Decomposition-Enhanced Training for Post-Hoc Attributions
in Language Models

Sriram Balasubramanian'-?*

, Samyadeep Basu', Koustava Goswami', Ryan Rossi',

Varun Manjunatha', Roshan Santhosh?, Ruiyi Zhang', Soheil Feizi?, Nedim Lipka'
! Adobe Research , ?University of Maryland, College Park, >Adobe Systems
samyadeepb@adobe.com, sriramb@umd.edu

Abstract

Large language models (LLMs) are increas-
ingly used for long-document question answer-
ing, where reliable attribution to sources is criti-
cal for trust. Existing post-hoc attribution meth-
ods work well for extractive QA but struggle
in multi-hop, abstractive, and semi-extractive
settings, where answers synthesize information
across passages. To address these challenges,
we argue that post-hoc attribution can be re-
framed as a reasoning problem, where answers
are decomposed into constituent units, each tied
to specific context. We first show that prompt-
ing models to generate such decompositions
alongside attributions improves performance.
Building on this, we introduce DECOMPTUNE,
a post-training method that teaches models to
produce answer decompositions as intermedi-
ate reasoning steps. We curate a diverse dataset
of complex QA tasks, annotated with decompo-
sitions by a strong LLM, and post-train Qwen-
2.5 (7B and 14B) using a two-stage SFT +
GRPO pipeline with task-specific curated re-
wards. Across extensive experiments and ab-
lations, DECOMPTUNE substantially improves
attribution quality, outperforming prior meth-
ods and matching or exceeding state-of-the-art
frontier models.

1 Introduction

Large Language Models (LLMs) have demon-
strated impressive capabilities across a range of
natural language tasks, including question answer-
ing (Kamalloo et al., 2023), summarization (Liu
et al., 2024), and open-ended generation (OpenAl
et al., 2024). As their outputs increasingly influ-
ence downstream applications in real-world prod-
ucts such as Al Assistants (Mialon et al., 2023;
Gabriel et al., 2024), the need for trustworthy and
transparent generation becomes critical. One key
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aspect of this is attribution—the ability to cite sup-
porting evidence from input sources that justifies
each part of the model’s output. Although attri-
butions can in principle be generated alongside
answer generation, doing so often requires signifi-
cant modifications to existing pipelines that already
deliver strong answer-generation performance. To
alleviate this problem, recent works (Phukan et al.,
2024, 2025; Ramu et al., 2024) generate these attri-
butions in a post-hoc manner i.e., given a document,
question and a generated answer, they attribute the
generated answer to relevant parts of the document.
These post-hoc attribution methods are often based
on various forms of semantic search (Robertson
and Zaragoza, 2009) or identifying signals from the
model internals (e.g., attention-heads or token em-
beddings) (Hirsch et al., 2025). These approaches
perform well on purely extractive QA, but often
might underperform in more complex scenarios,
particularly in multi-hop, semi-extractive and ab-
stractive QA. In such cases, the surface-level an-
swer often obscures the underlying reasoning steps
or the multiple sources that were fused during gen-
eration. Without access to these intermediate com-
putations, existing attribution methods frequently
retrieve incomplete or irrelevant citations.

We argue that this limitation arises from a fun-
damental mismatch: post-hoc attribution is treated
as a retrieval problem (Phukan et al., 2024; Hirsch
et al., 2025), when in fact it is often a reasoning
problem. For instance, a multi-hop question may
require the model to infer intermediate facts (e.g.,
the birth country of a historical figure, followed
by the laws of that country), each grounded in
distinct pieces of evidence. Similarly, abstractive
summaries often interleave paraphrased and syn-
thesized content from several documents. In both
settings, identifying appropriate citations necessi-
tates reasoning by decomposing the model’s output
answer into logical units that can each be grounded
in specific source content. In our paper, we first
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Figure 1: Overview of our method DECOMPTUNE. We train small- to medium-sized language models to
incorporate answer decomposition as an intermediate reasoning step prior to generating final attributions. To enable
this, we leverage decomposition traces produced by an annotator LLM and adopt a two-stage training strategy: SFT
to instill decomposition-aware reasoning, followed by GRPO with task-specific continuous and verifiable rewards to

further refine attribution quality.

verify that prompting a strong language model to
generate these decompositions as an intermediate
reasoning step and then generating the attributions
together leads to strong improvements in attribu-
tion quality for cases involving multi-hop QA and
complex semi-extractive QA setups.

Using this observation, we introduce DECOMP-
TUNE, a post-training method and framework
which trains small to intermediate sized language
models to generate post-hoc attributions with a
reasoning-based decomposition step as an interme-
diate step, rather than directly generating the attri-
butions. To this end, we first curate a data-mixture
encompassing various multi-hop, semi-extractive
and abstractive QA where each QA pair is anno-
tated with the intermediate decompositions using
an annotator LLM (e.g. Qwen-2.5-14B). We then
train Qwen-2.5-7B, and 14B using a two-stage se-
quential training approach. In the first stage, we
train the language model on our data-mixture using
SFT. In the second stage, we use GRPO with a set
of continuous rewards (including format reward,
accuracy reward and retrieval or validity reward).
With this two stage training approach, we find that
the post-trained Qwen series of models using DE-
COMPTUNE outperform existing open-source post-
hoc attribution methods by a significant margin of
at least 17 percentage points and also obtains a per-
formance improvement of 23 points over the base
model. Our post-trained models also obtain per-
formance at-par with the best performing frontier
models for most datasets and also outperform them
in a few cases.

Overall, in summary our paper makes the follow-
ing contributions:

* We find that generating answer decomposi-
tions as an intermediate reasoning step im-
proves attribution - all in one forward pass.

* We curate a large-scale dataset mixture an-
notated with answer decompositions and
their corresponding source attributions. This
dataset serves as a valuable resource for post-
training language models to perform attribu-
tion as a structured reasoning task.

* We post-train small to intermediate sized lan-
guage models using a two stage SFT + GRPO
(with continuous rewards) training on our cu-
rated dataset, outperforming existing post-
hoc attribution methods and obtaining perfor-
mance at-par with closed-source models.

2 Related Works

Attributing the output of a neural network to its
input has been a long-standing problem in NLP
(Madsen et al., 2022; Rogers et al., 2020) and com-
puter vision (Kazmierczak et al., 2025; Shrikumar
et al., 2019), and has historically been approached
from the lens of interpretability. In the pre-LLM
era, the tasks that neural networks were capable
of solving were small-scale, with input/output size
at most a few paragraphs (in NLP) or images (in
vision). The primary unit for attribution for these
tasks were similarly small, with gradient-based and
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activation-based interpretability methods attribut-
ing the output to tokens or image patches. With the
advent of powerful closed-source LLMs (Liu et al.,
2025) and new paradigms like multi-doc or long-
context QA, several attribution methods (Nakano
et al., 2022; Qin et al., 2023; Menick et al., 2022;
Batista et al., 2025) utilize the LLM itself for pro-
viding citations at a higher level, typically docu-
ments or paragraphs. Many of these works aim
to prompt or train LLMs produce citations jointly
with the answer so that all factual sentences can be
grounded in some external document. Zhang et al.
(2024) finetune open-source LLMs (via SFT) on
their curated dataset LongCite which consists of
automatically generated long-context QA instances
with precise sentence-level citations. Chuang et al.
(2025) propose SelfCite which is trained via RL
with an ablation-based reward to cite sentences
in the context. Companies like (Anthropic, 2025)
and (Perplexity, 2025) have also exposed LLM-
generated citations API in their respective APIs.

In post-hoc attribution, citations are produced
after the answer is generated in a separate step. For-
mally speaking, given a document D, question ¢
and a generated answer a, we seek the citations
in D that justify and ground the answer a. Prior
work has focused on strategies for prompting an
LLM to return citations given the context, question
and answer (Ramu et al., 2024), interpretability
techniques to identify relevant circuits (Basu et al.,
2025), internal layers (Phukan et al., 2024; Hirsch
et al., 2025; Qi et al., 2024) or information retrieval
(IR) based approach (Ramu et al., 2024) in which
the sentence most relevant to the answer is retrieved
from the documents in the context. However, these
methods do not properly handle cases where mul-
tiple sources of information are synthesized into
one answer part. To the best of our knowledge,
we are the first to propose a decomposition based
prompting strategy to generate data and train LLMs
on this data, outperforming other methods in this
domain. Ramu et al. (2024) also employs answer
decompositions; however, these are treated as sepa-
rate, independent steps for decomposition and at-
tribution, rather than as part of an intermediate
reasoning process, nor do they train LLMs using
this decomposition.

GPT-4.1 Mini: F1 Scores
Decompose then Attribute vs One-shot Attribute

mmm Decompose then Attribute
0.8 EmE One-shot Attribute
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Figure 2: Decomposition as intermediate step helps in
attribution. Prompting LL.Ms to decompose an answer
as an intermediate step, then attribute, performs better
than solely prompting them to only generate attributions,
even with chain-of-thought prompting.

3 Initial Observation: Decomposition As
an Intermediate Step Improves
Attribution

Earlier works (Ramu et al., 2024) use answer de-
composition as a pre-processing strategy where the
decomposed answer units are then fed to an attribu-
tor separately (can be a LLM or a semantic search)
for improved attribution. In our work, we prompt
the language model to perform the decomposition
step as an intermediate reasoning step and the attri-
bution generation together. Given a document D,
question g and a generated answer a, we prompt an
annotator language model to first decompose the
answer a into logical sub-units with a reasoning
trace (see Fig.(1) for an example of decomposition)
and then generate the attributions for each of these
sub-units. To improve the quality of the traces, we
filter out sentences unrelated to the ground truth
citations from the document context. From Fig. 2,
we observe that prompting the language model to
first generate the intermediate decomposition and
then the final attributions yields substantial gains
in attribution performance. Here, both methods
are instructed to think step-by-step and output their
reasoning (exact DSPy (Khattab et al., 2024) CoT
prompts in Appendix C), which implies that the
difference in performance is solely due to decom-
position into information units. In multi-hop and
semi-extractive settings, relative performance im-
proves by 13% and 12%, respectively. These re-
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sults confirm that introducing a decomposition step
as an intermediate step prior to attribution gener-
ation, rather than producing attributions directly,
leads to more accurate attributions. In the following
sections, we describe the curation of training data
and methods to train small-to-medium sized lan-
guage models for post-hoc attribution using these
answer decompositions as intermediate steps.

4 DECOMPTUNE: Training Language
Models to Decompose and Attribute

Our method, in brief, consists of curating and pro-
cessing open-source datasets covering our targeted
domains (4.1), and the details of the training algo-
rithms employed for training the models (4.2).

4.1 Training Dataset Curation and Processing

We construct our training dataset covering the (a)
multi-hop extractive setting in which in answer is
fairly short (only a few tokens) but is synthesized
from multiple source citations; and (b) abstractive
or semi-extractive settings wherein the answers
are longer and may contain multiple distinct parts,
each of which have to be disentangled and then at-
tributed back to the context. We choose MuSiQue
(Trivedi et al., 2022) and HotPotQA (Yang et al.,
2018) as our multi-hop datasets, and QASPER
(Dasigi et al., 2021), Verifiability Judgements (Liu
et al., 2023) and LongCite (Zhang et al., 2024) for
the semi-extractive and abstractive setting. How-
ever, not all of these datasets have sufficiently long
context or sentence level ground truth attributions.
We also require detailed reasoning traces contain-
ing the decompositions to finetune our models. We
thus process the datasets in three stages:

Step 1 - Context Extension: Certain datasets
(MuSiQue and HotpotQA) contain documents that
are very short, often limited to just a few sentences
or a single paragraph. In these cases, attribution
may be too trivial. To create a more challeng-
ing benchmark, we generate extended versions of
these documents (containing at least 500 words).
To perform this extension any strong LLLM (open-
source or closed-source) can be used. The extended
text must (a) include all original sentences verba-
tim, and (b) avoid restating the information from
the original sentences elsewhere in the document.
These constraints ensure that the ground-truth cita-
tions remain valid for the longer documents.

Step 2 - Intermediate Decompositions: Train-
ing our LLMs via supervised fine-tuning (SFT)

requires high-quality reasoning traces that break
down answers into smaller components, each of
which can be attributed to a specific sentence in the
source text. To generate these traces, we prompt
the annotator LLM to first decompose answers into
logical sub-parts. We only give the ground truth
citations as the input document to the annotator.
The annotator LLLM is primarily responsible for
matching the decomposed unit with the ground-
truth citations. Since we have access to the ground
truth during this step, we validate whether the ci-
tations generated are identical to the ground truth,
and discard the rare samples in which they are not.
We note that the decomposition step is agnostic to a
specific model and any capable strong open-source
or closed-source model can carry out this step. In
our experiments, we find that using stronger models
can improve performance after SFT, but these dif-
ferences vanish after further finetuning with GRPO.
Therefore, we can use relatively weaker annotator
LLMs such as Qwen2.5 14B without any signifi-
cant performance loss.

Step 3 - Attribution Matching: Post interme-
diate decompositions of the answer sentence, we
attribute each decomposed sub-unit to the relevant
source sentence. To enhance precision, we provide
the model with only the ground-truth citations as
its source material during this process. We note
that the annotator LLM is primarily responsible
for matching the decomposed unit with the ground-
truth citations (already present). In particular, the
annotator LLM is not responsible for generating
the citations.

We provide the prompts used for each of the pro-
cessing stages in the Appendix (Section A). We
obtain a dataset of around 90,000 samples after
this processing, each containing the relevant doc-
uments D, the question ¢ and full answer a, the
answer units {u;}, the corresponding ground-truth
citations {¢; } and LLM-generated reasoning trace
containing the decomposition 7.

4.2 Training Details

We adopt a two-stage training procedure: first, we
fine-tune the LLM via SFT on the intermediate
decompositions; then, we further train the SFT-
tuned LLM via GRPO with specifically curated
rewards for the task of post-hoc attribution. We
explain the details of these two stages below:

SFT on reasoning traces: We first use
direct supervision and fine-tune the LLM to
generate the reasoning trace r, the decomposi-
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tion units {u;} and the corresponding citations
{¢;} we obtained from the annotator LLM
(Section 4.1). Formally, the LLM is trained to
generate r, {u;} and {c¢;} given documents D,
question ¢, answer a by minimizing the standard
cross-entropy loss for next token prediction
E [— log PLL]V[,Q (7”, U1,Clyy...Up,Cn | D, q,a, )],
where P, represents the conditional likelihood
of the data according to the LLM with weights
6. We format the SFT completions containing
the reasoning trace, units and citations as a single
string o: <think> reasoning trace </think>
<unit> unit 1 </unit> <citation> citation
1 </citation> <unit> unit n </unit>
<citation> citation n </citation>

During this stage, the model learns to output its
reasoning containing the decomposition and the
citations in the required format, greatly reducing
the computational effort in the GRPO stage. We
find that simply prompting the base models is not
very effective due to the relatively poor instruction
following capabilities of these models, thus neces-
sitating an SFT stage. The reasoning trace r also
serves as a rich, low-noise, signal in the SFT opti-
mization process, thus preparing the model for RL
training with only scalar rewards.

RL with continuous verifiable rewards: Af-
ter a round of SFT, we train the model further via
GRPO (Shao et al., 2024) with continuous verifi-
able rewards. We use a format reward, validity
reward and a weighted accuracy reward for each
sample. We describe each of them below:

Format Reward: We give a reward of 1 to the
model for following the format required for parsing
the reasoning, units, and citations from the output;
and 0 if the output does not follow the format.

Validity Reward: Also, we give a reward if
the citations output by the model are valid, that is,
present in the document verbatim. The reward is
the fraction of predicted citations (C),¢q) that is a

sub-string of the document context D. Formally,

{c|c€Chreq,cC D}
Ryatidity = |Cp;—rd|

to denote that c is a substring of D.

Weighted Accuracy Reward: Most impor-
tantly, we incentivize accurate citations by using a
“per-sample weighted” F1 score as reward. Given
predicted citations Cp,..q, ground-truth citations

Cyt, and a recall weight «, the accuracy reward

1 _ ‘Cp'redncgd . .
1S Raccuracy == (l_a)|cpred|+a‘cgt‘ . This can be in-

. Here, weuse ¢ C D

terpreted as the weighted harmonic mean of the
precision and recall.

All the above rewards are moderately sparse, and
can drop to zero even with minor changes to the
citations. We thus shape the rewards by utilizing a
string similarity function to give non-zero reward
when the citations are close but not exactly cor-
rect. Let S(a, b) denote the similarity between two
strings a and b as a number between 0 and 1. Then,

MAaXsCo,s satisfies format | S|
o]
D ceCyyeq MAXsC D, s=lc 5(¢, 5)
|Cpredl
maxnpg Z(i,j)eM S(cpred.i; Cqt ;)
(1 = @)[Cprea| + a|Cye]

Rformal (0) -

Rvalidity (Cp’r‘ed7 D) =

Raccuracy (Cp'r'ed ) Cgt ) ==

where M can be any bipartite matching between
Cpred and Cgy.

In practice, we use fuzzy string matching based
on Levenshtein distance for calculating the similar-
ity scores S(a, b), which makes for efficient calcu-
lation of all these rewards. We also set « = 0.75
rather than the usual F1 score with o« = 0.5, as this
broadly improves recall while maintaining preci-
sion (see Section 7 for details).

S Experiments and Results

Using DECOMPTUNE, we train two open-source
language models: (i) Qwen2.5-7B-1M, and (ii)
Qwen2.5-14B-1M (Qwen et al., 2025). By training
across these representative model sizes, we aim
to assess the effectiveness and scalability of DE-
COMPTUNE under different resource regimes. We
now provide a detailed description of the baseline
methods as well as the adopted evaluation metrics.

5.1 Baselines

We compare our approach against three broad
families of baselines, chosen to represent both
strong language models and established post-hoc
attribution methods. (i) Frontier LLMs. We in-
clude GPT-40, GPT-4.1-mini, Claude-Sonnet 4
and DeepSeek-R1 as representative state-of-the-
art frontier models. These models have consis-
tently demonstrated strong performance across a
wide range of reasoning and QA tasks, and there-
fore provide a competitive upper bound for at-
tribution quality in closed settings. We use the
decomposition-based prompting strategy we used
in Section 3. (ii) Smaller LLMs. To establish com-
parisons with smaller LLMs comparable to , we
also evaluate against Qwen2.5-3B, Qwen2.5-7B-
1M, Qwen2.5-14B-1M (Qwen et al., 2025) and
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Multi-hop extractive

Abstractive/Semi-extractive

MusiQue HotpotQa Qasper Verifiability Overall
Methods P R Fl P R F1 R Fl1 P R Fl1 P R Fl1
Frontier Models
GPT-40 979 236 380 713 413 523 361 430 343 314 328 .642 331 415
GPT-4.1-mini 941 699 802 724 781 751 435 478 349 474 402 636 597 .608
Claude-Sonnet 4 964 351 514 869 413 .560 355 449 491 474 483 734 398 .501
DeepSeek-R1 963 428 592 809 481 .603 304 372 418 411 414 667 406 495
Ours: 7B .885 716 792 834 815 .825 455 468 462 500 484 492 669 .621 .642 (+.034)
Other Methods
Qwen2.5-3B * 746 215 334 486 315 382 143157 119 204 150 381 219 256
Qwen2.5-7B * 869 393 542 587 482 529 324 302 209 334 257 487 383 407
Qwen2.5-14B * 934 376 537 .695 520 .595 354 382 364 387 375 602 410 AT72
Llama3.1-8B * .832 563 671 534 571 552 258 211 137 404 204 420 449 409
Embeddings J11 263 384 631 282  .390 285 330 381 360 370 520 297 370
Attention-Head 753 282 410 .612 297 400 291 345 393 362 377 545 308 .394
Ours: 7B 885 716 792 834 815 .825 455 468 462 500 484 492 669 .621 .642 (+.170)
Ours: 7B
SFT 848 273 414 779 445 566 239 326 405 249 308 .637 301 404
SFT+GRPO =05 .904 709 .795 835 .776 .805 351 433 525 380 441 707 554 618
SFT + GRPO .885 716 792 834 815 .825 455 468 462 500 484 492 669 .621 .642 (+.238)
Ours: 14B
SFT .888 303 452 819 463 592 270 362 458 279 346 678 329 438
SFT + GRPO 918 743 821 861 .764 809 518 406 455 529 513 520 .706 .606 .650 (+.212)
Table 1: Evaluation Results using exact string match with ground-truth attributions. We find that with

exact-string matches to ground-truth attributions as an evaluation - our post-trained models surpasses frontier models
and also obtain gains over other post-hoc attribution methods by a strong margin. We find that post-training with
our curated GRPO rewards is very crucial in obtaining the best performance. The best performing open-source
variant is marked with Blue. Improvement over the best performing method in each section is shown in parenthesis
(Note that asterisked methods use a more involved prompting strategy with multiple LLM calls; see Section 5.1 and

Appendix C)

Llama 3.1 8B (Grattafiori et al., 2024). This selec-
tion allows us to cover models of different parame-
ter scales and training regimes, providing insight
into how attribution performance varies across
model size and capacity in publicly available sys-
tems. For these models, however, directly prompt-
ing them to decompose then attribute yields poor
results because of inadequate instruction following
capabilities. Therefore, we use a more involved
strategy — first prompt to decompose into individ-
ual units, then in separate LLM calls, prompt to
attribute each unit to a sentence in the reference
— for much better performance across the board
(see Appendix C for exact prompts). However, this
involves many more LLM calls per sample, with
much larger inference time overhead making it less
practical for deployment.

Finally, we evaluate two white-box attribution
approaches: (a) Token Embeddings (Phukan et al.,
2024), which leverage token-level representation
alignment; and (b) AttnAttribute (Basu et al., 2025)
which uses attribution heads. For AttnAttribute,
we follow the original formulation but adapt it by
providing the generated answer as input within the
assistant tag, along with the question and docu-
ment context, and then extract attributions using

the attention heatmap from the attribution head.

5.2 Evaluations

We evaluate our trained models on the test par-
titions of MusiQue (Trivedi et al., 2022), Hot-
PotQA (Yang et al., 2018), Qasper (Dasigi et al.,
2021), Verifiability (Liu et al., 2023), as well as
on the GovReport (Huang et al., 2021) and arXiv-
summarization datasets (Cohan et al., 2018). This
collection of benchmarks spans a diverse range of
evaluation settings, covering multi-hop reasoning,
semi-extractive and abstractive question answer-
ing, and long-document summarization. Among
these, MusiQue, HotPotQA, Qasper, and Verifiabil-
ity provide ground-truth citations which enables us
to measure attribution quality via an exact string
match. We report the precision, recall, and F1
score for these datasets. The precision is the frac-
tion of output citations that match the ground truth,
the recall is the fraction of ground truth citations
that are returned by the model, and the F1 score is
the harmonic mean of the precision and recall.
However, not all benchmarks (GovReport and
arxiv-summarization) contain such reference an-
notations. For consistency, we further adopt an
LLM-as-a-judge framework to evaluate the at-

5075



Multi-hop extractive Abstractive/Semi-extractive Summarization
MusiQue HotpotQa Qasper Verifiability =~ GovReport  Arxiv-Summary Overall
Methods IS CsS IN CS IN CS IS CSs IN CS IS CS IN CS
Frontier Models
GPT-40 432 347 571 545 736 723 691 .620 .825 .660 .733 440 .665 .556
GPT-4.1-mini 616 616 776 846 715 756 819 812 812 .698 .733 597 745 721
Claude-Sonnet 4 679 455 800 588 .813 .779 932 .862 .887 .780 .801 .687 819 692
DeepSeek-R1 673 509 817 .680 .762 707 892 .810 .848 733 .722 .580 .786 .670
Ours: 7B 632 583 821 839 .666 .768 887 .839 .699 716 .563 583 712 (-.107) 721 (+0)
Other Methods
Qwen2.5-3B * 320 229 541 390 396 331 614 462 476 555 336 265 447 372
Qwen2.5-7B * S11 393 715 578 674 623 769  .680 589 .614 456 506 .619 .565
Qwen2.5-14B * 571 423 790 653 741 671 892 724 758 566 .668 425 737 577
Llama3.1-8B * 461 486 .630 .650 346 465 590 .689 342 741 307 286 446 .553
Embeddings 531 341 789 531 685 .651 812 .689 610 .620 .468 524 .649 .559
Attention-Head 546 330 810 546 683 .677 831 .699 .604 628 .488 531 .660 .568
Ours: 7B 632 583 821 .839 666 .768 887 .839 .699 716 .563 583 712 (-.016)  .721 (+.144)
Ours:7B
Only SFT 468 344 731 596 580 .521 709 545 717 390 570 237 .629 439
SFT + GRPO w =05 .611 547 819 818 .659 .647 837 .705 .734 489 .602 381 710 .598
SFT + GRPO 632 583 821 .839 .666 .768 887 .839 .699 716 .563 .583 712 (+.083) 721 (+.273)
Ours: 14B
Only SFT 517 377 770 623 666  .607 763 .616 767 438 .596 252 .680 485
SFT + GRPO 620 569 825 837 .688 771 .891 873 768 .730 .649 651 736 (+.056) 738 (+.253)

Table 2: Evaluation Results with LLM-as-a-Judge. We find that our post-trained small language models closely
match frontier models and outperform existing post-hoc attribution methods. Even in this evaluation setup, we
find that post-training with our curated GRPO rewards is very crucial in obtaining the best performance. The best

performing open-source variant is marked with Blue.

tributions. This approach allows us to evaluate
and compare the methods over all benchmarks in
a unified manner. Given a question, answer, and
a list of output citations, we prompt GPT 4.1 to
give scores according to two rubrics: (a) collec-
tive support score (CS): how well does the list
of citations (taken collectively) support the answer
(analogous to recall), and (b) individual support
score (IS): does each individual citation support
any part of the answer to the question (analogous
to precision). We report the average CS and IS
over the entire dataset after normalizing the scores
between O to 1. The exact prompt template em-
ployed in our LLM-as-a-judge evaluations is in
the appendix (see Appendix B). While a few meth-
ods (such as AttnAttribute) always output citations
that are single sentences present in the document,
LLM-powered methods may not always obey this
condition. In such cases, we may encounter invalid
or multi-sentence citations. Thus, we first filter
out the citations that cannot be found in the con-
text, and then break each of them into individual
sentences if necessary. As these steps can be feasi-
bly performed during inference time, we may view
them as part of the methods themselves.

6 Main Results

6.1 Improvements Over Strong Baselines

We find that our proposed approach, DECOMP-
TUNE, yields substantial improvements over a wide
range of baseline models. The SFT stage alone im-
proves instruction following to the extent that attri-
bution becomes possible in a single LLM call, with
performance close to the more involved prompt-
ing strategy. In particular, our two-stage training
framework, which combines supervised fine-tuning
(SFT) with GRPO using our task-specific curated
rewards, consistently enhances attribution quality
across different evaluation settings. Specifically,
we observe improvements in F1 score of upto 30
percentage points for multi-hop QA attribution
tasks, 23 points for semi-extractive and abstrac-
tive attribution tasks, and upto 11 points of im-
provement in IS (and 23 points in CS) for summa-
rization attribution tasks over the original models.
These gains are especially notable for models in
the 7B parameter range, where resource constraints
typically limit performance. Overall, our findings
demonstrate that decomposition-enhanced training
provides a reliable and generalizable recipe for
strengthening attribution in small- to medium-scale
models. This highlights the potential of carefully
designed training strategies to unlock grounding
capabilities in open-source language models. We
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Figure 3: Effect of Context-Length on Post-Hoc Attribution. IS and CS score on samples from all datasets of
different lengths, grouped into 10 equal quantile bins. DECOMPTUNE (7B) outperforms GPT 4.1 mini on IS, and is
closely matched on CS. When coupled with BM25 based search to reduce context, all models gain significantly on
IS, but CS for GPT-4.1 drops while DECOMPTUNE improves.

also benchmark against Token-Embeddings and
AttnAttribute, both of which are strong baselines
that leverage white-box access to language model
internals. These methods represent a more chal-
lenging comparison point, as they are specifically
designed to exploit internal model signals for at-
tribution. Nevertheless, we find that our trained
models outperform both by a significant margin of
at least 28 points, highlighting the robustness of
decomposition-enhanced training.

6.2 Comparisons with Frontier Models

We also compare the performance of our trained
models against strong frontier models. In particu-
lar, following our initial observations in Fig. 1, we
prompt the frontier models to first perform answer
decomposition as an intermediate reasoning step
before generating the final attributions. To ensure
a fair comparison, we apply the same prompting
strategy to both our trained models and the frontier
systems. As shown in Table 1 and Table 2, our
trained models achieve performance that is on par
with, and in some cases even exceeds, that of the
frontier baselines. These results demonstrate not
only the effectiveness of decomposition-enhanced
training, but also its potential to narrow the gap be-
tween open-source and frontier models in the task
of post-hoc attribution. Overall, our results show
that our training strategy leads to strong attribution
performance with 7B and 14B sized models, out-
performs existing post-hoc attribution methods and
obtains performance at-par with frontier models,
providing an efficient alternative.

Fraction of valid citations over training steps

) — No validity reward — With validity reward
0.9
0.8
0.7
0.6
0.5 train/global_step
0 200 400 600 800

Figure 4: Validity reward ensures that the output cita-
tions are present verbatim in the context.

e N

Main Takeaway: For post-hoc attribution,
SFT alone yields instruction following im-
provements, whereas applying GRPO with
task-specific curated rewards yields more sub-
stantial gains for attribution.

7 Ablations and Further Analysis

Ablation on rewards: We ablate the validity and
recall-weighted accuracy reward to show their util-
ity in performance of the model. In Figure 4, we
plot the fraction of citations that are valid (present
verbatim in the document) as the RL training pro-
gresses. While initially high, the fraction quickly
drops in the absence of a validity reward. With such
areward, however, the fraction of valid sentences is
approximately 1. We also show the overall perfor-
mance (IS, CS, precision, recall, and F1) of mod-
els trained with standard F1 score (o = 0.5) and
trained with recall weighted F1 score (o« = 0.75)
in Table 1 and Table 2. The recall and collective
support scores, which measure the extent to which
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the answer is supported by the citations, improve
dramatically, while maintaining precision and IS.

Error analysis on input context length: We
analyze model performance across varying context
lengths to assess how accuracy depends on refer-
ence size. Since very long documents exceed the
context window, we also test whether performance
holds when reducing context using a lightweight
BM25-based sentence selection. Figure 3 shows
IS and CS for GPT-4.1-mini and DECOMPTUNE
(7B) across 10 context-length quantiles, as well as
when contexts are capped at 10k and 15k characters.
DECOMPTUNE (7B) achieves notably higher IS
than GPT-4.1-mini on short contexts and matches
it on the top quantiles, though it slightly lags in CS
across all bins. With BM25-based search, all mod-
els show strong IS gains on long contexts; however,
GPT-4.1-mini’s CS declines, while DECOMPTUNE
maintains or improves it. We thus believe LLM-
based attribution methods can scale well to longer
contexts when coupled with search.

8 Conclusion

In this paper, we introduced DECOMPTUNE, to
train small models for post-hoc attribution. In-
stead of generating attributions directly from an-
swers, DECOMPTUNE guides models to decom-
pose answers into constituent units that can be
more reliably aligned with supporting evidence.
Our training pipeline combines SFT for instruction-
following followed by GRPO with task-specific
rewards. Across diverse benchmarks, DECOMP-
TUNE consistently outperforms existing methods
and matches/surpasses frontier model performance.

9 Limitations

While our work introduces a new approach to at-
tribution in post-training language models, it does
not pose direct ethical risks. On the contrary, at-
tribution methods have the potential to mitigate
harms by grounding model outputs in identifiable
sources and making the generative process more in-
terpretable. By connecting generated content back
to inputs, our approach can support accountabil-
ity, reduce misinformation, and provide users with
greater transparency into model behavior. Nonethe-
less, ethical challenges in this area remain broader
than our scope: attribution alone cannot fully ad-
dress issues such as dataset bias, privacy, or in-
tellectual property. We emphasize, however, that
our contribution is directed toward enhancing inter-

pretability and grounding, and therefore serves as
a positive step toward more trustworthy language
model deployment.
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A Prompts For Dataset Construction

Prompt to extend context

Seamlessly extend this passage by around {num_words}
words:

{passage}

Instructions:

1. In your output, you must include ALL the sentences
in the original passage.

2. Instead of repeating the sentence word-to-word, just
insert the corresponding tag instead. For example,
the output can be “This is a new sentence. <s@>
This is another new sentence. <s1> And yet another

”

one.

3. The original sentences should be scattered through-
out the output, they should not appear in one place.

4. VERY IMPORTANT: The information in the orig-
inal sentences (in the <si> tags) should not be re-
peated in the scattered sentences, they should appear
only once. In other words, you should NOT be able
to infer the information in the original sentences by
reading the rest of the document.

5. Ensure that ALL tags <s@>, <s1>, ..., <sn> are
present in the output, corresponding to the original
sentences.

6. Your output should JUST be the extended passage,
with no additional text or formatting.

7. Again, ensure that you DO NOT GENERATE any
sentences that contain the information in the original
sentences! Simply use the tags <s@>, <s1>, ...,
<sn> to refer to the original sentences.

Prompt to generate sentence level attribu-

tions for Musique

You are an expert at extracting sentence attributions
from a context based on a question and answer. You are
given the following:

Context: {context}
Question: {question}
Answer: {answer}

Your task is to extract the EXACT sentences from the
context that are used for producing the answer to the
question. Each sentence is separated by a newline in
the context.

You should return the sentences separated by newlines,
with no additional text or formatting, in the order they
appear in the context.

To derive the answer from the question, you will need at
least one sentence from each paragraph in the context.
Do not include any sentences that are not necessary for
answering the question.

VERY IMPORTANT: You should include at least one
sentence from each paragraph in the context.

\ J
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Prompt to generate decompositions B Judge LLM Prompt

You will be given a set of input references, a question,
an accumulated_text, and a latest_text_chunk. You
need to break down the latest_text_chunk for a given
question into information units. Give only those informa-
tion units that are attributable to the documents.

Instruction on what good information units are:
1. Give information units that are relevant to the answer.
2. Information units should be meaningful.

3. All information units should be necessary for the an-
swer to derived from the question and documents.

4. The list of information units should be complete, the
answer should be derivable solely from the listed in-
formation units.

5. Each information unit should be attributable to a SIN-
GLE sentence in the references. It should be worded
in a form such that it can be easily searched in the
references.

6. Some extra information may need to be added to the
information units so that they can be easily attributed
to the references. For example, references may contain
the sentences “The Great Gatsby is a famous 1925
novel written by F. Scott Fitzgerald” and “The Great
Gatsby was narrated by Nick Carraway.”, but the ques-
tion and answer may not have the name of the novel
(example: “Who wrote the famous 1925 novel nar-
rated by Nick Carraway? F. Scott Fitzgerald.”). In this
case, the information units should contain the name of
the novel too (“The Great Gatsby”) so that it can be
attributed easily to the references.

7. The decomposition may be trivial, that is, the

latest_text_chunk may already be a well-defined
information unit.

Instruction on what bad information units are:
1. Information units that convey duplicate information.
2. Information units that are non statements.

3. Information units that are not meaningful to the ques-
tion.

4. Information units that are not attributable to the refer-
ences.

5. Information units that are not atomic, i.e, combine
information from multiple sentences in the references.

Prompt to score output citations

You are an expert judge. Given a question, a part of the answer, and a list of citations,
determine whether the citations SUPPORT the answer. Output consists of two parts,
collective support score and individual support score.

Collective support score is defined as follows for the entire citation list:

1. If the citations FULLY support the answer part, then 2.
2. If the citations only PARTIALLY support the answer part, then 1.
3. If the citations do NOT support the answer part at all, then 0.

Individual support score is defined as follows for each citation: If the citation supports
(fully or partially) the answer part, then 1. If the citation does NOT support the answer
part at all, then 0.

Examples:

Question: What is the capital of the largest country in the world (by area)?

Answer part: The capital of the largest country, Russia, is Moscow.

Citation list: [“Moscow is the capital of Russia.", “Russia is the largest country in the
world by area."]

Output: “collective_support_score": 2, “individual_support_scores": [1, 1]
Explanation: The citation list fully supports the answer part because together they
confirm that Moscow is the capital of Russia and that Russia is the largest country by
area. Individually, both citations support the answer part.

If citation list is: [“Moscow is the capital of Russia."]

Output: “collective_support_score": 1, “individual_support_scores": [1]
Explanation: The citation list partially supports the answer part because while it
confirms that Moscow is the capital of Russia, it does not provide information about
Russia being the largest country by area. Individually, the single citation supports the
answer part.

If citations are: [“The capital of France is Paris.", “The largest country by area is
Russia.", “Moscow is the capital of Russia."]

Output: “collective_support_score": 2, “individual_support_scores": [0, 1, 1]
Explanation: The citation list fully supports the answer part because two of the citations
confirm that Moscow is the capital of Russia and that Russia is the largest country by
area. Individually, the first citation does not support the answer part, while the other
two do.

Now evaluate the following:

Question: {question}

Answer part: {answer_part}

Citation list (this is what you are evaluating): {citation_list}

Instructions:

1. Ensure that you do not use any information or knowledge outside of the snippet
when evaluating.

2. If the citation list is empty, collective_support_score should be 2 if there is
no factual information in the answer part, else 0. individual_support_scores
should be an empty list.

3. Your output should be in the following JSON format without any additional text,
no backticks or code blocks.

{ "collective_support_score”: @, 1, or 2, "individual_support_scores":
[list of @s and 1s corresponding to each citationl]}

C Prompts For Evaluation
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DSPY Prompt to decompose, then attribute

DSPY Prompt to only decompose into units

in the same call (with CoT) (with CoT)

You will be given a set of input references, a question,
an accumulated_text, and a latest_text_chunk. You
need to break down the latest_text_chunk for a given
question into information units. Then for each unit, find
ONE citation from the references that supports it. Each ci-
tation should be verbatim from the references. You should
output a dictionary where each key is an information unit
and the value is a citation from the references that supports 1.
it.

Instruction on what good information units are:

You will be given a set of input references, a question,
an accumulated_text, and a latest_text_chunk.
You need to break down the latest_text_chunk for a
given question into information units. Give only those
information units that are attributable to the documents.
Instruction on what good information units are:

Give information units that are relevant and mean-
ingful to the answer.

2. All information units should be necessary for the

1. Give information units that are relevant and meaning- answer to derived from the question and documents.

ful to the answer.

. All information units should be necessary for the an-
swer to derived from the question and documents.

. The list of information units should be complete, the
answer should be derivable solely from the listed in-
formation units.

. Each information unit should be attributable to a SIN-
GLE sentence in the references. It should be worded
in a form such that it can be easily searched in the
references.

. Some extra information may need to be added to the
information units so that they can be easily attributed
to the references. For example, references may con-
tain the sentences "The Great Gatsby is a famous 1925
novel written by F. Scott Fitzgerald" and "The Great
Gatsby was narrated by Nick Carraway.", but the ques-
tion and answer may not have the name of the novel
(example: "Who wrote the famous 1925 novel nar-
rated by Nick Carraway? F. Scott Fitzgerald."). In this
case, the information units should contain the name of
the novel too ("The Great Gatsby") so that it can be
attributed easily to the references.

. The decomposition may be trivial, that is, the
latest_text_chunk may already be a well-defined
information unit.

Instruction on what bad information units are:

1. Information units that convey duplicate information.
2. Information units that are non statements. 3. Infor-
mation units that are not meaningful to the question.
4. Information units that are not attributable to the
references. 5. Information units that are not atomic,
i.e, combine information from multiple sentences in
the references.

Format instructions:

¢ Remember to add ## at the end of each field name

in the output, the format of ‘## <field_name> ##  is
IMPORTANT.

* The name of each field in the output should EXACTLY
match the name in the instructions.

3. The list of information units should be complete, the
answer should be derivable solely from the listed
information units.

4. Each information unit should be attributable to a
SINGLE sentence in the references. It should be
worded in a form such that it can be easily searched
in the references.

5. Some extra information may need to be added to
the information units so that they can be easily at-
tributed to the references. For example, references
may contain the sentences "The Great Gatsby is a
famous 1925 novel written by F. Scott Fitzgerald"
and "The Great Gatsby was narrated by Nick Car-
raway.", but the question and answer may not have
the name of the novel (example: "Who wrote the
famous 1925 novel narrated by Nick Carraway? F.
Scott Fitzgerald."). In this case, the information
units should contain the name of the novel too ("The
Great Gatsby") so that it can be attributed easily to
the references.

6. The decomposition may be trivial, that is, the
latest_text_chunk may already be a well-defined
information unit.

Instruction on what bad information units are:

1. Information units that convey duplicate information.
2. Information units that are non statements. 3. In-
formation units that are not meaningful to the ques-
tion. 4. Information units that are not attributable
to the references. 5. Information units that are not
atomic, i.e, combine information from multiple sen-
tences in the references.

Format instructions:
¢ Remember to add ## at the end of each field name
in the output, the format of ‘## <field_name> ## is

IMPORTANT.

* The name of each field in the output should EX-
ACTLY match the name in the instructions.
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DSPY Prompt to attribute each unit

You will be given a set of input references and a query
sentence. Your job is to find the sentence in the refer-
ences that supports the query most closely and output it
verbatim.

Follow these rules:

1. The output sentence should be only a SINGLE SEN-
TENCE from the references and should match EX-
ACTLY.

2. DO NOT output multiple sentences.

Prompt used for training in DEcCOMP-

TUNE

You need to produce attributions to ground an answer
to a question based on relevant documents. The inputs
are:

## Question ##
{question}

## Relevant documents ##
{documents}

## Answer generated till now ##
{answer_till_now}

## Answer part ##
{answer_part}

You need to ground the answer part to the relevant
documents by first decomposing the answer part into
reasoning, constituent units and citations.
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DSPY Prompt to directly attribute (with

CoT)

You will be given a set of input references, a question,
an accumulated_text, and a latest_text_chunk.
You need to output all the citations that support the
latest_text_chunk. Each citation should be verba-
tim from the references. Each citation should be nec-
essary to support the latest_text_chunk. All cita-
tions collectively should be sufficient to support the
latest_text_chunk.

Format instructions:
¢ Remember to add ## at the end of each field name

in the output, the format of ‘## <field_name> ## is
IMPORTANT.

¢ The name of each field in the output should EX-
ACTLY match the name in the instructions.




D Hyperparameters for Training

We describe the hyperparameters for the SFT and
GRPO training stages below:

SFT: For all models, we use a batch size of
64 packed sequences of length 32768 tokens and
learning rate is 4 x 10~° with Adam optimizer. We
select the best model based on the validation loss
on a held out validation dataset.

GRPO: For all models, we use a batch size of
288 with group size 8. The maximum prompt
length was 16384 with maximum completion
length as 2048 tokens. All rewards were weighted
equally, and the recall weight (o) was 0.75. We
select the best model based on the validation accu-
racy reward on a held out validation dataset. We
use the corrected GRPO algorithm with no length
or difficulty bias. Rollouts were generated using
the vLLM engine.

All experiments were performed using at most 2
nodes of 8 A100 GPUs.

E Hyperparameters for AttnAttribute
and Token-Embeddings

For adapting the AttnAttribute method from (Basu
et al., 2025), we use the Qwen-2.5-7B-Instruct
model with the attention layer, head of [15,30]
which we find to be the attribution head. We use
the same algorithm for span selection as in (Basu
et al., 2025). For Token-Embeddings from (Phukan
etal., 2024), we use the same layer of 15th in Qwen-
2.5-7B-Instruct, but use the distance between the
hidden representations to select the relevant span
above a high-threshold (we use 0.7 in our experi-
ments).
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