formulation ensures that allocation is directed
to the most confident agent across both the start
and end spans, thereby preserving optimality in the
allocation process.

5 Evaluation

In this section, we evaluate our approach on
three widely used question-answering benchmarks:
SQuADv1 (Rajpurkar et al., 2016), SQuADv2 (Ra-
jpurkar et al., 2018), and TriviaQA (Joshi et al.,
2017). Our experiments demonstrate that while

LLMs generally perform well on broad question-
answering tasks, they struggle with EQA. There-
fore, incorporating a system where experts are
available on demand significantly improves the
overall performance of the system. Settings of
our experiment can be found in E.2. We ensure
the reproducibility of our results by making our im-
plementation publicly available. We provide algo-
rithms for both training and inference in Appendix
1 and 2.

Agents: In the context of small devices, we select
Llama-3.2-1B as our primary model (Touvron et al.,
2023), as it offers strong performance across vari-
ous tasks while remaining computationally feasible
for low-resource settings. To showcase the ease
of integrating our approach into existing LLMs,
we use the publicly available Llama-3.2-1B base
weights without additional training. We use two ex-
pert models with distinct computational capacities:
M, ALBERT-Base and My, is the more compu-
tationally demanding ALBERT-XXL (Lan et al.,
2020). Although the specialist models from the AL-
BERT family offer lower computational cost and
superior performance on EQA tasks, they lack the
generality of Llama-3.2-1B, making them unsuit-
able to be the on-device/main model g that should
have task-agnostic performance.

Cost: We model our agents’ costs for i €
{s,e} as co(gz‘(x),yl) = Lygi(a)y'}> leading to
ciso(mi (@), y) = colmi(x),y') + ;. with §; >
0. Frequent expert queries can significantly in-
crease latency and resource consumption, making
the model less suitable for real-time or resource-
constrained environments. The consultation cost
B penalizes experts to prevent excessive query-
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Figure 2: Comparison between the Exact Match metric and the Expert Allocation: (a) TriviaQA, (b) SQuADv1, (c)

SQuADv2.

ing, reflecting the fact that querying across a set of
offline experts should be done while considering
the cost-performance tradeoff. Across the experts,
we choose the ratio R = %ﬂl\?ﬂ and let
B2 = Rp;. This represents how the cost should
scale with the relative computational complexity of

the expert models.

Rejector: To efficiently allocate queries among
the system’s agents, we employ a highly
lightweight architecture specifically designed for
small-device deployment (Fig. 6). We utilize Tiny-
BERT architecture (Devlin et al., 2018) to train
our rejector. This contains only 4.39M parame-
ters —just 0.35% of the main Llama-3.2-1B model,
making it suitable for low-compute deployment.

Benchmark: We chose to benchmark our per-
formance using vote-based ensembles (Breiman,
1996; Trad and Chehab, 2024). This closely mirrors
our setting by providing supports multiple different
models while providing direct allocation. How-
ever, ensembles do so by querying all models in
parallel. We are interested in observing the dif-
ference in efficiency between our direct allocation
and such a approach. We also benchmark against
a larger model from the Llama-3 family, Llama-
3-8B (Grattafiori et al., 2024), highlighting that
our method, which utilizes the more compact 1B
variant, not only matches but often outperforms
the larger model. This is particularly significant in
emphasizing that our smaller 1B model overcomes
the challenges of deploying a higher performing
8B model on edge devices whilst facing no perfor-
mance loss. When prompting both Llama-3.2-1B
and Llama-3-8B, we employ few-shot demonstra-
tions (Brown et al., 2020), with the specific demon-
strations detailed in E.1.

Metrics: We measure performance on EQA us-
ing Exact Match (EM). We emphasis specialist
models, although stronger in performance, are not
suitable candidates for g. GLOPS/EM ratio is an-
other metric which measures the computational
cost we are paying for a performance gain. This
is important in displaying the efficiency of our al-
location strategy. We track allocation ratios, this
represents the percentage of queries allocated to
the experts, displaying how r is effectively taking
cost into consideration when developing allocation
decisions Lastly, we also take True Positive/False
Positive Rate (TPR/FPR) into consideration. A TP
outcome occurs when the model is incorrect and
we successfully defer to an accurate expert. An FP
outcome occurs when the query is allocated to an
incorrect expert while the model is correct.

Results: Expert allocation refers to the percent-
age deferrals to experts, be it M or M. Each
expert allocation corresponds to a 51 cost selection,
the relationship between the two is displayed in
4. Additionally, we report detailed experimental
results within E.2.

Performance: From Figure 2, we observe that
our approach is able to outperform or match the
Llama 3 family models across all datasets with ap-
propriate expert allocation. This emphasizes the
importance of having a system that allows for ex-
pert involvement. It also shows that our approach
can improves performance of smaller edge-based
LLM on EQA tasks whilst allowing for perfor-
mance comparable to a otherwise larger LLM.

Efficiency: From Figure 3, we observe that with
the exception of ALBERT-Base, our approach
maintains the best computational efficiency across
all datasets. We observe from 4 that our approach
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Figure 3: Combined Efficiency Comparison across benchmarks: (a) TriviaQA, (b) SQuADv1, (c) SQuADv2.
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Figure 4: Combined Allocation Percentage across benchmarks: (a) TriviaQA, (b) SQuADvI, (c) SQuADV2.

is able to defer to the cheaper ALBERT-Base by
increasing 51. We note that when [ is set to ex-
tremes of 0.5 and 0, we are able to create scenar-
ios to discourage allocations to g and My respec-
tively. While not significant from a performance
standpoint, this observation proves that our rejector
framework is able to successfully learn the cost dis-
tribution and factor this in when allocating queries,
resulting in a more efficient system. Although we
use GFLOPs to develop our ratio and evaluate the
approach, it would be interesting for users of our
approach to experiment with supplementing or de-
veloping /3 cost distributions based on network la-
tency & cloud-related cost. Metrics which could
better mirror real world deployment requirements.

6 Conclusion

In this work, we introduced a novel Learning-to-
Defer framework for extractive question answering
that dynamically allocates queries to the most suit-
able agent, optimizing both accuracy and computa-
tional efficiency. By leveraging theoretical guaran-
tees, our method effectively balances performance
and cost, making it well-suited for deployment
in resource-constrained environments. Empirical

evaluations on standard EQA benchmarks, includ-
ing SQuADv1, SQuADv2, and TriviaQA, demon-
strated that our approach enhances reliability while
reducing computational overhead, outperforming
larger LLMs and ensemble methods in both effec-
tiveness and efficiency.

Limitations

Despite the demonstrated effectiveness of our
Learning-to-Defer framework for optimal query
allocation in EQA, several limitations remain.

Task Generalization and Theoretical Guaran-
tees: Our framework is specifically designed for
extractive question answering, where answers cor-
respond to contiguous spans in a given context. The
structured nature of EQA enables well-defined loss
functions and confidence-based allocation criteria,
allowing us to establish theoretical guarantees on
optimal query allocation. However, these guaran-
tees do not directly extend to more complex NLP
tasks such as generative QA, multi-hop reasoning,
or open-domain retrieval, where outputs are not
constrained to predefined spans. The lack of struc-
tured outputs in these tasks introduces additional



challenges in defining optimal deferral strategies
and ensuring theoretical consistency. Future work
should explore whether similar optimality guaran-
tees can be formulated for these broader settings,
potentially requiring new loss functions and defer-
ral mechanisms.

Deferral Cost Estimation: The deferral mech-
anism relies on predefined cost parameters 3; to
regulate expert consultation. However, there is
currently no explicit and effective method to dy-
namically track how query allocation varies across
agents in response to changes in these cost parame-
ters.
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A Current Approaches
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Figure 5: From left to right: Model Cascades, Query Routing, Learning-To-Defer (Ours), we support the multi-
model nature of Model Cascades while allowing for direct inferences in Query Routing approaches.

B Approach Details

B.1 Training Algorithm

Algorithm 1 Training

Input: Dataset {(z, y5,y$)} 5 |, multi-task model g € G, experts m € M, rejectors r = (r°,7°),
number of epochs EPOCH, batch size BATCH, learning rate A, surrogate parameter v.
Initialization: Initialize rejectors parameters § = (6%, 6°).
for i = 1 to EPOCH do
Shuffle dataset {(zx, y5, y5) He ;.
for each mini-batch B C {(z, 3}, yS) H | of size BATCH do
Extract input-output pairs z = (z, y%, y°) € B.
Query model g(x) and experts m(x). { Agents have been trained offline and fixed}
Evaluate costs ¢o(g(x), ) and ¢;j~o(m(z), 2). {Compute costs}
Compute the regularized empirical risk minimization:
04 (110) = gavcm 2ozen | Pher(r, 9,m, 2) |-
Update parameters 6:
0 < 0 — AV&qp,(1;0). {Gradient update }
end for
end for
Return: trained rejector model 7.

B.2 Inference Algorithm

Algorithm 2 Inference

Query: Input x € X for z = (g, ¢) with a question ¢ and a context c.

Evaluation: Rejectors r*(z) = (r%*(z), r%*(z))

Allocation: Allocate the query using the optimal rule 1* (z) = arg min;¢ 4 ZZ-G{S@} i (z, §).
Output: Prediction from the main model g(z) if (L* (z) = 0) or m  «(,) () otherwise.

C Proof Lemma 1

Lemma 1 (Bayes-Rejector). Given an input x € X and any distribution D, the optimal rejection rule
that minimizes the risk associated with the true deferral loss is given by:

, 0, if inf n(z) < minni(x),
1B () — fgiegﬂo( ) jemm( )

. .
7%, otherwise,

with j* = arg min;c 17§ (z).
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Figure 6: Rejector Architecture: The input data is processed through a TinyBERT embedding (Devlin et al., 2018),
which serves as a feature extractor. The extracted CLS token is then used by the classification head to predict the
allocation.

. Available Agents
Rejector Framework

Question !
and Context

Predicted Answer]

End

Figure 7: Inference Step of Our Approach: The input data is processed through the rejector framework, which
predicts both start and end spans. Based on the optimal rule defined in Equation 2, the query is assigned to an agent
that subsequently predicts the answer.

Proof. Leveraging the true deferral loss for a single i € {s, e}, we can formalize the conditional risk
associated with the true deferral loss:

ngef(gi,ri,mi,zi) = Eyijp cj(gi(a:),mé-(x),Zi)l{,,i(w):j}]

J
= D(hz(l‘) 7& yZ‘X = x)Hri(I):O + Z]Eyﬂx[cj(m;(x)a ZZ)]HTi(LU):j

j:l
— 1 —
- ( ()#ZMX—»”U rla: O+Z<a] #y’X x)+ﬁj>rx)]
Now, let’s study this quantity at its optimum.
f C iyia i7i: f <E1|:Z ) i' 7i1i _:|>
TiGRl'I}giegi Edef(g r,m,z ) rieég icgi Y|z C](T (x> m; (I‘) z ) {g%(z)=5}
= min { inf D(gi(x) £ | X = 2), min a;D(m} (x) £ y'|X =) + §; }
gL eg? JEJ]

It is then easy to observe, that the Bayes-rejector follows this form:

, 0, if inf < min ni(z),
rPi(z) = g'eg’ () R
argmin;e g 77]( x), otherwise.
with i o(2) = D(mi () # 4| X = ) + ; and njy(x) = D(g(x) £ 9| X = ). =

D Proof Theorem 1

Theorem 1 ((R, G)—consistency). Given an input x € X and any distribution D. Suppose there exists a
non-decreasing, concave function IV : RT — R™ for v > 0, such that the R-consistency bounds hold for
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any distribution D:
Epy (1) — Egy (R) + Uay, (R) =

r (5401 (7”) - 531(3)1 (R) + Z/{Zm (R))’
then for any (g,r) € G x R, any distribution D and any x € X,

E,(9:7) — €L (G, R) + Uy, (G, R) <
I (&DV (r) — iy (R) + Uay, (R)>
O (el ) s (@),

i€{s,e}
) » : — ,
with the expected cost vector T8 = {E i, [1}]}jea and I (u) = (ZZ—E{W} H?‘Hl)f‘” (ﬁﬂl?ﬂh)

Proof. Proving Theorem 1 requires the following lemma 3, introducing the consistency property for a
general distribution.

Lemma 3 (Ri-consistency bound). Given an input x € X and any distribution D. Suppose there exists a
non-decreasing, concave function 'V : Rt — R™ for v > 0, such that the R'-consistency bounds hold
for any distribution D:

Eag, (1) — Ey, (RY) + Ung, (RY) = T (Egoy (r') — £, (RY) + Usy (R)),

or in a similar way for p* € A
ijl{rl )#i} Snfyzpﬂ{w y#p ST (ijcbm ', ) - }nfyng o (e J))
jEA me jeA €
Let denote a cost for j € A= {0,...,J}:
i _ ) Infgieg Byileo(y’(2),27)] ifj =0
Eyijzlc; (m; (), 2%)] otherwise
Let’s recall a previous established results proven in C.
Ci (gt m?, =) = min { inf D(gi(x) # | X = ), min a;D(m} (x) £ 4| X =) + §; }
oo g'eg’ g€lJ]
PR 33
= 1minc.;
jeA

Therefore, we can introduce the calibration gap AC@def = Cédef — Czd’if:

i _ pi P
Acfdef - Cfdef o I]Iéljl ¢ ©
=C, —min¢ + (min6§ — miné?’*>
e jeA jEA jEA
We now define the first term A = Cj — minje 4 @, and the second term B = minje 4 ¢} — minje 4 6; *,
such that AC@def = A + B. Itis important to notice that:

ming; = 53%2 L=y = inf D Tilr) 7
jeA
It follows by definition of the conditional risk:

A=) Tl #y}—igﬁzzﬂ{r )i} (8)
jeA JeEA
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We normalize the cost vector 7* using the /;-norm:

p= T eAM ©)
Ealit

where ||[7%||; denotes the ¢;-norm, ensuring that p’ lies within the probability simplex AM =
{pi ERMI | pi > 0,5, pl = 1}. Then,

A= 17 ( e — B3 Blre)

jeEA
< H’rlulf’/(ZpJ‘I)Ol T,z j) —Tireu;zZp]CI)Ol T, ])) (using Lemma 3)
A
" (10)
= |7 F”( [ 7'<I> 7, x,j) — inf 7‘<I> 7 D
1711 k= Z 01( ,J) rleRZ 01 ( ,J)
: AC
- uﬂhry(—izf“ ))
[ad B
Now, we have the following relationship:
B = ggllcj—grgfr‘lcj "< Eyijgleo(g'(2), )] — yelngy ilzlco(g’ (), 2")] (11)

Injecting B, it follows:

A (g < [P (B4 T)) LB ao(gi (@), 2] - inf Eylenls’@).2)]  (12)
[l lBt g'eg’

Applying the summation:

A (rg) < S [T (B L g g (@), ) — int Byalenle@). 2] 13)

i
i€{s,e} HT Hl 9'€g’

Using the fact that the function I' is concave and that the start and end are conditionally independent
given z:

Ay (rg) < (D I7*1h) (ZAC“>+ > [W[ gi(@),2")] - inf,Eyiu[cO(gi(x),zi)H

i€{s,e} i€{s,e} HT Hl ic{s.e} gicg

(14)
Then, applying the expectation E, ] to recover the excess risk E;[AC,] := & — EP + Uy, we show the
desired results:

V

E14a(9:7) = EL(G,R) + Us (G R) — &y <R>+u@»<n>)

< (e,
Z ( 8@ +te(@)).,
i€{s,e

with TV (u) = ( 3,c se 1721 )T ( =—%=— ) and from Mao et al. (2023b), it follows for v > 0
{ } Zle{b e} ” ”

the inverse transformation I'V (u) = T 1 (u):
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g1-v (107 17 )
— |1 - 5 veo,1)
2 Jog[1 + u] + 15% log[1 — u] v=1
T (u) =
L T 1w\
(V—1§HV71 < 2 > - ]. v E (1, 2)
WU vV & [2,+OO)

E Experiments

E.1 Few-Shot Demonstrations

We present the few-shot demonstrations used to prompt the Llama-3 family of models. Datasets such as
SQuADv?2 contain questions where no answer is found within the provided context. In these cases, we
aim for the model to return no output, which we represent using the symbol *?’.

1. Demonstration 1:

Context:"The Eiffel Tower is located in Paris, France."
Question: "Where is the Eiffel Tower?"
Output: "Paris, France"

2. Demonstration 2:

Context: "Albert Einstein developed the theory of relativity in the early 20th century."
Question: "What did Albert Einstein develop?" Output: "the theory of relativity"

3. Demonstration 3:

Context: "Marie Curie won the Nobel Prize in Physics in 1903 and in Chemistry in 1911."
Question: "What year was Marie Curie born?"
Output: "?"

4. Demonstration 4:

Context: "The Great Wall of China was built to protect against invasions. It stretches over
13,000 miles."

Question: "Who built the Great Wall of China?"

Output: "?7"

E.2 Agent Training and Performance Details

We train our models using a single NVIDIA H-100 GPU. Additionally, we take the results across 4
independent experimental runs. We train both ALBERT-Base and ALBERT-XXL offline, we will publicly
release the weights for these agents. We do not train Llama-3.2-1B or Llama-3-8B from scratch. Instead,
we utilize the publicly available weights from meta-llama on HuggingFace out of the box. For each
dataset, we use the following hyperparameters on an NVIDIA H100 GPU:

Experts Batch Size Epochs Learning Rate  Warm-up Scheduler Max Length Stride
ALBERT-Base 32 2 Se-5 0.1 linear 384 128
ALBERT-XXL 32 2 Se-5 0.1 linear 384 128

Table 1: Hyperparameters for SQuADv1, SQuADvV2, and TriviaQA.

We report the following performance metrics for our agents on the test set being a subsample of the
validation set (3000 inputs):
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Agents SQUADvI  SQUADv2  TriviaQA
ALBERT-Base 84.20/90.63 77.10/79.54 86.63/90.86
ALBERT-XXL 89.37/94.91 84.07/86.57 91.63/94.21
Llama-3.2-1B  49.93/60.12 35.00/38.79 41.30/48.02
Llama-3-8B  67.80/80.22 59.47/66.47 48.47/56.66
Ensemble  84.60/90.80 81.06/84.19 88.84/91.78

Table 2: Exact Match (EM) and F1 scores for each dataset.

Llama-3.2-1B  ALBERT-Base ALBERT-XXL Llama-3-8B Rejector Ensemble

Parameters (M) 1240 11.10

206

8030

4.39

GFLOPs 373.66 32.68

928.08

2,680.06 0.15

Table 3: Computational efficiency of different models. We compare the number of parameters (in millions) and
computational cost (in GFLOPs) for processing a sequence of length L = 384. The Rejector model is significantly
more lightweight, with only 4.39M parameters and 0.15 GFLOPs, making it well-suited for deployment in resource-

constrained environments.
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