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Abstract

The development of large language models
for question answering has benefited from
understanding which context sentences are
responsible for their answer. These sen-
tences are commonly called contributive at-
tribution. Recent works use the probability
drop of the answer for a modified context
to estimate how well sentences in the con-
text match the attribution. Unfortunately,
this metric does not convey the necessity
and sufficiency qualities that the natural lan-
guage processing community has defined
in previous works. We propose a metric
composed of a necessary and a sufficiency
score based on probability drops to fill this
gap. Then, to illustrate the soundness of
the metric in practice, we develop a hi-
erarchical method, TreeFinder, which pro-
gressively selects finer parts of the context
through tree-based pruning using the met-
ric. It begins with a few coarse-grained
chunks and iteratively narrows the top &
chunks according to our metric down to
sentence-level granularity. At each itera-
tion, we calculate our metric using ablation-
based log-probability differences and filter
out irrelevant chunks. Experimental results
on HotpotQA demonstrate that TreeFinder
outperforms ContextCite and TracLLM in
contributive attribution quality when it is
composed of a few sentences. Further ex-
periments on Loogle and LongBench-v2
show that TreeFinder ranks sentences for
attribution score better than ContextCite in
long contexts.

1 Introduction

Revealing which sentences are determinant to
the answer of Large Language Models (LLMs)
in Question-Answering (QA) systems is an im-
portant step to building trusted agents. In an

ideal QA system, users should be able to trace
the answers effortlessly to eliminate doubts,
and methods should be built to automatically
spot uncertainty.

Currently, LLMs are still challenged by lan-
guage comprehension benchmarks, especially
when contexts are long (Lee et al., 2024), due
to the sparsity of rewards (Su et al., 2025) and
limited data (Villalobos et al., 2022). This may
be, in part, because current models are prone to
missing key information in their context (Yang
etal., 2025), especially as the number of tokens
increases (Hsieh et al., 2024). Another part
of the problem is that LLMs are prone to dis-
tractions, such as irrelevant information (Yoon
et al., 2024) or adversarial attacks (Zou et al.,
2023).

In this work, we focus on contributive attri-
butions (Worledge et al., 2024a). Those are the
key sentences that the model identifies as impor-
tant to create its answer. Identifying these at-
tributions enables, for example, the creation of
robust fact-checking solutions by verifying that
the answer is entailed by the attributions. They
can also be used to generate a second answer
that should match the first or enhance it (Huang
et al., 2024). As a last example, they can show
the biases of the model when presented with
contradictory statements. Indeed, not having
all variations equally weighed could indicate a
preference.

These attributions should not be confused
with corroborative attributions, which are
the sentences supporting the correct answer
(Worledge et al., 2024a,b). By contrast, con-
tributive attributions (or rationales, citations,
context traceback (Wang et al., 2025b)) funda-
mentally attempt to explain the answer provided
by the LLM. They are thus very valuable, since



their mismatch with corroborative ones may
help to understand the failures of LLM when
their answers are not satisfactory.

Methods for finding contributive attributions
often leverage the innards of LLM, such as us-
ing attention scores or gradients similar to Grad-
CAM (Selvaraju et al., 2019). However, these
depend on many choices, such as the particular
head or layer computing these scores, that vary
with architecture (Pirenne et al., 2025). Be-
yond making users lost in choices, these meth-
ods could become unusable as new LLM archi-
tectures, possibly incompatible, are developed.

In this work, we first propose a metric that
defines the quality of a set of sentences as the
contributive attribution using probability drops.
This metric consists of a sufficiency score and
a necessity score. Afterwards, we detail an al-
gorithm that segments a context, measures the
scores of the segments, selects the best ones
with a Top-k filter, and repeats greedily until
the desired sentence-level coarseness. Our al-
gorithm avoids enforcing a linear model, such
as with LIME (Ribeiro et al., 2016) or SHAP
(Lundberg and Lee, 2017) and thus does not
make assumptions on the linearity of the met-
ric under context ablations.

The paper is structured as follows. In Sec-
tion 1.3, we give our motivation to use our met-
ric and we formally introduce the problem state-
ment. Then, we go over related works. Af-
terwards, in Section 2, we explain our method-
ology and write the pseudocode to implement
our algorithm. We continue in Section 3 with
our experiments, followed by the results and in
Section 4, we conclude. Finally, for complete-
ness, we provide four appendices. Appendix A
provides details of how we divide the context
in each iteration. In Appendix B, we display
the plots for more datasets. In Appendix C, we
identify the top five sentences given by each
compared algorithm for two specific samples.
And, in Appendix D, we show how contributive
and corroborative contributions diverge in prac-
tical cases.

1.1 Contributive attributions

The literature often defines multiple qualities
that attributions should possess. Two qualities,
a compactness and a sufficiency condition, have

been described by Lei et al. (2016). Then, a
necessity condition has been used by Yu et al.
(2019) and DeYoung et al. (2020). These were
used in subsequent works such as (Brinner and
ZarrieB3, 2023) and (Zhang et al., 2023) for find-
ing attributions in two label problems, but not
for full sentence answers.

In this section, we want to define contributive
attributions through probability drops to satisfy
the three qualities of necessity, sufficiency, and
compactness. Using this definition, we derive
a single metric to optimize for. By construc-
tion, this metric only finds contributive attribu-
tions, since the probabilities and the answer are
derived from the same model.

From this point on, every piece of text will
be considered a sequence C' = [s1, ..., sp] of
atoms, which are sentences in our experiments.
We use |C| = n to denote the length of such a
sequence. In addition, we use R C (' to denote
that R is a subsequence of C'. Note that a sub-
sequence is not necessarily contiguous, but the
relative order of its elements is conserved.

We consider a closed QA setting, where a
question () is associated with a context C' made
up of a number of |C/| separable elements (e.g.,
sentences). Let M be a generative model from
which we can generate an answer A and de-
rive its probability knowing () and C' giving

We want to find R C C defined as

R := argmin |r|
rCC

o {

logPM(A | Qar)

Equation (2) (1
Equation (3)

2

log Pyr(A | Q,C\7)

3
—logPy(A]Q.2) O

In practice, the only solution of Equation (1)
with equality constraints is » = C because
the probability of the answer changes even by
adding irrelevant sentences. We therefore relax
these requirements to add small tolerances. In
this context, we adopt the following formal def-
inition of R:



R :=argmin|r|
rCC

" {

—log Py(A| Q,r) < egur

log Pu(A|Q,C\r)
_logPM(A ’ Q7®) < Enec

Equation (5) S
Equation (6)

(&)
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where eg, ¢ and e,e. are small constants that
control tolerance for the sufficiency and neces-
sity constraints, respectively.

We add the left-hand sides of the suffi-
ciency and necessity inequalities, weighed re-
spectively by 1 — « and «, to produce a single
metric. We get

am(Q,C, A, 1) = a(log Py(A| Q,C\ )
_logPM(A|Q7®))
+ (1 —a)(log Py (A Q,C)

_logPM(A ‘ Q?T)>'
(7

1.2 Probability drop

Imposing modifications in a context C' by re-
moving some parts to create a subsequence
C’ C C modifies the probability distribu-
tion of the answer. We can infer the loss or
gain of information by analyzing the relation-
ships between the distributions Py (-|Q,C),
Py (-1Q,C", Py (-]Q, C\C"), and Py (-|Q, D).
The first and fourth are constant with respect to
the choice of C’. Together with the second and
third, they produce the necessary and sufficient
conditions to produce A when they are equal.

When selecting the candidate subsequence
C’ C C, we can work at different levels of gran-
ularity. In our case, the finest granularity would
correspond to the sentence-level, where a sen-
tence is defined by NLTK (Bird et al., 2009).
But we can also consider coarser levels, where
sentences are grouped by paragraphs, pages,
etc. We propose a hierarchical approach that
will start from a coarse subdivision of the con-
text, and then, after selecting the best C” by re-
moving complete groups of sentences, it will
iteratively consider finer and finer granularity
levels.

In this paper, we rank the chunks with the
metric of Equation (7) and then choose to keep
the ¢;, best ones to create C’.

1.3 Related Work

In the QA setting, multiple fundamental ques-
tions arise: Does the answer come from in-
ternal or external knowledge? Is it reliable?
Can it be explained or traced back? When we
limit ourselves to the context, the main inter-
est in explainability is corroborative (elements
supporting an answer) and contributive (ele-
ments responsible for the answer) attributions
(Worledge et al., 2024a).

Corroborative Attribution Corroborative
attributions can exist without a reference model
because they correspond to the rationale for
the construction of the answer. Although inter-
esting, they fundamentally achieve a different
goal from ours. While we want to discover
what the LLM is using as support, they want
to support the ideal answer. Both attributions
can be found, and their overlap is an indicator
of the correctness of the model. We provide an
intuition for this in Appendix D.

Contributive Attribution Contributive attri-
butions can be given by the model itself. For
example, GopherCite (Menick et al., 2022)
uses guided generation to provide exact quotes.
SelfCite (Chuang et al., 2025) refines this
through Reinforcement Learning using proba-
bility drops as reward signals. Both methods
rely heavily on the model being trusted, which
is what we want to avoid. We therefore focus
on properties that are impartial, such as proba-
bility distributions or attention weights, without
dependence on the statistical generation.

Reducing the context or prompt to eliminate
redundant information can be done by para-
phrasing, filtering (Hou et al., 2024) or encod-
ing it (Cheng et al., 2024) so that its size is
reduced but the content is largely retained in
meaning (Li et al., 2025). (Feng et al., 2018)
uses an iterative filtering in which they keep re-
moving the word that has the least impact. In
contrast to us, they operate at a fixed grain and
do not incorporate a tree approach.

The search for contributive attributions
through the alteration of the context can be



found in the literature as a perturbation-based
method for feature attribution (Zhao et al.,
2024).  Perturbations can be random, as
in LIME or generated by models such as
variational autoencoders (Alvarez-Melis and
Jaakkola, 2017).

One recent work leveraging perturbations to
find attributions is ContextCite (Cohen-Wang
et al., 2025). To avoid computing the probabil-
ity of a particular answer after the removal of
an atom of text, ContextCite generates random
ablation vectors and extrapolates the scores of
each sentence with a linear model. In contrast,
we avoid using such a model by finding impor-
tant chunks of successively smaller size directly
from the answer probabilities. ContextCite
does not compute probabilities directly; instead,
they compute the logit function log 1’%}) of the
difference of the chosen logits with a smooth ap-
proximation of the maximum of the rest of the
logits (LogSumExp). This slightly modifies
the objective.

TracLLM (Wang et al., 2025b) uses a tree-
based method. They create chunks and re-
move the ones that have the lowest metric per-
manently from the context before continuing
deeper. To compute their metric, they sample
and aggregate a portion of all possible marginal
probability drops. Similarly to ContextCite,
they use linear models to compute a score for
each chunk at every depth.

As emphasized in (Su, 2025), these ap-
proaches leveraging probability drop, working
as a consequence of the answer being modeled
probabilistically, are fundamentally robust to ar-
chitectural modifications that are currently the
focus of research for stronger LLMs (Assran
et al., 2025; Wang et al., 2025a).

2 TreeFinder

The complete algorithm is described in Algo-
rithm 1. Here is a short summary of how it
works. It first divides the context into chunks.
Afterwards, it computes both scores for each in-
dividual chunk in the running as R, and filters
them to keep only the most promising ones. It
then repeats with smaller chunks until they all
reach the size of one sentence. This process is
summarized in Figure 1.
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Figure 1: TreeFinder overview. The three repeating steps
are represented in light gray. Dark-gray boxes represents
the filtered out sentences that will not be subdivided or re-
scored in further repetitions.

We have defined two intermediary functions
in Algorithms 2 and 3: Score and Chunkify.
The first computes our metric a(Q, C, A, r) for
each given chunk r. The second simply cuts
the context into approximately k& chunks, return-
ing a list of chunks and a mapping from the in-
dices of sentences in the global context to the
indices of the chunks that contain them. Since
it is a straightforward implementation, it has
been moved to the Appendix. A Top-k filter is
present to ensure a logarithmic time complex-
ity with the size of the context |C|. The filter
can be modified to be more restrictive for faster
code execution.

3 Experiments

In this section, we first choose three datasets
to use in our experiments. We then describe
the LLM models and parameters used for the
experiments. Next, we compare our algorithm
with ContextCite and TracLLM on the chosen
datasets and explore the influence of the neces-
sity weight parameter « of Algorithm 1.

3.1 Datasets

We work with the following three datasets. The
first is HotpotQA (Yang et al., 2018), a widely
used dataset for corroborative attribution in QA.
Its purpose is to benchmark LLM for their abil-
ity to make multi-hop reasoning. Its “distrac-
tor” mode includes various paragraphs of re-
lated articles, which makes it quite challenging
for LLMs.

The other two, LooGLE (Li et al., 2024)
and LongBench-v2 (Bai et al., 2025), are made
up of long contexts. We use two subdivi-



Algorithm 1 TreeFinder
1: Input: M (Model), C' (Context), ) (Ques-
tion), A (Answer), k (Initial Chunking Fac-
tor), tx (Top-k), a (Necessity weight)
2: Output: X (Per sentence score)
3V« 10C > Ablation
4 X « 0l > Score
5: V., « 1% > Chunk ablation
6
7
8
9

X+ 0/ > Chunk score
: while k < t;|C| and V. # 0 do
S, map < Chunkify(C, k)
for 0 <i < |S|do
10: for j € mapli] do
1 Vil < VI A Veld]
12: X|[i] + X[i] if V[i]
13: end for
14: end for
X+ Score (C,Q,A, M,
V, S, map, )
16: Ve + Top-k(X., map, t,)
17: k <+ kxtg
18: end while
19: return X

Algorithm 2 Score
1: Input: C (Context), () (Question), A (An-
swer), M (Model), V' (Ablation vector), .S
(Chunks), map (Local to global indices), «
(Necessity weight)

2: Output: scores (Per chunk score)
3: Biotal < log PM(A|Q’ C)
4: Py < log Pr(A|Q,0)
5: for 0 <i < |S|do
6: if Vj € mapl[i|, V[j] = 1 then
7: Prem[i] — log PM(A‘Q, C \ SZ)
8: Puniqueli] < log Pr(A|Q, S:)
9: end if
10: end for
scores =  a&Prem — Pp)

+(1 - a)(Ptotal - Punique)
11: return scores

sions (named 2a and 2b hereafter) of this
LooGLE: short dependencies and long depen-
dencies. These measure the distance between
the different elements needed to answer in the
context.

All datasets have been truncated to allow
the algorithms to run on a maximum of two
A100 40GB (one for HotpotQA). Loogle and
Longbench-v2 have had their maximum con-
text length set to 20000 tokens, with a maxi-
mum of a thousand sample per for time and bud-
get constraints.

3.2 Model and Parameters

The algorithm has 3 hyperparameters: the
chunking factor k, the Top-k value ¢, = 3 and
the necessity weight . We chose £ = 6 with
tx = 3 and o = 0.25 after having tried k = 2
and k£ = 3 which gave poor results.

The model M chosen for all experiments
is Qwen-2.5-7B-Instruct-1M (Yang et al,,
2025) for its stated long context understanding.
Comparisons are carried out using the Trans-
formers Python library (Wolf et al., 2020).

Corroborative attribution tests are run using
the vLLM engine (Kwon et al., 2023) for fast
inference in long contexts.

3.3 Results

Evaluation criteria We compute the neces-
sity and sufficiency of the first sentences taken
together in a given group of sizew € [1,..., 5]
with = 0.5 and report the average and stan-
dard error in the Figure 2 for HotpotQA. Since
this is a greedy approach, “Ground Truth” is an
upper bound.

Lastly, in Figures 3 and 4, we search for the
first five “Ground Truth” sentences and report
the median positions each method has assigned
to them. Unfortunately, since TracLLM does
not provide a score for all sentences, we cannot
include them.

It might seem surprising that the evaluation
does not use human annotations, but this is in-
tended since the goal is to identify the sentences
M relies on.

Comparison We now compare the rankings
given by our algorithm with those provided by
ContextCite and TracLLM. We can see on Fig-



ure 2, that for the first sentence, TracLLM and
ContextCite reach lower average scores than
TreeFinder. However, as more sentences are in-
cluded, TreeFinder improves the average score,
showing the improved quality of the broader
contributive attribution.

With the selected hyperparameters, we
achieve a similar time of 5.72s as ContextCite
(5.84s) despite an increase in the number of for-
ward calls (46.9 against 32). The reason is that
P(A|Q, r) becomes cheaper in terms of tokens
used compared to P(A|Q,C \ r) as r shortens.
This leads to about half of the calls that account
for the entire compute time. Since TracLLM
discards chunks from the context and never uses
them again, they also have a disproportionate
amount of calls (293.3) to the compute time
(25.6s) compared to ContextCite. Their default
parameters have three score estimations that
compute many more marginal probabilities for
the same initial chunking factor (their K = 6).

For the score-based criterion, no method
shows a clear advantage across all datasets (oth-
ers in Appendix). In Appendix B, we provide
results for Loogle (short) and Longbench where
TracLLM is better, as well as Loogle (long)
where the result depends on «. In general,
while TracLLM is slower, its attributions are
closer in value to the ground truth.

Since the metric values are close, we provide
a last angle for comparison in Figure 3, where
we take the positions at which the first & ground-
truth sentences can be found in each method
and report the median over the dataset. We find
that our method misses the ranking of the most
important sentence, but the following are con-
sistently classified better than ContextCite. In-
creasing the number of ablations (calls) for Con-
textCite from 32 to match our methods’ num-
ber of calls, we find no significant improvement.
This, we believe, highlights the need to incor-
porate both the necessity and sufficiency scores
in attribution finding algorithms to properly en-
compass all the desired properties of an attribu-
tion.

We note that our slice of HotpotQA has a me-
dian of 2 sentences as support, while Loogle
(long) has 3 and Loogle (short) has 1 (and Long-
bench is not labeled). The ranking difference,
therefore, can be argued to be only relevant on

Loogle (long). However, contributive attribu-
tions capture more than the support, and thus a
greater span should be considered relevant.

Influence of the scores necessity weight
parameter In this section, we modify the
weights of the necessity and sufficiency scores
o from 0 to 1. Choosing 0 or 1 nearly halves
the number of forward calls to the LLM since
we do not compute one of the two metrics, any
other repartition does not have this benefit.

From Figure 4, we see that the best value for
« is between 0 and 1 since our original value of
a = 0.25 achieves a lower sentence ranking in
all cases. However, in HotpotQA and Loogle
(long), « = 0 is much faster than a = 0.25
(2x and 8x, respectively) and barely modifies
the ranking, so we could sacrifice a bit of accu-
racy for speed in certain contexts.

3.4 Discussions

When using probability drop to find contribu-
tive attribution, we must consider an inherent is-
sue coming from the method itself. That is, the
alteration of the context can modify its meaning.
Indeed, many sentences refer to previous ones,
such that, if a sentence modifying the subject is
removed, then the other sentences referring to
it might imply wrong facts.

Additionally, the LLM can miss important
facts in the initial long context that can be used
when it becomes truncated. According to our
definition, these should not be included in the
attribution, but our relaxation can include them.
If r contains them and the answer is correct,
then the left-hand-side of the sufficiency con-
dition in Equation (4) can become negative.

The Top-k filter t;, plays a strategic role in
the rapid termination of the algorithm. The
value and softmax thresholds can sometimes
prune the tree but cannot always do so at ev-
ery step, and thus do not bind the time complex-
ity of TreeFinder. Every node has a maximum
of t;, children, so the maximum is reached at
tr, * k. The total number of nodes explored is
this result multiplied by the depth of the tree,
which is the logarithm of the number of sen-
tences, and the two calls per iteration with the
two initial calls for the empty and complete con-
texts. This leads to the number of forward calls
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#Mforward = 0(4 + Q(k * tk) * logtk(’CD)

There can be an order of magnitude between
the values of necessity and sufficiency scores.
Therefore, we believe that balancing « such
that both scores contribute meaningfully to the
choice of attribution is difficult. A possible rem-
edy to this issue could be the normalization of
the scores at each depth in the tree.

4 Conclusion

This work presented a metric to measure the
quality of contributive attributions with prob-
ability drops. Using this metric, we have
developed a method, namely TreeFinder, to
iteratively extract contributive attribution in
question-answer environments using out-of-
the-box LLMs without requiring task-specific

training or surrogate models. TreeFinder em-
ploys a tree-based context pruning strategy, pro-
gressively refining the contributive attribution
from coarse-grained chunks to individual sen-
tences. All code is available at: https://anony-
mous.4open.science/r/TreeFinder-F3FD

Experimental results on HotpotQA demon-
strate that TreeFinder ranks attributions, as
commonly defined in previous works, better
than ContextCite when they are composed of
multiple sentences. This highlights the benefits
of enforcing the necessity and sufficiency crite-
ria in the search process.

Future work can focus on improving the
chunking to group complementary sentences or
incorporate meaningful structures of the con-
text. Indeed, syntactically meaningful tree rep-
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method. Lower median positions are better. = 0 can be enough to find attributions but Longbench necessitates both

necessity and sufficiency.

resentations have been shown to improve the
results of textual classification tasks (Nallapati
and Allan, 2002). We believe that more accu-
racy and speed can be achieved by using textual
segmentation techniques (Ghinassi et al., 2024).
Alternative pruning decisions and node score
estimations can potentially guide the process to
be faster and more accurate.

Additionally, dropping some sentences X
from the context for the remainder of the al-
gorithm, as does TracLLM, can also improve
termination speed. However, this changes
the marginal probability from P(A|Q,C) to
P(A|Q, C\ X) and could have unforeseen con-
sequences on the attribution found.

As a final word, we believe that TreeFinder
represents a step towards building more trust-
worthy and explainable QA systems, enabling
users to not only receive reliable answers but
also understand why those answers are gener-
ated, fostering confidence, and facilitating fact-
checking.

Limitations

Due to the time and compute required to pro-
duce certain graphs, our work only explores re-
sults for a single model. This can impact the
generalization of our findings.

Since TracLLM and ContextCite already
compare themselves to traditional methods
such as attention, shapley and others, we only
compared ourselves to them to save time, com-
pute and paper length. There may be cases
where these traditional methods would have
added insights to our analysis.
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A Algorithms

Algorithm 3 separates the context, seen as
a list of sentences, into a maximum of k
chunks, each of which contains a minimum of
total_length/k characters except the last. It
also produces a mapping from the block indices
to the set of sentences indices they contain.

B Results on other datasets

In this section are provided the necessity
and sufficiency scores for the first sentences,
grouped and not grouped, of the remaining
datasets (Longbench, Loogle).

We compute our metric from Equation (7)
with a = 0.5 for every sentence in a dataset and
get a “Ground Truth” ranking. These values are
also computed for the first ten sentences given
by each method. The box plots for these values
are given in Figures 5, 6, 8 and 10 for datasets
1, 2a, 2b, and 3, respectively.

B.1 Hotpot-QA

When the sentences are scored individually for
HotpotQA in Figure 5, we can see that the first
is ranked better by TracLLM, then the following
ones are ranked better by TreeFinder.

B.2 LongBench-v2

For the sufficiency in Figure 7, we can observe
that ContextCite is leading for the first sentence,

Algorithm 3 Chunkity

1:

Input: Context C' = (s1,...,S,), char-
acter lengths len(s; ), maximum number of
chunks £ > 1
Output: (Cr,map) where Cy =
[cM,...,ct™] and map =
[TV, 1] with TV = [i | s; €
C(J’)]
L+ > len(s;)
R
C <[], map < []
C'« [, '+ ], £+ 0
for ; < 1 ton do
append s; to C’
append i to [’
0 < {+len(s;)
if / > B then
append C’ to C;,
append [’ to map
C'« [, I'« ], £+ 0
end if

> Char. per chunk

: end for
. if C" is not empty then

append C’ to Cy,
append [’ to map

: end if
: return (Cj, map)
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Figure 5: Sufficiency, necessity and average box plots for the top sentences individually in HotpotQA. Lower is better.
The first sentence found with ContextCite and TracLLM is of high quality, while the following ones tend to bring little.
TreeFinder misses the first but ranks the following ones better.

then TracLLM takes the lead. Afterwards, the
curves interlace and the differences become too
small to interpret meaningfully. In Figure 6,
TracLLM has a pretty clear advantage in suffi-
ciency.

B.3 Loogle Short

TracLLM consistently finds groups and indi-
vidual sentences with lower necessity and suf-
ficiency, as can be seen in Figures 8 and 9.
When seen as individual sentences, the suffi-
ciency scores remain far from the ground truth
for all methods. Interestingly, when taken as a
group, by the fourth sentence TracLLM reaches
the ground-truth value.

We note that despite TreeFinder being worse
in these graphs, it outperforms ContextCite in
Figure 3.

B.4 Loogle Long

In Figure 10, TracLLM seems to perform bet-
ter. In Figure 11, TreeFinder retains its slight
advantage in necessity scores while TracLLM
leads in sufficiency scores.

C Comparison with a specific example

In this section, we provide a sample from Hot-
potQA where the answer provided by the model
is correct along with the support sentences pro-
vided in the dataset. We highlight the five best
sentences as given by each method and match
them with the support if possible in Tables 1
to 3. The support sentences should not neces-
sarily be matching the contributive attributions
since they are corroborative attributions.

We observe that all methods find contributive

attributions that are aligned with the corrobora-
tive attributions in these cases.

Question: All: “What Golden Globe nom-
inated American actor from Juilliard School
played a role in the 1986 romantic drama film,
Children of a Lesser God, directed by Randa
Haines?”

Support: “Children of a Lesser God is a
1986 American romantic drama film directed
by Randa Haines and written by Hesper An-
derson and Mark Medoft.”, “An adaptation of
Medoff’s Tony Award—winning stage play of
the same name, the film stars Marlee Matlin (in
an Oscar-winning performance) and William
Hurt as employees at a school for the deaf: a
deaf custodian and a hearing speech teacher,
whose conflicting ideologies on speech and
deafness create tension and discord in their de-
veloping romantic relationship.”, “William Mc-
Chord Hurt (born March 20, 1950) is an Amer-

LR RT3

ican actor.”,

LR I3

2

Answers: TreeFinder and TracLLM: “The
Golden Globe nominated American actor from
the Juilliard School who played a role in the
1986 romantic drama film *Children of a Lesser
God*, directed by Randa Haines, is **William
Hurt**, William Hurt received his acting train-
ing at the Juilliard School and made his film de-
but”. ContextCite: “The Golden Globe nomi-
nated American actor from the Juilliard School
who played a role in the 1986 romantic drama
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Figure 6: Sufficiency, necessity and Average box plots for the top sentences individually in LongBench-v2. Lower is
better. The large error bars obscure any conclusion for the necessity. The sufficiency is better for TracLLM.
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Figure 7: Sufficiency and necessity for the top sentences jointly in LongBench-v2. Lower is better. The large error bars
obscure any conclusion for the necessity. The sufficiency of the rationale by TreeFinder is lacking a first but quickly
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better. TrackLLM consistently outperforms other methods.
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Figure 9: Sufficiency and necessity for the top sentences jointly in Loogle (short). Lower is better. TrackLLM consis-

tently outperforms other methods.
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Figure 10: Sufficiency, necessity and average box plots for the top sentences individually in Loogle (long). Lower is
better. TracLLM leads for the eight first sentences then is tied with TreeFinder. Both remain far from the ground truth.
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Figure 11: Sufficiency and necessity for the top sentences jointly in Loogle (long). Lower is better. There is a slight
advantage in necessity for TreeFinder, but TracLLM has a clear lead in sufficiency.

film *Children of a Lesser God*, directed by Rank | Sentence
Randa Haines, is **William Hurt** ### Expla- 1 -
nation: - **William Hurt** is mentioned as 2 #3
having received his acting training at the” 3 #4
4 Two years later he made his

breakthrough by starring in
the romantic comedy “Risky
Business” (1983), which gar-
nered Cruise his first nomi-
nation for the Golden Globe
Award for Best Actor — Mo-
tion Picture Musical or Com-
edy.

5 In 1986, Cruise played a
fighter pilot in the Tony Scott-
directed action drama “Top
Gun” (the highest-grossing
film that year), and also
starred opposite Paul New-
man in the Martin Scorsese-
directed drama “The Color of
Money”.

Table 1: Top 5 sentences from TreeFinder.



Rank | Sentence

1 #3

> |

3 |

4 The film was directed by
Randa Haines, and was re-
leased directly on television.

5 #4

Table 2: Top 5 sentences from ContextCite.

Rank | Sentence
1 #3
2 #4

3 He subsequently played a
leading role, as a lawyer who
succumbs to the temptations
of Kathleen Turner, in the
neo-noir "Body Heat” (1981),
and, as Arkady Renko, in
Gorky Park (1983).

4 Tom Cruise is an American
actor and producer who made
his film debut with a minor
role in the 1981 romantic
drama “Endless Love”.

5 She is perhaps most famous
for directing the critically
acclaimed feature film ”Chil-
dren of a Lesser God” (1986),
which starred William Hurt
and Marlee Matlin, for
which Matlin won the 1987
Academy Award as Best
Actress.

Table 3: Top 5 sentences from TracLLM.

D Proximity to corroborative
attribution

We provide here an illustration of why the cor-
roborative and contributive attributions are not
the same, especially as the model has more diffi-
culties responding correctly. To do this, we plot
the probabilities of dropped chunks in Figure 12
against their original probabilities for each data
point (z = const in the figure) and check that
we can separate the chunks that possess a cor-
roborative attribution (red) from those that do

P(A|C) vs P(A|C')
1.0 . . v
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Figure 12: P(A|C") against P(A|C) in the case where
C' C C has a chunk removed. It is colored red if it con-
tained part of the corroborative attribution and blue in the
opposite. The chunk length is |C’| = 8000 characters.
The difference of distribution shows the ability of the prob-
ability drop method to find corroborative attributions for a
given model and dataset. Linear interpolations are drawn
for reference.



not (blue).

In Loogle (short), the chunks that do not con-
tain a corroborative attribution have their proba-
bilities only slightly modified and remain close
to r = y, while the other are shifted toward
y = 0. This means that corroborative attribu-
tions are aligned with contributive attributions.

However, in Loogle (long), the two distribu-
tions are too similar, as indicated by both trend-
lines following x = y; removing a corrobo-
rative attribution no longer changes the prob-
ability of the answer. This can be the result
of the model missing these sentences in the
global context in the first place. Here, cor-
roborative and contributive attributions are no
longer aligned.

We highlight that discrepancies between the
two types of attributions are key to understand-
ing model uncertainty and should not be con-
fused for each other.
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