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Abstract

In this paper, we address the problem of
iteratively choosing to defer from a small
Language Model (LM) to a larger one in
order to balance accuracy and cost in a
closed question-and-answer setting. Our
deferral strategy is defined as follows: we
identify the important sentences in the con-
text, per the models, measure the differ-
ences in the ranking of their importance
with the normalized Kendall Tau Distance
and threshold that value to create a binary
decision. We find that we can tune the
desired cost or accuracy using this thresh-
old value. Although it is outperformed on
a dataset by a simple uncertainty average
threshold, our method provides a more in-
terpretable mechanism. Indeed, the attri-
butions are found using the attributions of
the generating LLM, which can be easily
checked by a human. We find that our
method offers a good interpolation of base
model accuracies, especially in low cost
regimes.

1 Introduction

While Large Language Models (LLMs) are
rapidly improving their ability to answer ques-
tions about long contexts, their cost often re-
stricts the use-cases in which they can be de-
ployed. Moreover, users can ask questions
that do not require state-of-the-art performance,
thereby diluting the benefits of servicing large
models. Adding smaller models can be advanta-
geous if they can be allocated to the right ques-
tions.

Instead of training a router model, we can let
the models decide themselves by adding a de-
ferral option. This idea dates back to Chow’s
optimal reject rule (Chow, 1970). Since then,
a large literature on selective classification and

the reject option has continued to develop (Hen-
drickx et al., 2024). Some of these works
formalize the trade-off between coverage and
risk, and propose loss surrogates and calibra-
tion methods for rejection decisions (Herbei
and Wegkamp, 2006; Geifman and El-Yaniv,
2017).

We avoid “learning to defer” (Madras et al.,
2018) a predictor-plus-rejector (Mozannar and
Sontag, 2020) because it is expensive when
models change fast.

One can chain the deferral choices to con-
struct cascades and early-exit networks such as
BranchyNet (Teerapittayanon et al., 2016) or
FastBERT (Liu et al., 2020). With these ar-
chitectures, we can reduce the average infer-
ence cost by terminating computation early for
easy examples. A common deferral rule is
confidence-based gating (e.g., max-softmax or
entropy); this can fail when downstream models
are specialists or under label noise and distribu-
tion shift (Jitkrittum et al., 2023). Recent work
has focused on improving uncertainty estimates
specifically for cascades. In particular, Gate-
keeper (Rabanser et al., 2025) fine-tunes small
models so that they produce high confidence
when correct and low confidence when incor-
rect. Other lines of work study post-training cal-
ibration and selective classification strategies to
make rejection decisions more reliable (Fisch
et al., 2022).

These direct measurements (e.g., entropy)
and estimations (i.e., dedicated head or router)
of uncertainty paint a narrow picture of the
many ways in which an LLM can be mistaken.
We argue that, in order to reach a better accu-
racy/cost trade-off, we must take into account
hallucinations that can be made in full confi-
dence. To identify these problematic cases, we
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can rely on the sentences in the context used to
answer rather than on the answer itself. These
contributive attributions can be extracted di-
rectly from the attention matrix, or with costlier
and more accurate methods such as TracLLM
(Wang et al., 2025), ContextCite (Cohen-Wang
et al., 2025) and TreeFinder (Pirenne et al.,
2025). We hypothesize that the agreement be-
tween attributions of different models gives a
metric correlated to the accuracy of both an-
swers. Using this value in a cascade, we can
infer when to defer; as long as the agreement is
low, we replace the smaller model by a larger
one and find new attributions.

In this work, we avoid any training to be
able to swap models in and out without fric-
tion. This, we believe, is especially important
in a field where models develop quickly. We
leverage the inherent capabilities of Large Lan-
guage Models (LLMs) to indicate their center
of attention by providing attributions. Compar-
ing those can estimate the uncertainty and sig-
nal for hallucinations in a deeper way than the
probabilities of tokens only. Finally, rather than
rooting the decision in a single model, we com-
pare two adjacent models in the cascade. This
is more expensive than most methods when the
cascade is small, but tends to the same complex-
ity when the number of parameters increases
quickly between adjacent models.

2 Methodology

We consider the problem of having a dataset of
contexts C, questions Q and answers .4, and an
ordered list of models of increasing size M. We
want, for a given average cost, to have the best
average accuracy. Or, conversely, have the best
average cost for a given average accuracy.

A particular context C' € C is composed of
an ordered list of sentences. Each can be as-
signed a value corresponding to the impact on
the probability of the answer, leading to a rank-
ing. The Kendall Tau distance 7 measures the
difference in rankings by counting the number
of swaps needed for the first ranking to become
the second. It is normalized between -1 and 1,
which indicates perfect matching and complete
mismatch, respectively.

Our algorithm consists in comparing the

rankings for all sentences in the context of two
adjacent models in the cascade, using 7 as a
threshold. If the threshold is met or surpassed,
we give the answer of the larger model of the
two. If it is not met, we replace the ranking
of the smaller model with the one of the next
model in the list and repeat the process. We
directly return the answer of the largest model
if reached. A visual representation of our algo-
rithm can be seen in Figure 2

2.1 Attributions

A key element of our algorithm is to have
efficient and accurate rankings. We identi-
fied three recent candidate methods to produce
them: TreeFinder (Pirenne et al., 2025), Tr-
acLLM (Wang et al., 2025) and ContextCite
(Cohen-Wang et al., 2025). All methods are
based on perturbation to remove the least con-
tributing sentences.

ContextCite learns a linear model to assign
scores using a set of ablated contexts for a given
question and the probability of the answer. The
scores are directly used to select attributions.
We set in the experiments the number of abla-
tions to 32. TreeFinder divides the context into
parts of similar lengths. Each part is succes-
sively dropped out of the context and the impact
on the probability of the answer in terms of ne-
cessity and sufficiency is recorded. The most
impactful parts are divided themselves. This is
repeated until the most impactful parts cannot
be subdivided again. We set the initial number
of chunks to 5 and keep advancing the top 3. Tr-
acLLM operates similarly to TreeFinder but re-
moves unimportant sentences completely from
the context, and computes more marginal prob-
abilities than simply dropping one part at a time.
Only TreeFinder and ContextCite can provide a
ranking for all sentences, so we will be using
these two methods in our experiments.

2.2 Models

To have easily comparable models, we choose
to consider entire release suites as cascades.
In particular, we use the Qwen3 model suite
(Team, 2025) with sizes of 0.68B, 1.7B, 4B,
8B and 14B parameters. We load them in 4-
bit precision using quantization (Dettmers et al.,
2023). The lengths of the answers are set to a
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Figure 1: Average accuracy (in blue) and cost of the cascade (in green) at varying Kendall Tau () for the Qwen3 model
suite. Standard deviations over 12 runs are reported in lighter colors. The accuracy of models on their own appear as
horizontal lines. High correlation between accuracy and cost is visible and confirmed by the Pearson correlation between

the accuracy and the cost r in the legend.
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Figure 2: Visual representation of our cascade algorithm

maximum of 200 with a repetition penalty of 1,
a low temperature of 0.5, top-p to 0.8 and top-k
to 20.

2.3 Datasets

Our method is intended to work in a closed-QA
setting. This means thatif Q € Q is answerable
by A € A, then C = A. Otherwise, the an-
swer should reflect its absence. We therefore
find datasets where C' is long enough to have
meaningful differences in ranking (|C| > 10)
while fitting inside our VRAM (C' < [80]). This
parameter of the minimal number of sentences
has not been explored further, but we think in-
creasing it would lead to more consistent re-
sults. We load up to 1000 samples of Squad
(Rajpurkar et al., 2016), HotpotQA (Yang et al.,
2018), and MuSiQue (Trivedi et al., 2022) cor-
responding to our previous criteria.

2.4 Baselines

As a first baseline, we set the semantic simi-
larity as a distance, as suggested Soiffer et al.
(2025). For this, we compute the BLEURT score
(Sellam et al., 2020) between two answers from

adjacent models. BLEURT and our method start
can only start from the second model because
the first is used as a reference. We note that
comparing a first answer from the model to a
second one from the same model leads to de-
graded performances and is left in Section A to
maintain better plot clarity.

We also use their baselines, which set a
threshold for the aggregation of the output to-
ken probabilities of the current model. The ag-
gregation methods are the minimum (min), av-
erage (avg), and ¢** quantile (quantile). We set
q = 0.95 in our experiments, although the ideal
value in Soiffer et al. (2025) varied from O to 1.
These three baselines do not compare models
by pair and thus can choose to not defer on the
first model.

3 Results

In our experiments, we will first show that the
computed distance is strongly correlated to the
average difference in accuracy between the two
models by varying the threshold and reporting
the average accuracy. Afterwards, we will re-
port the curve of the average accuracy against
the average cost for a range of thresholds for our
method and various other baselines and verify
our objective.

One of our hypotheses is that similarity be-
tween rankings can only be achieved on aver-
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Figure 3: Accuracy against cumulative cost of the cascade for all tested models and datasets for SQuAD (left), HotpotQA
(middle) and MuSiQue (right). Standard deviations of 12 runs are reported in lighter colors. The mean difference
Abetween the interpolated model performances and accuracies of each method is also reported for reference (higher is

better).

age if both adjacent models converge, and sim-
ilar attributions lead to similar answers. Set-
ting a higher 7 increases the minimum similar-
ity that two rankings must have, thus pushing
for a higher accuracy at a higher cost.

To verify this, we plot the average accu-
racy and cost over the datasets in Figure 1,
along with the standard deviation over 12 runs,
against 7. The cost corresponds to the cumula-
tive number of parameters in billions. We see
that increasing 7 directly increases both the ac-
curacy and cost of the cascade of Qwen3 mod-
els. The reported Pearson correlation between
accuracy and cost in the legend shows that there
is indeed a strong correlation.

In Figures 1a, 1b, 1d and 1e, specifically, we
see Qwen3-8B underperforming adjacent mod-
els in the cascade. This may be due to the rela-
tively small subset (| Q| = 1000) or to a real dis-
crepancy of this specific model on these closed
question-answer tasks. Surprisingly, the corre-
sponding dip only appears in the Squad dataset.
This can be due to the cascade being less effec-
tive on HotpotQA, which leads to the accuracy
being too far behind the individual models to be
affected.

For all methods, we computed the accuracy
against the cumulative cost of the cascade and
reported them in Figure 3. We also report
the difference between the accuracy of each
method and the models average accuracies (in-
terpolated). We can see that the best interpo-
lation of the performance of the suite is given
by our method, except for the MuSiQue dataset
where the uncertainty average is better in the
higher cost regimes. BLEURT performs poorly,
contrary to the literature (Soiffer et al., 2025).

We note that we are still far from the optimal
cascade. An oracle only returning at the first
correct model would achieve an accuracy of
0.86£0.01 on Squad for a cost of 6.01+0.28 bil-
lion parameters. The same computation gives
0.85+0.01 accuracy for a cost of 7.54+0.12 bil-
lion parameters on HotpotQA and 0.70+0.01
accuracy on MuSiQue for a cost of 14.14+0.15
billion parameters. To achieve these ideal per-
formances, we believe the first step is to verify
the answer given at each step, and this can be
done efficiently using the reduced context found
by the attributions.

Another finding is that the constructed cas-
cades scarcely outperform a single model cho-
sen at the right size. For example, Qwen3-4B’s
cost/performance tradeoff is unreachable in all
cases. In general, there does not seem to be a
point above Qwen3-2B where the cascade acts
as a Pareto frontier of the tradeoff.

4 Conclusion

In this paper, we have used attribution find-
ing methods to choose to defer in a cascade
of LLMs setting. Our first result was that the
matching of rankings of these attributions al-
lows us to choose with a single parameter the
average accuracy (or cost) of the cascade.

We have followed by comparing the method
on three datasets with traditional uncertainty es-
timation for deferral. We have found that we
could interpolate the accuracy/cost curve of the
suite of models often as accurately as traditional
deferral methods, if not better in two cases. We
hypothesize that the interpolation could be en-
hanced by the choice of better models.

Future works can leverage the added explain-
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ability to offer additional details for the defer-
ral to the user, or integrate them in a more
complex system that would give better accu-
racy/cost tradeoffs. These works could ap-
proach the ideal point in the curve given by a
perfect oracle by reusing the computed attribu-
tions and efficiently verifying the answer. Cru-
cially, future work should aim to use only a frac-
tion of the bigger models for the threshold eval-
uation in order to lift the tradeoff curve and com-
pete with base models. All code is available
here.

Limitations

The experiments were carried out on relatively
few samples and independent runs, which re-
sulted in quite large standard deviations. The
results might differ in other datasets or simply
in more data points.

Although graphs of accuracy against the cu-
mulative cost can give some insight on the per-
formance of each method, other metrics could
improve the clarity of the results. These include
accuracy against FLOP and against time. This
is mitigated by the fact that we do not encom-
pass all attribution-finding methods, and some
could reduce or erase the overhead. The cost in
parameter count is, we believe, more agnostic
to the specific implementation details.

We have not studied the impact of the differ-
ence of size and competency between adjacent
models. This may prove to be a crucial point
for the broader applicability of our method.

Beyond the risks associated with using Large
Language Models for answering questions, our
method could provide a misplaced confidence
in the answers provided. It is not because we
try mitigating hallucinations and enhance fac-
tuality that these phenomenon disappear.
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A Multiple answer generation

The method presented in the paper compares
the attributions of the answers given by models
growing in size. In this method, we interject
a copy of each model in the cascade such that
the attributions are given by the same model
two times, potentially for two different answers.
The deferral criterion is still the Kendall Tau
distance between the rankings.

In Figure 4, we add to the comparison plot
the two additional methods that compare attri-
butions across independent runs, since this is
equivalent and does not require recomputing
the whole cascade. We nickname these “cross-
run” methods because they require to compare
across two runs of our cascade as implemented.
Neither the cross-run nor the standard methods
take into account the cost of computing the attri-
butions. Interestingly, there is a significant gap
in accuracy that barely decreases as the num-
ber of parameters grows. There is a true added
value to comparing between different models of
the cascade.

B Kendall Tau Variability

We plot the mean value of 7 and the standard
deviations for each model pair in the cascade
and for each dataset in Figure 5. We can see
that the values taken by 7 are varied enough to
allow for a diverse range of thresholds.
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Figure 4: Accuracy against cumulative cost of the cascade for all tested models and datasets for SQuAD (left), HotpotQA
(middle) and MuSiQue (right). Standard deviations of 12 runs are reported in lighter colors for the standard method
and 3 for the cross method. We can see that the cross generation method offers a much lower accuracy to cost ratio that
the standard methods for all three datasets. The mean difference (A) between the interpolated model performances and
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