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Abstract001

The development of large language models002
for question answering has benefited from003
understanding which context sentences are004
responsible for their answer. These sen-005
tences are commonly called contributive at-006
tribution. Recent works use the probability007
drop of the answer for a modified context008
to estimate how well sentences in the con-009
text match the attribution. Unfortunately,010
this metric does not convey the necessity011
and sufficiency qualities that the natural lan-012
guage processing community has defined013
in previous works. We propose a metric014
composed of a necessary and a sufficiency015
score based on probability drops to fill this016
gap. Then, to illustrate the soundness of017
the metric in practice, we develop a hi-018
erarchical method, TreeFinder, which pro-019
gressively selects finer parts of the context020
through tree-based pruning using the met-021
ric. It begins with a few coarse-grained022
chunks and iteratively narrows the top k023
chunks according to our metric down to024
sentence-level granularity. At each itera-025
tion, we calculate our metric using ablation-026
based log-probability differences and filter027
out irrelevant chunks. Experimental results028
on HotpotQA demonstrate that TreeFinder029
outperforms ContextCite and TracLLM in030
contributive attribution quality when it is031
composed of a few sentences. Further ex-032
periments on Loogle and LongBench-v2033
show that TreeFinder ranks sentences for034
attribution score better than ContextCite in035
long contexts.036

1 Introduction037

Revealing which sentences are determinant to038

the answer of Large Language Models (LLMs)039

in Question-Answering (QA) systems is an im-040

portant step to building trusted agents. In an041

ideal QA system, users should be able to trace 042

the answers effortlessly to eliminate doubts, 043

and methods should be built to automatically 044

spot uncertainty. 045

Currently, LLMs are still challenged by lan- 046

guage comprehension benchmarks, especially 047

when contexts are long (Lee et al., 2024), due 048

to the sparsity of rewards (Su et al., 2025) and 049

limited data (Villalobos et al., 2022). This may 050

be, in part, because current models are prone to 051

missing key information in their context (Yang 052

et al., 2025), especially as the number of tokens 053

increases (Hsieh et al., 2024). Another part 054

of the problem is that LLMs are prone to dis- 055

tractions, such as irrelevant information (Yoon 056

et al., 2024) or adversarial attacks (Zou et al., 057

2023). 058

In this work, we focus on contributive attri- 059

butions (Worledge et al., 2024a). Those are the 060

key sentences that themodel identifies as impor- 061

tant to create its answer. Identifying these at- 062

tributions enables, for example, the creation of 063

robust fact-checking solutions by verifying that 064

the answer is entailed by the attributions. They 065

can also be used to generate a second answer 066

that should match the first or enhance it (Huang 067

et al., 2024). As a last example, they can show 068

the biases of the model when presented with 069

contradictory statements. Indeed, not having 070

all variations equally weighed could indicate a 071

preference. 072

These attributions should not be confused 073

with corroborative attributions, which are 074

the sentences supporting the correct answer 075

(Worledge et al., 2024a,b). By contrast, con- 076

tributive attributions (or rationales, citations, 077

context traceback (Wang et al., 2025b)) funda- 078

mentally attempt to explain the answer provided 079

by the LLM. They are thus very valuable, since 080



their mismatch with corroborative ones may081

help to understand the failures of LLM when082

their answers are not satisfactory.083

Methods for finding contributive attributions084

often leverage the innards of LLM, such as us-085

ing attention scores or gradients similar to Grad-086

CAM (Selvaraju et al., 2019). However, these087

depend on many choices, such as the particular088

head or layer computing these scores, that vary089

with architecture (Pirenne et al., 2025). Be-090

yond making users lost in choices, these meth-091

ods could become unusable as new LLM archi-092

tectures, possibly incompatible, are developed.093

In this work, we first propose a metric that094

defines the quality of a set of sentences as the095

contributive attribution using probability drops.096

This metric consists of a sufficiency score and097

a necessity score. Afterwards, we detail an al-098

gorithm that segments a context, measures the099

scores of the segments, selects the best ones100

with a Top-k filter, and repeats greedily until101

the desired sentence-level coarseness. Our al-102

gorithm avoids enforcing a linear model, such103

as with LIME (Ribeiro et al., 2016) or SHAP104

(Lundberg and Lee, 2017) and thus does not105

make assumptions on the linearity of the met-106

ric under context ablations.107

The paper is structured as follows. In Sec-108

tion 1.3, we give our motivation to use our met-109

ric and we formally introduce the problem state-110

ment. Then, we go over related works. Af-111

terwards, in Section 2, we explain our method-112

ology and write the pseudocode to implement113

our algorithm. We continue in Section 3 with114

our experiments, followed by the results and in115

Section 4, we conclude. Finally, for complete-116

ness, we provide four appendices. Appendix A117

provides details of how we divide the context118

in each iteration. In Appendix B, we display119

the plots for more datasets. In Appendix C, we120

identify the top five sentences given by each121

compared algorithm for two specific samples.122

And, in Appendix D, we show how contributive123

and corroborative contributions diverge in prac-124

tical cases.125

1.1 Contributive attributions126

The literature often defines multiple qualities127

that attributions should possess. Two qualities,128

a compactness and a sufficiency condition, have129

been described by Lei et al. (2016). Then, a 130

necessity condition has been used by Yu et al. 131

(2019) and DeYoung et al. (2020). These were 132

used in subsequent works such as (Brinner and 133

Zarrieß, 2023) and (Zhang et al., 2023) for find- 134

ing attributions in two label problems, but not 135

for full sentence answers. 136

In this section, wewant to define contributive 137

attributions through probability drops to satisfy 138

the three qualities of necessity, sufficiency, and 139

compactness. Using this definition, we derive 140

a single metric to optimize for. By construc- 141

tion, this metric only finds contributive attribu- 142

tions, since the probabilities and the answer are 143

derived from the same model. 144

From this point on, every piece of text will 145

be considered a sequence C = [s1, . . . , sn] of 146

atoms, which are sentences in our experiments. 147

We use |C| = n to denote the length of such a 148

sequence. In addition, we useR ⊆ C to denote 149

that R is a subsequence of C. Note that a sub- 150

sequence is not necessarily contiguous, but the 151

relative order of its elements is conserved. 152

We consider a closed QA setting, where a 153

questionQ is associated with a contextC made 154

up of a number of |C| separable elements (e.g., 155

sentences). Let M be a generative model from 156

which we can generate an answer A and de- 157

rive its probability knowing Q and C giving 158

PM (A|Q,C). 159

We want to find R ⊆ C defined as 160

R := argmin
r⊆C

|r|

s.t.

{
Equation (2)
Equation (3)

(1) 161

logPM (A | Q, r)

= logPM (A | Q,C)
(2) 162

logPM (A | Q,C \ r)
= logPM (A | Q,∅)

(3) 163

In practice, the only solution of Equation (1) 164

with equality constraints is r = C because 165

the probability of the answer changes even by 166

adding irrelevant sentences. We therefore relax 167

these requirements to add small tolerances. In 168

this context, we adopt the following formal def- 169

inition of R: 170



R := argmin
r⊆C

|r|

s.t.

{
Equation (5)
Equation (6)

(4)171

logPM (A | Q,C)

− logPM (A | Q, r) ≤ εsuf
(5)172

logPM (A | Q,C \ r)
− logPM (A | Q,∅) ≤ εnec

(6)173

where εsuf and εnec are small constants that174

control tolerance for the sufficiency and neces-175

sity constraints, respectively.176

We add the left-hand sides of the suffi-177

ciency and necessity inequalities, weighed re-178

spectively by 1 − α and α, to produce a single179

metric. We get180

aM (Q,C,A, r) = α
(
logPM (A | Q,C \ r)

− logPM (A | Q,∅)
)

+ (1− α)
(
logPM (A | Q,C)

− logPM (A | Q, r)
)
.

(7)181

1.2 Probability drop182

Imposing modifications in a context C by re-183

moving some parts to create a subsequence184

C ′ ⊆ C modifies the probability distribu-185

tion of the answer. We can infer the loss or186

gain of information by analyzing the relation-187

ships between the distributions PM (·|Q,C),188

PM (·|Q,C ′),PM (·|Q,C\C ′), andPM (·|Q, ∅).189

The first and fourth are constant with respect to190

the choice of C ′. Together with the second and191

third, they produce the necessary and sufficient192

conditions to produce A when they are equal.193

When selecting the candidate subsequence194

C ′ ⊆ C, we can work at different levels of gran-195

ularity. In our case, the finest granularity would196

correspond to the sentence-level, where a sen-197

tence is defined by NLTK (Bird et al., 2009).198

But we can also consider coarser levels, where199

sentences are grouped by paragraphs, pages,200

etc. We propose a hierarchical approach that201

will start from a coarse subdivision of the con-202

text, and then, after selecting the best C ′ by re-203

moving complete groups of sentences, it will204

iteratively consider finer and finer granularity205

levels.206

In this paper, we rank the chunks with the 207

metric of Equation (7) and then choose to keep 208

the tk best ones to create C ′. 209

1.3 Related Work 210

In the QA setting, multiple fundamental ques- 211

tions arise: Does the answer come from in- 212

ternal or external knowledge? Is it reliable? 213

Can it be explained or traced back? When we 214

limit ourselves to the context, the main inter- 215

est in explainability is corroborative (elements 216

supporting an answer) and contributive (ele- 217

ments responsible for the answer) attributions 218

(Worledge et al., 2024a). 219

Corroborative Attribution Corroborative 220

attributions can exist without a reference model 221

because they correspond to the rationale for 222

the construction of the answer. Although inter- 223

esting, they fundamentally achieve a different 224

goal from ours. While we want to discover 225

what the LLM is using as support, they want 226

to support the ideal answer. Both attributions 227

can be found, and their overlap is an indicator 228

of the correctness of the model. We provide an 229

intuition for this in Appendix D. 230

Contributive Attribution Contributive attri- 231

butions can be given by the model itself. For 232

example, GopherCite (Menick et al., 2022) 233

uses guided generation to provide exact quotes. 234

SelfCite (Chuang et al., 2025) refines this 235

through Reinforcement Learning using proba- 236

bility drops as reward signals. Both methods 237

rely heavily on the model being trusted, which 238

is what we want to avoid. We therefore focus 239

on properties that are impartial, such as proba- 240

bility distributions or attentionweights, without 241

dependence on the statistical generation. 242

Reducing the context or prompt to eliminate 243

redundant information can be done by para- 244

phrasing, filtering (Hou et al., 2024) or encod- 245

ing it (Cheng et al., 2024) so that its size is 246

reduced but the content is largely retained in 247

meaning (Li et al., 2025). (Feng et al., 2018) 248

uses an iterative filtering in which they keep re- 249

moving the word that has the least impact. In 250

contrast to us, they operate at a fixed grain and 251

do not incorporate a tree approach. 252

The search for contributive attributions 253

through the alteration of the context can be 254



found in the literature as a perturbation-based255

method for feature attribution (Zhao et al.,256

2024). Perturbations can be random, as257

in LIME or generated by models such as258

variational autoencoders (Alvarez-Melis and259

Jaakkola, 2017).260

One recent work leveraging perturbations to261

find attributions is ContextCite (Cohen-Wang262

et al., 2025). To avoid computing the probabil-263

ity of a particular answer after the removal of264

an atom of text, ContextCite generates random265

ablation vectors and extrapolates the scores of266

each sentence with a linear model. In contrast,267

we avoid using such a model by finding impor-268

tant chunks of successively smaller size directly269

from the answer probabilities. ContextCite270

does not compute probabilities directly; instead,271

they compute the logit function log p
1−p of the272

difference of the chosen logits with a smooth ap-273

proximation of the maximum of the rest of the274

logits (LogSumExp). This slightly modifies275

the objective.276

TracLLM (Wang et al., 2025b) uses a tree-277

based method. They create chunks and re-278

move the ones that have the lowest metric per-279

manently from the context before continuing280

deeper. To compute their metric, they sample281

and aggregate a portion of all possible marginal282

probability drops. Similarly to ContextCite,283

they use linear models to compute a score for284

each chunk at every depth.285

As emphasized in (Su, 2025), these ap-286

proaches leveraging probability drop, working287

as a consequence of the answer being modeled288

probabilistically, are fundamentally robust to ar-289

chitectural modifications that are currently the290

focus of research for stronger LLMs (Assran291

et al., 2025; Wang et al., 2025a).292

2 TreeFinder293

The complete algorithm is described in Algo-294

rithm 1. Here is a short summary of how it295

works. It first divides the context into chunks.296

Afterwards, it computes both scores for each in-297

dividual chunk in the running as R, and filters298

them to keep only the most promising ones. It299

then repeats with smaller chunks until they all300

reach the size of one sentence. This process is301

summarized in Figure 1.302

Context

…

Chunking

0.32…

0.85…

0.12…

0.57…

Scoring

…
Filtering

…
Chunking

Repeat until
chunk = sentence

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 303

in Algorithms 2 and 3: Score and Chunkify. 304

The first computes our metric a(Q,C,A, r) for 305

each given chunk r. The second simply cuts 306

the context into approximately k chunks, return- 307

ing a list of chunks and a mapping from the in- 308

dices of sentences in the global context to the 309

indices of the chunks that contain them. Since 310

it is a straightforward implementation, it has 311

been moved to the Appendix. A Top-k filter is 312

present to ensure a logarithmic time complex- 313

ity with the size of the context |C|. The filter 314

can be modified to be more restrictive for faster 315

code execution. 316

3 Experiments 317

In this section, we first choose three datasets 318

to use in our experiments. We then describe 319

the LLM models and parameters used for the 320

experiments. Next, we compare our algorithm 321

with ContextCite and TracLLM on the chosen 322

datasets and explore the influence of the neces- 323

sity weight parameter α of Algorithm 1. 324

3.1 Datasets 325

We work with the following three datasets. The 326

first is HotpotQA (Yang et al., 2018), a widely 327

used dataset for corroborative attribution in QA. 328

Its purpose is to benchmark LLM for their abil- 329

ity to make multi-hop reasoning. Its “distrac- 330

tor” mode includes various paragraphs of re- 331

lated articles, which makes it quite challenging 332

for LLMs. 333

The other two, LooGLE (Li et al., 2024) 334

and LongBench-v2 (Bai et al., 2025), are made 335

up of long contexts. We use two subdivi- 336



Algorithm 1 TreeFinder

1: Input: M (Model), C (Context), Q (Ques-
tion), A (Answer), k (Initial Chunking Fac-
tor), tk (Top-k), α (Necessity weight)

2: Output: X (Per sentence score)
3: V ← 1|C| . Ablation
4: X ← 0|C| . Score
5: Vc ← 1|k| . Chunk ablation
6: Xc ← 0|k| . Chunk score
7: while k < tk|C| and Vc 6= 0 do
8: S,map← Chunkify(C, k)
9: for 0 ≤ i < |S| do

10: for j ∈ map[i] do
11: V [j]← V [j] ∧ Vc[i]
12: X[i]← Xc[i] if Vc[i]
13: end for
14: end for
15:

Xc ← Score (C,Q,A,M,
V, S,map, α)

16: Vc ← Top-k(Xc,map, tk)
17: k ← k ∗ tk
18: end while
19: return X

Algorithm 2 Score

1: Input: C (Context), Q (Question), A (An-
swer), M (Model), V (Ablation vector), S
(Chunks),map (Local to global indices), α
(Necessity weight)

2: Output: scores (Per chunk score)
3: Ptotal ← logPM (A|Q,C)
4: P∅ ← logPM (A|Q, ∅)
5: for 0 ≤ i < |S| do
6: if ∀j ∈ map[i], V [j] = 1 then
7: Prem[i]← logPM (A|Q,C \ Si)
8: Punique[i]← logPM (A|Q,Si)
9: end if

10: end for
scores = α(Prem − P∅)

+(1− α)(Ptotal − Punique)

11: return scores

sions (named 2a and 2b hereafter) of this 337

LooGLE: short dependencies and long depen- 338

dencies. These measure the distance between 339

the different elements needed to answer in the 340

context. 341

All datasets have been truncated to allow 342

the algorithms to run on a maximum of two 343

A100 40GB (one for HotpotQA). Loogle and 344

Longbench-v2 have had their maximum con- 345

text length set to 20000 tokens, with a maxi- 346

mum of a thousand sample per for time and bud- 347

get constraints. 348

3.2 Model and Parameters 349

The algorithm has 3 hyperparameters: the 350

chunking factor k, the Top-k value tk = 3 and 351

the necessity weight α. We chose k = 6 with 352

tk = 3 and α = 0.25 after having tried k = 2 353

and k = 3 which gave poor results. 354

The model M chosen for all experiments 355

is Qwen-2.5-7B-Instruct-1M (Yang et al., 356

2025) for its stated long context understanding. 357

Comparisons are carried out using the Trans- 358

formers Python library (Wolf et al., 2020). 359

Corroborative attribution tests are run using 360

the vLLM engine (Kwon et al., 2023) for fast 361

inference in long contexts. 362

3.3 Results 363

Evaluation criteria We compute the neces- 364

sity and sufficiency of the first sentences taken 365

together in a given group of size w ∈ [1, . . . , 5] 366

with α = 0.5 and report the average and stan- 367

dard error in the Figure 2 for HotpotQA. Since 368

this is a greedy approach, “Ground Truth” is an 369

upper bound. 370

Lastly, in Figures 3 and 4, we search for the 371

first five “Ground Truth” sentences and report 372

the median positions each method has assigned 373

to them. Unfortunately, since TracLLM does 374

not provide a score for all sentences, we cannot 375

include them. 376

It might seem surprising that the evaluation 377

does not use human annotations, but this is in- 378

tended since the goal is to identify the sentences 379

M relies on. 380

Comparison We now compare the rankings 381

given by our algorithm with those provided by 382

ContextCite and TracLLM. We can see on Fig- 383



ure 2, that for the first sentence, TracLLM and384

ContextCite reach lower average scores than385

TreeFinder. However, as more sentences are in-386

cluded, TreeFinder improves the average score,387

showing the improved quality of the broader388

contributive attribution.389

With the selected hyperparameters, we390

achieve a similar time of 5.72s as ContextCite391

(5.84s) despite an increase in the number of for-392

ward calls (46.9 against 32). The reason is that393

P (A|Q, r) becomes cheaper in terms of tokens394

used compared to P (A|Q,C \ r) as r shortens.395

This leads to about half of the calls that account396

for the entire compute time. Since TracLLM397

discards chunks from the context and never uses398

them again, they also have a disproportionate399

amount of calls (293.3) to the compute time400

(25.6s) compared to ContextCite. Their default401

parameters have three score estimations that402

compute many more marginal probabilities for403

the same initial chunking factor (their K = 6).404

For the score-based criterion, no method405

shows a clear advantage across all datasets (oth-406

ers in Appendix). In Appendix B, we provide407

results for Loogle (short) and Longbenchwhere408

TracLLM is better, as well as Loogle (long)409

where the result depends on α. In general,410

while TracLLM is slower, its attributions are411

closer in value to the ground truth.412

Since the metric values are close, we provide413

a last angle for comparison in Figure 3, where414

we take the positions at which the first k ground-415

truth sentences can be found in each method416

and report the median over the dataset. We find417

that our method misses the ranking of the most418

important sentence, but the following are con-419

sistently classified better than ContextCite. In-420

creasing the number of ablations (calls) for Con-421

textCite from 32 to match our methods’ num-422

ber of calls, we find no significant improvement.423

This, we believe, highlights the need to incor-424

porate both the necessity and sufficiency scores425

in attribution finding algorithms to properly en-426

compass all the desired properties of an attribu-427

tion.428

We note that our slice of HotpotQA has a me-429

dian of 2 sentences as support, while Loogle430

(long) has 3 and Loogle (short) has 1 (and Long-431

bench is not labeled). The ranking difference,432

therefore, can be argued to be only relevant on433

Loogle (long). However, contributive attribu- 434

tions capture more than the support, and thus a 435

greater span should be considered relevant. 436

Influence of the scores necessity weight 437

parameter In this section, we modify the 438

weights of the necessity and sufficiency scores 439

α from 0 to 1. Choosing 0 or 1 nearly halves 440

the number of forward calls to the LLM since 441

we do not compute one of the two metrics, any 442

other repartition does not have this benefit. 443

From Figure 4, we see that the best value for 444

α is between 0 and 1 since our original value of 445

α = 0.25 achieves a lower sentence ranking in 446

all cases. However, in HotpotQA and Loogle 447

(long), α = 0 is much faster than α = 0.25 448

(2x and 8x, respectively) and barely modifies 449

the ranking, so we could sacrifice a bit of accu- 450

racy for speed in certain contexts. 451

3.4 Discussions 452

When using probability drop to find contribu- 453

tive attribution, wemust consider an inherent is- 454

sue coming from the method itself. That is, the 455

alteration of the context canmodify its meaning. 456

Indeed, many sentences refer to previous ones, 457

such that, if a sentence modifying the subject is 458

removed, then the other sentences referring to 459

it might imply wrong facts. 460

Additionally, the LLM can miss important 461

facts in the initial long context that can be used 462

when it becomes truncated. According to our 463

definition, these should not be included in the 464

attribution, but our relaxation can include them. 465

If r contains them and the answer is correct, 466

then the left-hand-side of the sufficiency con- 467

dition in Equation (4) can become negative. 468

The Top-k filter tk plays a strategic role in 469

the rapid termination of the algorithm. The 470

value and softmax thresholds can sometimes 471

prune the tree but cannot always do so at ev- 472

ery step, and thus do not bind the time complex- 473

ity of TreeFinder. Every node has a maximum 474

of tk children, so the maximum is reached at 475

tk ∗ k. The total number of nodes explored is 476

this result multiplied by the depth of the tree, 477

which is the logarithm of the number of sen- 478

tences, and the two calls per iteration with the 479

two initial calls for the empty and complete con- 480

texts. This leads to the number of forward calls 481
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Figure 2: Sufficiency and necessity for the top sentences jointly in HotpotQA. Lower is better. TreeFinder lags behind
for the first three sentences but quickly achieves a better overall attribution quality when more sentences are taken into
account.
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Figure 3: Median positions the kth ground truth sentences (α=0.25). Median context length in sentences shown per
dataset. Lower median positions are better. The sentences beyond the first are almost always found earlier in the ranking
of TreeFinder. Increasing the number of ablations in ContextCite from 32 to match TreeFinder (50 for HotpoQA, 100
for the others) does not close the gap.

#Mforward = O(4 + 2(k ∗ tk) ∗ logtk(|C|)).482

There can be an order of magnitude between483

the values of necessity and sufficiency scores.484

Therefore, we believe that balancing α such485

that both scores contribute meaningfully to the486

choice of attribution is difficult. A possible rem-487

edy to this issue could be the normalization of488

the scores at each depth in the tree.489

4 Conclusion490

This work presented a metric to measure the491

quality of contributive attributions with prob-492

ability drops. Using this metric, we have493

developed a method, namely TreeFinder, to494

iteratively extract contributive attribution in495

question-answer environments using out-of-496

the-box LLMs without requiring task-specific497

training or surrogate models. TreeFinder em- 498

ploys a tree-based context pruning strategy, pro- 499

gressively refining the contributive attribution 500

from coarse-grained chunks to individual sen- 501

tences. All code is available at: https://anony- 502

mous.4open.science/r/TreeFinder-F3FD 503

Experimental results on HotpotQA demon- 504

strate that TreeFinder ranks attributions, as 505

commonly defined in previous works, better 506

than ContextCite when they are composed of 507

multiple sentences. This highlights the benefits 508

of enforcing the necessity and sufficiency crite- 509

ria in the search process. 510

Future work can focus on improving the 511

chunking to group complementary sentences or 512

incorporate meaningful structures of the con- 513

text. Indeed, syntactically meaningful tree rep- 514

https://anonymous.4open.science/r/TreeFinder-F3FD
https://anonymous.4open.science/r/TreeFinder-F3FD
https://anonymous.4open.science/r/TreeFinder-F3FD
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Figure 4: Ablation study of Tree Finder across α = 0.0, 0.25, 1.0. Median context length in sentences shown per
method. Lower median positions are better. α = 0 can be enough to find attributions but Longbench necessitates both
necessity and sufficiency.

resentations have been shown to improve the515

results of textual classification tasks (Nallapati516

and Allan, 2002). We believe that more accu-517

racy and speed can be achieved by using textual518

segmentation techniques (Ghinassi et al., 2024).519

Alternative pruning decisions and node score520

estimations can potentially guide the process to521

be faster and more accurate.522

Additionally, dropping some sentences X523

from the context for the remainder of the al-524

gorithm, as does TracLLM, can also improve525

termination speed. However, this changes526

the marginal probability from P (A|Q,C) to527

P (A|Q,C \X) and could have unforeseen con-528

sequences on the attribution found.529

As a final word, we believe that TreeFinder530

represents a step towards building more trust-531

worthy and explainable QA systems, enabling532

users to not only receive reliable answers but533

also understand why those answers are gener-534

ated, fostering confidence, and facilitating fact-535

checking.536

Limitations537

Due to the time and compute required to pro-538

duce certain graphs, our work only explores re-539

sults for a single model. This can impact the540

generalization of our findings.541

Since TracLLM and ContextCite already542

compare themselves to traditional methods543

such as attention, shapley and others, we only544

compared ourselves to them to save time, com-545

pute and paper length. There may be cases546

where these traditional methods would have547

added insights to our analysis.548
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A Algorithms828

Algorithm 3 separates the context, seen as829

a list of sentences, into a maximum of k830

chunks, each of which contains a minimum of831

total_length/k characters except the last. It832

also produces a mapping from the block indices833

to the set of sentences indices they contain.834

B Results on other datasets835

In this section are provided the necessity836

and sufficiency scores for the first sentences,837

grouped and not grouped, of the remaining838

datasets (Longbench, Loogle).839

We compute our metric from Equation (7)840

withα = 0.5 for every sentence in a dataset and841

get a “Ground Truth” ranking. These values are842

also computed for the first ten sentences given843

by each method. The box plots for these values844

are given in Figures 5, 6, 8 and 10 for datasets845

1, 2a, 2b, and 3, respectively.846

B.1 Hotpot-QA847

When the sentences are scored individually for848

HotpotQA in Figure 5, we can see that the first849

is ranked better by TracLLM, then the following850

ones are ranked better by TreeFinder.851

B.2 LongBench-v2852

For the sufficiency in Figure 7, we can observe853

that ContextCite is leading for the first sentence,854

Algorithm 3 Chunkify

1: Input: Context C = (s1, . . . , sn), char-
acter lengths len(si), maximum number of
chunks k > 1

2: Output: (Ck,map) where Ck =
[C(1), . . . , C(m)] and map =[
I(1), . . . , I(m)

]
with I(j) = [ i | si ∈

C(j)]
3: L←

∑n
i=1 len(si)

4: B ←
⌈
L
k

⌉
. Char. per chunk

5: Ck ← [ ], map← [ ]
6: C ′ ← [ ], I ′ ← [ ], `← 0
7: for i← 1 to n do
8: append si to C ′

9: append i to I ′

10: `← `+ len(si)
11: if ` > B then
12: append C ′ to Ck
13: append I ′ to map
14: C ′ ← [ ], I ′ ← [ ], `← 0
15: end if
16: end for
17: if C ′ is not empty then
18: append C ′ to Ck
19: append I ′ to map
20: end if
21: return (Ck,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, the855

curves interlace and the differences become too856

small to interpret meaningfully. In Figure 6,857

TracLLM has a pretty clear advantage in suffi-858

ciency.859

B.3 Loogle Short860

TracLLM consistently finds groups and indi-861

vidual sentences with lower necessity and suf-862

ficiency, as can be seen in Figures 8 and 9.863

When seen as individual sentences, the suffi-864

ciency scores remain far from the ground truth865

for all methods. Interestingly, when taken as a866

group, by the fourth sentence TracLLM reaches867

the ground-truth value.868

We note that despite TreeFinder being worse869

in these graphs, it outperforms ContextCite in870

Figure 3.871

B.4 Loogle Long872

In Figure 10, TracLLM seems to perform bet-873

ter. In Figure 11, TreeFinder retains its slight874

advantage in necessity scores while TracLLM875

leads in sufficiency scores.876

C Comparison with a specific example877

In this section, we provide a sample from Hot-878

potQAwhere the answer provided by the model879

is correct along with the support sentences pro-880

vided in the dataset. We highlight the five best881

sentences as given by each method and match882

them with the support if possible in Tables 1883

to 3. The support sentences should not neces-884

sarily be matching the contributive attributions885

since they are corroborative attributions.886

Weobserve that all methods find contributive887

attributions that are aligned with the corrobora- 888

tive attributions in these cases. 889

Question: All: “What Golden Globe nom- 890

inated American actor from Juilliard School 891

played a role in the 1986 romantic drama film, 892

Children of a Lesser God, directed by Randa 893

Haines?” 894

Support: “Children of a Lesser God is a 895

1986 American romantic drama film directed 896

by Randa Haines and written by Hesper An- 897

derson and Mark Medoff.”, “An adaptation of 898

Medoff’s Tony Award–winning stage play of 899

the same name, the film stars Marlee Matlin (in 900

an Oscar-winning performance) and William 901

Hurt as employees at a school for the deaf: a 902

deaf custodian and a hearing speech teacher, 903

whose conflicting ideologies on speech and 904

deafness create tension and discord in their de- 905

veloping romantic relationship.”, “WilliamMc- 906

Chord Hurt (born March 20, 1950) is an Amer- 907

ican actor.”, “He received his acting training at 908

the Juilliard School and began acting on stage in 909

the 1970s.”, “Hurt made his film debut in 1980 910

as a troubled scientist in Ken Russell’s science- 911

fiction feature ”Altered States”, for which he re- 912

ceived aGoldenGlobe nomination for NewStar 913

of the Year.” 914

Answers: TreeFinder and TracLLM: “The 915

Golden Globe nominated American actor from 916

the Juilliard School who played a role in the 917

1986 romantic drama film *Children of a Lesser 918

God*, directed by Randa Haines, is **William 919

Hurt**. William Hurt received his acting train- 920

ing at the Juilliard School and made his film de- 921

but”. ContextCite: “The Golden Globe nomi- 922

nated American actor from the Juilliard School 923

who played a role in the 1986 romantic drama 924
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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
converges to the same values as ContextCite and TracLLM.
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Figure 8: Sufficiency, necessity and average box plots for the top sentences individually in Loogle (short). Lower is
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 by925

Randa Haines, is **William Hurt**.### Expla-926

nation: - **William Hurt** is mentioned as927

having received his acting training at the”928

Rank Sentence
1 #2
2 #3
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
2 #2
3 #1
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 corroborative929

attribution930

We provide here an illustration of why the cor-931

roborative and contributive attributions are not932

the same, especially as the model has more diffi-933

culties responding correctly. To do this, we plot934

the probabilities of dropped chunks in Figure 12935

against their original probabilities for each data936

point (x = const in the figure) and check that937

we can separate the chunks that possess a cor-938

roborative attribution (red) from those that do939
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Figure 12: P (A|C′) against P (A|C) in the case where
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).940

In Loogle (short), the chunks that do not con-941

tain a corroborative attribution have their proba-942

bilities only slightly modified and remain close943

to x = y, while the other are shifted toward944

y = 0. This means that corroborative attribu-945

tions are aligned with contributive attributions.946

However, in Loogle (long), the two distribu-947

tions are too similar, as indicated by both trend-948

lines following x = y; removing a corrobo-949

rative attribution no longer changes the prob-950

ability of the answer. This can be the result951

of the model missing these sentences in the952

global context in the first place. Here, cor-953

roborative and contributive attributions are no954

longer aligned.955

We highlight that discrepancies between the956

two types of attributions are key to understand-957

ing model uncertainty and should not be con-958

fused for each other.959
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