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Abstract

Recent advances in summarization research
focus on improving summary quality across
multiple criteria, such as completeness, con-
ciseness, and faithfulness, by jointly optimiz-
ing these dimensions. However, these efforts
largely overlook the challenge of controlling
summary generation with respect to individual
criteria, especially in the presence of their in-
herent trade-offs. For example, enhancing con-
ciseness can compromise completeness, and
vice versa. In this work, we address this gap by
proposing a loss function that aligns model out-
puts with fine-grained, model-based evaluation
scores (e.g., from FineSurE), enabling both im-
provement in summary quality and dimension-
specific control. Our approach1 improves the
overall quality of the summaries while main-
taining the ability to selectively prioritize one
criterion over others. Experiments on three pre-
trained models (LLaMA, Qwen, and Mistral)
demonstrate that our method achieves perfor-
mance comparable to state-of-the-art summa-
rizers, while uniquely offering strong controlla-
bility over individual quality dimensions.

1 Introduction

Automatic text summarization (Hovy, 2015; Tas
and Kiyani, 2007) aims to condense long docu-
ments into concise text descriptions that preserve
the most important information from the origi-
nal text, and is widely used in real-world appli-
cations (Ji et al., 2026; Xu et al., 2026). Despite
huge progress in neural summarization (Cheng
and Lapata, 2016; Kryściński et al., 2019), most
systems are trained to optimize surrogate ob-
jectives, such as model likelihood or n-gram
overlap metrics, which correlate poorly with hu-
man judgment of semantic fidelity, factual consis-
tency, and content balance (Maynez et al., 2020;

1The source code and model are available, respectively,
at Control-Summaries-with-Ranking and Control-Summaries-
LLaMA.

Figure 1: Summaries of the abstract prioritizing completeness
(Com↑), conciseness (Con↑) and balance (Bal).

Pagnoni et al., 2021). Recent model-based eval-
uators like FineSurE (Song et al., 2024a) and
UniSumEval (Lee et al., 2024) instead extract and
align atomic semantic units or keyfacts between
the source and summary, delivering fine-grained
completeness and conciseness scores that correlate
better with human assessments (Laban et al., 2023).

On the optimization side, reinforcement learn-
ing (RL) methods, e.g., Proximal Policy Optimiza-
tion (PPO) (Schulman et al., 2017) and Direct
Preference Optimization (DPO) (Rafailov et al.,
2024), have been applied to directly optimize non-
differentiable quality metrics; however, they suffer
from high variance, instability, or prohibitive com-
putational costs (Ahmadian et al., 2024; Liu et al.,
2024; Yan et al., 2024). More scalable ranking-
based objectives, such as those based on contrastive
loss (Liu et al., 2022) and margin ranking, encour-
age higher-quality candidates to outrank inferior
ones (Liu et al., 2023b; Chern et al., 2023). How-
ever, they typically optimize a single aggregated
score and do not offer mechanisms to steer sum-
maries along distinct dimensions such as summary
completeness or conciseness. In fact, studies on the
“alignment tax” have shown that improving one
dimension often degrades another (Noukhovitch
et al., 2023; Guo et al., 2024). Details of the related
work are provided in Appendix A.
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In this work, we propose a framework for opti-
mizing neural summarization with explicit control
over multiple quality dimensions, with a particu-
lar focus on adjusting the trade-off between sum-
mary completeness and conciseness. We empiri-
cally demonstrate such a trade-off in Appendix F.
The key ideas we pursue are: i) fine-grained rank-
ing by combining a margin-ranking loss to align
the model’s log-likelihood with model-based qual-
ity scores and a maximum-scoring loss to directly
push the top candidate toward higher overall qual-
ity; ii) control-oriented loss that, given a prompt
indicating the desire for a more complete (Com↑),
concise (Con↑) or balanced (Bal) summary, adjusts
the ratio of completeness to conciseness scores to
meet the specified intent; and iii) unified training
objective that integrates margin ranking, maximum
scoring, and control losses, allowing one model to
flexibly generate summaries optimized for different
trade-offs. Figure 1 shows summary examples from
our model using the abstract as a source document.

Technically, we implement our approach by
fine-tuning LoRA adapters (Hu et al., 2022)
on three open source backbone models, namely
LLaMA (Touvron et al., 2023a,b; Dubey et al.,
2024), Qwen (Yang et al., 2024) and Mistral (Jiang
et al., 2023), and evaluate on both in-domain (Wik-
iHow (Koupaee and Wang, 2018), CNN/DM (Nal-
lapati et al., 2016), and DialogSum (Chen et al.,
2021)), and out-of-domain tasks (OpoSum (Ange-
lidis and Lapata, 2018), MeQSum (Abacha and
Demner-Fushman, 2019)). Experiments show that
our method: i) significantly improves the Spear-
man rank correlation between model likelihood and
model-based scores; ii) improves the (harmonic)
mean of completeness and conciseness for (test)
summaries; and iii) delivers strong controllabil-
ity, producing summaries with high fidelity to the
specified dimension while maintaining faithfulness
(consistency wrt source). Our contributions can be
summarized as follows.

• We introduce a joint ranking and scoring frame-
work that aligns generation likelihoods with fine-
grained model-based evaluation metrics, achiev-
ing superior ranking performance compared to
existing baselines.

• We propose a control-oriented loss that steers
summary generation toward completeness, con-
ciseness, or balance based on simple prompts.

• We demonstrate the generality of our approach by
fine-tuning multiple language models and evalu-

ating across diverse domains, showing consistent
gains in overall quality and controllability.

2 Methodology

Problem Definition Our goal is to generate a
summary Y = (y1, . . . , yN ) from a source doc-
ument X by modeling the conditional likelihood
pθ(Y |X,Z), where Z is a prompt that controls the
summarization process. Following the standard au-
toregressive modeling framework, the generation
process is formulated as follows:

pθ(Y |X,Z) =
∏N

i=1pθ(yi|y<i, X, Z) , (1)

where yi is the i-th generated token, y<i =
(y1, . . . , yi−1) denotes all previously generated to-
kens and N is the summary length. When i = 1,
y<1 is the empty sequence, and the first token is
generated conditioned only on (X,Z). We seek
to generate an optimal summary Ỹ by maximum
likelihood (ML), i.e., Ỹ = argmaxY pθ(Y |X,Z).
However, finding the exact ML solution (summary)
is intractable due to the exponential size of the
output space. In practice, we approximate this by
generating a set of candidate summaries using nu-
cleus sampling (Holtzman et al., 2019).

To generate high-quality summaries, it is de-
sirable to align Ỹ with a chosen quality score
SD(Ỹ ) = S(Ỹ |X,D) that evaluates the summary
Ỹ given the document X for some evaluation crite-
rion D. In this work, we focus on summary com-
pleteness and conciseness, as defined in Song et al.
(2024a), however, there are several others that can
be considered (Lloret et al., 2018). Moreover, for
generality purposes, we assume that S(·) is pro-
vided by a black-box model, i.e., a learned scorer
that assigns quality scores but does not expose
(propagate) gradients. This assumption promotes
scalability and modularity, since the scorer can be
replaced or improved independently of the genera-
tion model and, in principle, can be applied to any
generator without retraining. Previous work has
also explored differentiable scoring functions, such
as learned reward models for RL (Kaelbling et al.,
1996), but these approaches require gradient access
and often suffer from stability issues during opti-
mization (Schulman et al., 2017). In the remainder
of this work, S(·) is a model-based score.

Our objective is to model pθ such that the gen-
erated summary Ỹ achieves a high overall aver-
age quality score Ssum(Ỹ ) = Scom(Ỹ ) + Scon(Ỹ ),
where Scom(Ỹ ) and Scon(Ỹ ) are the completeness
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and conciseness scores, respectively. In general,
we can define Ssum(Ỹ ) as the sum or average of
a given collection of model-based scores of inter-
est. For example, we could also have considered
a faithfulness score. It is worth noting that dif-
ferent quality dimensions often involve trade-offs,
i.e., improving conciseness may come at the ex-
pense of completeness, and vice versa. This is
justified because these two scores are inherently
at odds: striving for completeness often leads to
longer summaries with more information, which
can reduce conciseness, whereas optimizing for
conciseness typically requires discarding certain
details, potentially harming completeness. Conse-
quently, it is difficult to produce a single summary
Ỹ that maximizes both quality scores simultane-
ously. This trade-off arises from the limited word
“budget” available for a summary, thus compress-
ing content inevitably forces choices about what
to include and what to omit, making it challenging
to excel on all quality metrics of the summary at
once. Thus, it is desirable to equip pθ with a control
mechanism that enables it to generate summaries
tailored to different dimensions, e.g., completeness
or conciseness. Importantly, Z in (1) now not only
guides the summarization process but also controls
the specific quality dimension. Hence, another goal
is to guide the model pθ to generate a summary Ỹ
prioritizing a specific criterion D = {com, con},
while achieving a high-quality score SD(Ỹ ).
Optimizing Completeness and Conciseness
Based on the benchmark results using FineSurE
reported by Lee et al. (2024), existing models ex-
hibit reasonably strong performance in terms of
faithfulness but lag behind in completeness and
conciseness. Song et al. (2024b) use Direct Pref-
erence Optimization (DPO) (Rafailov et al., 2024)
to align large language models with human feed-
back. However, DPO is computationally expensive,
provided that one needs to compute losses from
two models (the policy network and the reference
network). Moreover, Liu and Henao (2025) show
that DPO performs poorly on tasks such as ranking,
due to its simplistic pairwise ranking logic. Moti-
vated by these observations, we consider adopting
the margin ranking (MR) loss (Liu et al., 2023b;
Chern et al., 2023; Liu et al., 2022):

LMR =
∑K

k=1

∑K
j>k max(0, sj−sk+λjk) , (2)

where {sk}Kk=1 are the log-likelihood of a collec-
tion of K summaries {Ỹk}Kk=1, defined as sk =

1
N

∑N
i=1 log pθ(yi|y<i, X, Z), and sorted so that

sk > sj if Ssum(Ỹk) > Ssum(Ỹj) for all k, j ∈
{1, . . . ,K}. We set the margin λjk = λ× (j − k)
for a hyperparameter λ, which is selected through
cross-validation in our experiments.

Conceptually, the loss in (2) encourages the
model to produce outputs whose log-likelihood
scores are ordered consistently with the model-
based quality scores {Ssum(Ỹk)}Kk=1, penalizing
pairwise order violations. Moreover, the margin
enforces a minimum separation between outputs,
improving robustness as supported by the literature
on maximum-margin methods (Smola, 2000).

An unintended consequence of the loss in (2)
is that it focuses only on preserving the order of
{Ssum(Ỹk)}Kk=1, without considering their qual-
ity. To address this and following Liu and Henao
(2025), we introduce an additional objective that
directly encourages maximizing the model-based
score of the generated summary Ỹ relative to the
best reference summary from {Ỹk}Kk=1. We define

LMS = max
(
0,
(
Ssum(Yref)− Ssum(Ỹ )

)
f(s1)

)
, (3)

where s1 is the log-likelihood corresponding to the
ML Ỹ under pθ(Y |X,Z), f(·) is the exponential
function (used to transform log-likelihood to like-
lihood), and Yref is the reference summary taken
from the set {Ỹk}Kk=1, which is one with the highest
model-based score among Ssum({Ỹk}Kk=1).

Recall that Ỹ is generated using nucleus sam-
pling. Thus, LMS aims to improve the model-based
quality score of the top prediction relative to the
best reference. As shown in Figure 2, the MR loss
LMR encourages the alignment of log-likelihoods
with model-based scores for a set of K generated
summaries, which in the figure is indicated in blue
and red for correct and incorrect alignments, respec-
tively. Moreover, the MS loss LMS encourages the
model to assign higher scores to the top prediction,
thereby improving summary quality overall.

So far, the objective in (2) and (3) is to produce
high-quality summaries. Next, we propose a learn-
ing strategy to train a model capable of generating
controllable summaries.
Optimizing Controllability Song et al. (2024b)
examine how focusing on a specific dimension af-
fects summary quality compared to considering all
dimensions equally. Their experiments shed light
on the concept of “alignment tax” (Noukhovitch
et al., 2023; Guo et al., 2024), which refers to the
trade-off where enhancing alignment with one ob-
jective (e.g., conciseness) may reduce performance
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Figure 2: Model architecture and loss functions. The model takes an input document along with a specific prompt to generates
K summaries, which are used to compute different loss components. The prompts for Com↑, Con↑ and Bal are designed to
prioritize a more complete, more concise or a balanced summary, respectively.

in another (e.g., completeness). However, existing
approaches do not effectively control the summary
quality along specific dimensions (e.g., complete-
ness or conciseness). To address this limitation,
we incorporate the ratio between completeness and
conciseness scores as a training signal, guiding
the model to shift the summary toward the desired
summarization dimensions during training.

For simplicity, we categorize the generation pro-
cess into three scenarios: i) prioritizing complete-
ness (Com↑), ii) prioritizing conciseness (Con↑),
and iii) balancing completeness and conciseness
(Bal). The prompt Z in (1) thus not only guides the
summary generation, but also specifies the desired
quality trade-off. Details of the prompts used for
each scenario are provided in Appendix D.

To capture these three scenarios, we first define
Sratio(Ỹ ) = Scom(Ỹ )/Scon(Ỹ ). For scenario i),
we maximize Sratio(Ỹ ); for scenario ii), we max-
imize Sratio(Ỹ )−1; and for scenario iii), we aim
for Sratio(Ỹ ) → 1. We define the control-oriented
loss as follows.

LCO =





max
(
0, [Sratio(Yref)− Sratio(Ỹ )]f(s1)

)
, Com↑,

max
(
0, [Sratio(Ỹ )− Sratio(Yref)]f(s1)

)
, Con↑,

max
(
0, [| logSratio(Ỹ )| − | logSratio(Yref)|]f(s1)

)
, Bal,

(4)

where s1 is the log-likelihood of the ML gener-
ated summary Ỹ , f(·) is the exponential function
(used to transform log-likelihood to likelihood),
and Yref is the reference summary selected from
the set {Ỹk}Kk=1, which is the one with the highest
model-based score among Sratio({Ỹk}Kk=1). This
loss enforces the desired adjustment in the ratio
Sratio(Ỹ ), pushing it higher when completeness is
prioritized, lower when conciseness is prioritized,
and closer to 1 in the balanced case.

As shown in Figure 2, the control loss LCO in-
troduces prompt-specific control signals. Input

prompts are categorized into one of three types:
Com↑, Con↑ or Bal. The model learns to condition
its output on these control types, favoring complete-
ness over conciseness for the first, conciseness over
completeness for the second, and balancing both
for the third. This enables fine-grained control over
summary characteristics, improving flexibility and
alignment with user intent.

Although LCO enables the model to generate
summaries aligned with prompt-specific prefer-
ences, the scoring mechanism in (2) applies a uni-
form aggregation of completeness and conciseness
scores, which lacks the granularity needed to re-
flect these nuanced control signals. In (2), the sum-
maries are ranked according to their overall score
Ssum(Ỹ ) = Scom(Ỹ ) + Scon(Ỹ ). However, this
simple aggregation fails to reflect fine-grained pref-
erences. For example, summaries with (Scom =
0.9, Scon = 0.1), (Scom = 0.1, Scon = 0.9), and
(Scom = Scon = 0.5) produce the same Ssum, but
exhibit very different trade-offs. So motivated,
we update Ssum → Ssum∗ in (2) to incorporate
scenario-specific penalties. Specifically,

Ssum∗ = Ssum − δ · ϕ(Scom, Scon), (5)

with the penalty term ϕ(·, ·) defined as:

ϕ(Scom, Scon) =





Scon − Scom, Com↑,

Scom − Scon, Con↑,
|Scom − Scon|, Bal,

where δ > 0 is a hyperparameter (set using cross-
validation) that determines the strength of the
penalty for deviation from the desired trade-off.
This loss encourages fine-grained priorities to bet-
ter align with the specified criteria when the av-
erage scores of completeness and conciseness are
identical across options. By subtracting δ · ϕ from
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Ssum, Ssum∗ becomes a more discriminative scor-
ing function that aligns better with task-specific
preferences, even when raw scores Ssum are tied.

Finally, we combine the margin ranking loss in
(2) modified using (5) with the score-improving
loss in (3) and control-oriented loss (4) as

LTotal = LMR + γLMS + βLCO, (6)

where γ is a hyperparameter that balances the
improvement of model-based scores and β bal-
ances controllability. These {γ, β} are tuned using
cross-validation in our experiments. Details of the
FineSurE calculation and the corresponding prompt
designs can be found in Appendices B and C.

3 Experiments

Datasets We consider three datasets from five
different domains. The FeedSum dataset (Song
et al., 2024b) includes separate training and test
sets drawn from different domains of documents.
The training set contains a diverse collection of
model-generated summaries, each annotated with
fine-grained FineSurE scores. Due to computa-
tional constraints, we focus on short document
types in this study. Specifically, we use three in-
domain datasets for training and evaluation, namely
Wikihow (lifestyle) (Koupaee and Wang, 2018),
CNN/DM (news) (Nallapati et al., 2016), and Di-
alogSum (daily life conversations) (Chen et al.,
2021). We also evaluate generalization to two
out-of-domain summarization datasets: OpoSum
(product reviews) (Angelidis and Lapata, 2018)
and MeQSum (medical) (Abacha and Demner-
Fushman, 2019). In the Appendix, we show Ta-
ble 7, which summarizes these three datasets.
Baselines We compare our method with five
popular prompt-based LLMs: LLaMA (Touvron
et al., 2023a,b; Dubey et al., 2024), Qwen (Yang
et al., 2024), Mistral (Jiang et al., 2023),
GPT (Ouyang et al., 2022) and Gemini (Team et al.,
2023). For LLaMA, we consider two variants:
LLaMA-3.1-8B-Instruct and SummLLaMA3-8B,
the latter being a fine-tuned version trained on the
FeedSum dataset (Song et al., 2024b). For Qwen,
we use the Qwen2.5-7B-Instruct model, and
for Mistral, we evaluate Mistral-7B-Instruct.
For GPT, we consider GPT-4o, GPT-4o-mini,
and GPT-4-turbo. For Gemini, we only use
gemini-2.0-flash. The prompts for controlled
summary generation can be found in Appendix D.
Evaluation Metrics We use Spearman’s rank
correlation coefficient to measure the alignment

between model predictions log pθ({Ỹk}Kk=1 and
model-based scores Ssum({Ỹk}Kk=1). A higher
Spearman correlation indicates stronger alignment
between the model’s likelihood estimates and the
model-based scores, suggesting that the model as-
signs higher probabilities to summaries that are
rated more favorably. We also consider the har-
monic mean of completeness and conciseness
scores to evaluate the overall quality of a sum-
mary: HM(Ỹ ) = 2/(Scom(Ỹ )−1 + Scon(Ỹ )−1).
A higher harmonic mean HM(Ỹ ) is associated with
better overall summary quality. Lastly, we obtain
the control ratio to assess the ability of the model
to guide summaries toward the desired dimension:
R(Ỹ ) = (log(Scom(Ỹ )/Scon(Ỹ )))α, where α = 1
when prioritizing completeness or balance; and
α = −1 when prioritizing conciseness. We expect
R(Ỹ ) to be high when completeness or conciseness
is explicitly prioritized, depending on the value of
α, and to be close to zero when balance is desired.
Implementation Our methodology considers
Qwen2.5-7B-Instruct, Mistral-7B-Instruct,
and LLaMA-3.1-8B-Instruct using a single
NVIDIA H100 GPU. To increase the diversity of
the candidate pool, we obtain K-candidate sum-
maries by combining K − 1 reference summaries
randomly sampled from the FeedSum dataset
(Song et al., 2024b), which contains summaries
generated by various models, with the top sum-
mary prediction produced by our model via nucleus
sampling. These summaries constitute the set of
candidates used to compute the loss. The model
is fine-tuned for three epochs, and during each it-
eration, the newly generated summary is added to
the reference summary pool. All models were ini-
tialized from pre-trained backbones and fine-tuned
using LoRA (Hu et al., 2022). The hyperparameter
selection and their settings are in Appendix E.

For ranking-based evaluation, we set our own
test split from the FeedSum training data since the
original FeedSum (Song et al., 2024b) test set does
not contain diverse model-generated summaries
with corresponding FineSurE scores. Specifically,
we sampled 100 summaries from each domain to
form a test set for ranking-based evaluation, and
used the remaining 12,000 examples as the training
set. The original FeedSum test set was retrained
for summary quality evaluation using HM(Ỹ ), and
control ability using R(Ỹ ) and FineSurE scores
obtained through GPT-4o, which was selected to
align with SummLLaMA (Song et al., 2024b), and
thus ensuring a consistent comparison.
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Figure 3: Model performance across different control settings. Each point represents the mean of HM(Ỹ ) (y-axis) and R(Ỹ )
(x-axis) across all test cases in FeedSum test set. Models are grouped by color into four categories: Baseline models (blue), Our
methods (green), SummLLaMA (orange), and Commercial models (red). The three panels show performance under different
control priorities: Com↑ prioritizes completeness, Con↑ prioritizes conciseness, and Bal aims to balance both. The vertical
dashed line at R(Ỹ ) = 0 represents the controllability target (reference) between completeness and conciseness.

Model Median IQR
LLaMA 0 (-0.3, 0.22)
SummLLaMA 0.04 (-0.26, 0.38)
LLaMA* 0.15 (-0.19, 0.37)
Qwen -0.02 (-0.34, 0.29)
Qwen* 0.22 (-0.02, 0.46)
Mistral -0.03 (-0.23, 0.19)
Mistral* 0.09 (-0.19, 0.38)

Table 1: Spearman correlation between model likelihood
and model-based scores for K summaries and all cases in
the test dataset. We report the median and interquartile range
(IQR). The best result is highlighted in bold. The asterisk
(*) indicates the base foundation model fine-tuned using the
proposed method.

Ranking performance Section 2 introduced our
approach to aligning model predictions with model-
based scores, specifically using the margin-ranking
objective (LMR) in (2). Table 1 shows the results
using (median) Spearman correlations to compare
alignment quality. These are reported for all cases
in the FeedSum test dataset. For completeness, we
also report the Pearson and Kendall’s tau correla-
tion metrics in the Appendix Table 6.

Among all models evaluated, Qwen* achieves
the highest median Spearman correlation (0.22),
with an interquartile range of (-0.02, 0.46). Qwen*
refers to the Qwen base model fine-tuned using
the proposed method. This result suggests that our
alignment approach is effective when applied to the
Qwen architecture. LLaMA*, ranks second with a
median score of 0.15 and a relatively tight IQR of
(-0.19, 0.37), which outperforms its base version
(LLaMA, median 0.00) and the variant SummL-
LaMA (median 0.04), further demonstrating the
general effectiveness of our training strategy in en-
hancing alignment with quality scores. The consis-
tently higher Spearman correlations for all our fine-
tuned models indicate that our method may also
be useful for summary quality ranking via model
likelihoods. The Spearman scores distributions for
all models are shown in Appendix Figure 5.

Quality and Controllability Performance In (3)
(LMS), we introduced a loss to improve the quality
of model-generated summaries. We now evalu-
ate the quality of these summaries using FineSurE.
Specifically, we seek high completeness and con-
ciseness scores for generated summaries, which we
evaluate using the HM(Ỹ ) score introduced above.
Complementary, for controllability performance
we seek high R(Ỹ ) values for Com↑ and Con↑,
which imply that the model assigns greater impor-
tance to the higher-priority attribute, completeness
or conciseness, respectively; or R(Ỹ )→ 0 when a
balanced (Bal) summary is of interest. In general,
the objective is to maintain high quality genera-
tion while ensuring effective control. Therefore,
a higher HM(Ỹ ) value is preferred, along with
preferably a higher R(Ỹ ).

Figure 3 separately shows the mean HM(Ỹ ) and
R(Ỹ ) metrics for the three control scenarios (Com↑,
Con↑ and Bal), 10 different methods (3 baseline
open source models, 3 corresponding fine-tuned
models, SummLLaMa and three commercial mod-
els), for all the test cases in the FeedSum test set.
We observe the following: i) In the (Com↑) and
(Con↑) scenarios, we seek models on the right-
hand side of the R(Ỹ ) scale (i.e., with R(Ỹ ) > 0)
while also producing high HM(Ỹ ) values. How-
ever, SummLLaMA (orange) achieves reasonable
HM(Ỹ ) scores but consistently produces negative
R(Ỹ ) values in the (Com↑) setting, favoring con-
ciseness regardless of the intended control. This
indicates limited controllability, which is likely
due to its optimization for general summarization
quality rather than controllable generation. ii) Our
models (green), especially LLaMA*, achieve high
HM(Ỹ ) scores and positive R(Ỹ ) values, demon-
strating effective controllability and strong sum-
mary quality. iii) In the (Bal) setting, we aim
for models near the dashed line (R(Ỹ )→ 0), in-
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Figure 4: Distributions of R(Ỹ ) (x) and HM(Ỹ ) (y) metrics. Com↑ prioritizes completeness, Con↑ prioritizes conciseness, and
Bal to balance them. Blue dashed lines mark the mean of the metrics, and the arrows point in the direction in which metrics are
better or worse.

dicating balanced attention to both completeness
and conciseness, together with high HM(Ỹ ). Here,
LLaMA* matches SummLLaMA in HM(Ỹ ) but
is much closer to the target R(Ỹ ), showing that
our method achieves better controllability without
sacrificing quality. iv) Baseline models (blue) gen-
erally exhibit higher controllability, but underper-
form in terms of HM(Ỹ ) compared to our meth-
ods. v) Commercial models (red) exhibit good con-
trollability ( R(Ỹ ) aligned with the desired direc-
tion), but their overall HM(Ỹ ) scores are lower. vi)
Keyprompt is a prompt-oriented baseline in which
we prompt the model to first generate key facts and
then produce a summary conditioned on these key
facts. Although the prompt-based method offers
flexibility and achieves reasonable controllability
(i.e., R(Ỹ )), it comes at a significant cost in terms
of overall summary quality, with its HM(Ỹ ) being
considerably lower than our fine-tuned LLaMA*
across all control settings.

These results demonstrate that our models con-
sistently achieve strong performance and robust
control, outperforming both baselines and commer-
cial systems in balancing quality with controllabil-
ity. Detailed values for all baseline model compar-
isons are provided separately in Appendix Table 10.

To better illustrate the ability of each model to
generate high-quality summaries (by HM(Ỹ )) and
controllability (by R(Ỹ )), we show their distribu-
tions (as contours) in Figure 4, where the x and
y axes represent R(Ỹ ) and HM(Ỹ ), respectively,
and the color indicates density. The blue marker
is the mean HM(Ỹ ) and R(Ỹ ) from Table 10. We

expect distributions to be concentrated in the upper-
middle region, reflecting both high summary qual-
ity and effective control. For the scenarios Com↑
and Con↑, we hope to see the distribution tail ex-
tend to the right, which indicates a consistent con-
trol bias aligned with the prompt while maintaining
high quality. Under the Bal setting, we hope for a
clustered distribution in the upper-middle region,
thus summaries that are both complete and concise.

As shown in Figure 4, among all models: i)
LLaMA* (our method) consistently produces the
most favorable distribution, concentrated in the de-
sired region for all three settings, and generally
shifted upward (indicating high HM(Ỹ )), suggest-
ing both strong control and high-quality output.
ii) In contrast, across all settings, SummLLaMA
consistently produces overly concise summaries
(evidenced by a leftward shift in the Com↑ and Bal
settings), which indicates poor controllability. iii)
LLaMA demonstrates better control alignment (i.e.,
correct shift in R(Ỹ )), but its lower HM(Ỹ ) values
suggest limited summary quality. Results for all
models are shown in Appendix Figures 7 and 8.
Ablation study We conducted an ablation study
to assess the individual contributions of each com-
ponent in our loss function: MR (ranking), MS
(generation quality), and CO (control), all under
the same training setup.

In Table 2, we compute the Spearman correla-
tion between model likelihoods and model-based
evaluation scores over K sampled summaries for
all test cases, under different LLaMA fine-tuning
settings with ablated loss components. This eval-
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Model Median IQR
LLaMA* (MR) 0.07 (−0.27, 0.37)
LLaMA* (MS) 0.04 (−0.26, 0.38)
LLaMA* (CO) 0.05 (−0.26, 0.38)
LLaMA* (MR+MS) 0.14 (−0.16, 0.38)
LLaMA* (MR+CO) 0.12 (−0.16, 0.36)
LLaMA* (MS+CO) 0.04 (−0.26, 0.38)
LLaMA* (MR+MS+CO) 0.15 (−0.19, 0.37)

Table 2: Spearman correlation analysis for ablation on
LLaMA loss components. The best results are high-
lighted in bold, and the asterisk (∗) denotes the base
LLaMA model fine-tuned using the proposed objective.

uates how well the model aligns with summary
quality. We report the median and interquartile
range (IQR) for each configuration. Using MR
alone yields only limited improvements in rank-
ing performance. However, when MR is combined
with MS or CO, the ranking results improve no-
ticeably. In fact, the full combination of MR, MS,
and CO achieves the highest median correlation,
indicating a strong synergy among the losses. For
control quality, in Appendix Table 8, we show that
incorporating MS leads to better generation quality,
reflected in higher HM(Ỹ ) scores, while adding
CO enhances controllability, as shown by improve-
ments in R(Ỹ ). The combination of the three losses
results in a well-balanced trade-off between sum-
mary quality and controllability. Thus, these find-
ings highlight the complementary roles of the loss
components and provide empirical support for the
effectiveness of our composite training objective.
Human Study To assess whether our model effec-
tively learns to generate summaries with control-
lable attributes, we conducted a human evaluation
based on pairwise comparisons.

We use our fine-tuned model (LLaMA*) to gen-
erate summaries under different control prompts
(Com↑, Bal, Con↑) and construct pairwise compar-
isons between them. To reduce potential biases
related to length, we filtered for summary pairs in
which both outputs contained the same number of
sentences. From this filtered set, we sampled 60
summary pairs for human annotation. These were
divided into five sets of annotations, each contain-
ing 20 pairs. The first 10 pairs were shared among
all annotators to measure inter-annotator agreement
(IAA), while the remaining 10 were unique to each
annotator. The evaluation of the human-model
alignment used all pairs. For this task, annota-
tors were asked to read two summaries generated
from the same document and select the one they
considered more complete. No additional instruc-

A_1 A_2 A_3 A_4 A_5
A_1 1.00 0.60 0.80 0.60 1.00
A_2 - 1.00 0.40 0.60 0.60
A_3 - - 1.00 0.40 0.80
A_4 - - - 1.00 0.60
A_5 - - - - 1.00

Average ± Std 0.64 ± 0.18

Table 3: Inter-annotator agreement matrix for Cohen’s
kappa (κ) with average and standard deviation.

Annotator Accuracy Spearman (ρ)
A_1 0.95 0.903
A_2 0.80 0.612
A_3 0.65 0.385
A_4 0.95 0.903
A_5 0.90 0.816
Average ± Std 0.85 ± 0.18 0.72 ± 0.22

Table 4: Annotator performance in terms of Accuracy
and Spearman correlation (ρ).

tions on conciseness or fluency were provided, as
the focus was solely on completeness. Then, their
preferences were compared to the control signal
given to the model. We assumed an ordinal rela-
tionship among the control settings (Com↑ > Bal >
Con↑), and based on this, assigned a pseudo-label
to each pair, e.g., if summary A was generated un-
der a higher completeness setting than summary B,
it was labeled 1, indicating that A should be more
complete; otherwise, labeled 0.

Five annotators participated in the study. IAA
was assessed using Cohen’s kappa (κ) on the
10 shared examples. Table 3 shows an average
κ = 0.64 ± 0.18, indicating moderate to substan-
tial agreement and consistent annotation behavior
among annotators. To evaluate model-human align-
ment, we computed the accuracy and Spearman’s
rank correlation (ρ) between the model’s pseudo-
labels and human preferences, using all 20 exam-
ples per annotator. Table 4 reports an average ac-
curacy of 0.85± 0.18 and an average Spearman’s
of ρ = 0.724 ± 0.22. These results demonstrate
a strong alignment between the model’s control-
guided outputs and human judgments, supporting
the effectiveness of our approach for controllable
summary generation.
Domain-Specific Results To assess domain adap-
tation capabilities, we analyze the performance on
WikiHow (lifestyle), CNN/DM (news), and Dialog-
Sum (dialog), as shown in Appendix Figure 10.
We observe the following: i) Our model achieves
strong HM(Ỹ ) and R(Ỹ ) scores in all domains.
However, in the (Com↑) setting on CNN/DM, mod-
els such as Qwen* and Mistral* produce negative
R(Ỹ ), indicating the difficulty in generating com-
plete summaries. ii) In contrast, commercial mod-
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els consistently achieve positive R(Ỹ ) under the
(Com↑) setting across all domains, demonstrating
their effectiveness in prioritizing completeness. iii)
SummLLaMA consistently exhibits negative R(Ỹ )
in both (Com↑) and (Bal) settings, despite achiev-
ing high HM(Ỹ ) scores, highlighting a lack of
controllability across domains. To evaluate out-
of-domain robustness, we assess performance in
OpoSum (product reviews) and MeQSum (medical
summaries), as shown in Appendix Figure 9. Simi-
lar trends are observed: i) Commercial models lead
in both HM(Ỹ ) and R(Ỹ ), indicating that open-
source models still have room for improvement.
ii) our method outperforms the baselines in both
HM(Ỹ ) and controllability, and SummLLaMA re-
mains overly concise. The complete results are
provided in Appendix Tables 14 and 13.
Extended Quality Evaluation To prevent reward
hacking (Skalse et al., 2022), we evaluate mod-
els using G-Eval+ (Lee et al., 2024), as shown
in Appendix Figure 6. We observe the following:
i) Nearly all models exhibit negative R(Ỹ ) val-
ues under the Com↑ and Bal settings, indicating
limited controllability. Our method mitigates this
issue under the LLaMA and Qwen frameworks,
shifting the R(Ỹ ) toward the positive direction
while also improving HM(Ỹ ). ii) LLaMA* con-
sistently outperforms both LLaMA and SummL-
LaMA in terms of overall quality (HM(Ỹ )) and
controllability (R(Ỹ )), demonstrating a better bal-
ance between the two. iii) Commercial models
achieve strong performance, with consistently high
scores in both HM(Ỹ ) and R(Ỹ ), reflecting su-
perior summary quality and controllability. The
complete results are in Appendix Table 12. More-
over, we considered additional dimensions (con-
sistency, coherence, fluency and relevance) using
G-Eval (Liu et al., 2023a), and ROUGE (Lin, 2004)
and BERTScore (Zhang et al., 2019) compared
against human reference summaries. The results in
Appendix Table 9 show that our model (LLaMA*)
consistently outperforms the SummLLaMA base-
line in most G-Eval metrics and shows clear im-
provements over untrained LLaMA, demonstrating
the effectiveness of our control-aware training. Im-
provements in ROUGE and BERTScore are com-
paratively smaller, likely due to a broad overlap
with the reference summaries. We also report the
faithfulness score in Table 11 and Table 12, show-
ing that our method maintains high faithfulness.
Dimension Extension To verify the effectiveness
of our method, we also conduct experiments along

different dimensions. In this setting, we focus on
completeness and faithfulness. As shown in Ap-
pendix Figures 11 and 12, both the baseline model
and SummLLaMA struggle to achieve positive per-
formance in the Com↑ setting (R(Ỹ ) > 0). In con-
trast, after training with our approach, the model
can be effectively guided along the desired dimen-
sion. We report the detailed results in Table 15.

4 Discussion
Our proposed method is related to Reinforcement
Learning from AI Feedback (RLAIF) in that it
learns from AI feedback. However, the key dis-
tinction lies in the training objective and computa-
tional requirements. Standard RL approaches, such
as PPO (Schulman et al., 2017) or GRPO (Shao
et al., 2024), require keeping a reference model
to compute the policy loss and to constrain policy
updates. This design increases both memory con-
sumption and training cost; as it involves additional
forward passes and parameter storage. In contrast,
our method adopts a ranking-based objective rather
than a reinforcement learning objective. It does not
require hosting with a reference model. As a result,
the training process is simpler and computationally
more efficient. The current work focuses on two im-
portant summarization dimensions, while the pro-
posed framework is readily compatible with other
perspectives, such as stylistic attributes, which can
be incorporated in future work through the same
scoring and ranking formulation.

Limitations

The method is heavily dependent on the quality of
the external scoring function FineSurE. Although
it correlates with human judgments, it remains an
imperfect proxy, and thus it can introduce biases
or systematic errors. If the scorer fails to capture
certain aspects of quality (e.g., fluency or discourse
coherence), the model may overfit to these incom-
plete signals, leading to reward misalignment or
reward hacking. The approach also relies on sam-
pling multiple candidate summaries K to compute
ranking losses, which introduces additional compu-
tational overhead compared to standard maximum
likelihood training. Moreover, the training signal is
sensitive to the quality and diversity of the sampled
candidates. Finally, the framework is validated
only on two quality dimensions (e.g., completeness
and conciseness). Although the formulation is gen-
eral, its effectiveness in scenarios involving three
or more dimensions remains unexplored.
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A Related Work

Summary Evaluation Traditional summarization
metrics (e.g., ROUGE) correlate poorly with hu-
man judgments of semantic fidelity and factuality.
Recent LLM-based evaluators instead assess con-
tent at a finer granularity (Laban et al., 2023; Lu
et al., 2023). To be specific, FineSurE (Song et al.,
2024a) extracts atomic keyfacts from the source
and summary, computing completeness and con-
ciseness by aligning these keyfacts with summary
sentences, delivering interpretable and dimension-
specific scores. UniSumEval (Lee et al., 2024) pro-
vides a unified and robust resource for benchmark-
ing summarization systems, facilitating a more ac-
curate and comprehensive performance evaluation.
Collectively, these works mark a shift from token-
level to content-level evaluation, paving the way
for more reliable and actionable supervision. Our
work moves a step further by using these scores as
a reward signal for model refinement.
Summary Optimization Training summarization
models directly with non-differentiable metrics
has been attempted via reinforcement learning
(RL) and preference learning. Early RL meth-
ods treat evaluation scores as rewards (Kaelbling
et al., 1996), e.g., Proximal Policy Optimization
(PPO) (Schulman et al., 2017) or Direct Preference
Optimization (DPO) (Rafailov et al., 2024). How-
ever, they come at the cost of either high variance
and instability or substantial computation cost.

Ranking-based objectives offer a more scalable
alternative. BRIO (Liu et al., 2022) casts summa-
rization as a contrastive ranking task, encouraging
higher-quality candidates to outrank inferior ones.
Subsequent work introduces margin ranking losses
to enforce explicit quality separations (Liu et al.,
2023b; Chern et al., 2023). Contrastive sequence
learning approaches like GEC-Sum (Xie et al.,
2024) further integrate automated evaluation scores
into end-to-end fine-tuning. More recently, Song
et al. (2024b) showed that LLM-generated critiques
can serve as effective supervision signals, closing
the gap between human feedback and model train-
ing. Yun et al. (2025) propose an inference-time
refinement method that performs multiple iterations
for a single input. Given a document, the model
first generates an initial summary and then com-
putes its FineSurE score. This score is fed back to
the model as a feedback signal to refine the sum-
mary, and the process is repeated until the summary
reaches a sufficiently high score.

Despite these advances, most methods optimize
a single aggregated score and lack mechanisms to
steer generation along distinct quality dimensions.
Importantly, controlling or steering model gener-
ation has been increasingly recognized as essen-
tial (Wang et al., 2025). This is further supported
by work on the “alignment tax” (Noukhovitch et al.,
2023; Guo et al., 2024), which reveals that improv-
ing one objective (e.g., conciseness) often degrades
another (e.g., completeness). In contrast, our ap-
proach combines fine-grained LLM-based scoring,
margin ranking, and a control-oriented loss to en-
able high-quality summaries that can be flexibly
tuned toward completeness, conciseness, or a bal-
anced trade-off.

B FineSurE

The Finegrained Summarization Evaluation
(FineSurE) model is a recently proposed model-
based score that uses large language models
(LLMs) to evaluate the summarization quality of a
generator at a fine-grained level through summary
sentences they call keyfacts (Song et al., 2024a). A
keyfact is defined as a short sentence conveying a
single key information element, consisting of at
most 2 or 3 entities, where an entity refers to a
salient concept, object, or named item (e.g., people,
organizations, locations, or events). These keyfacts
are also known as semantic content units (Bhandari
et al., 2020).

To measure the completeness and conciseness of
a generated summary, we rely on a process called
keyfact alignment, which assesses how well the con-
tent of the summary corresponds to the key infor-
mation elements in the source document. The align-
ment of keyfacts serves as the foundation for com-
puting both completeness and conciseness scores.
It involves determining which keyfacts extracted
from the source document are present in the sum-
mary and then identifying the summary sentences
that express them. Although humans are generally
best at generating keyfacts, particularly in special-
ized domains such as medicine or sales, where
content prioritization requires domain expertise,
obtaining such annotations can be costly or imprac-
tical. FineSurE is designed to use human-provided
keyfacts when available. Alternatively, both key-
fact extraction and alignment are automatically per-
formed using the LLM with task-specific prompts,
as shown in Appendix C.

Suppose that after keyfact extraction, a docu-
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ment X contains n̂ keyfacts and the summary Y
contains ñ sentences. During the keyfact align-
ment process, each keyfact may be aligned with
one or more summary sentences, or may remain un-
aligned. Let n̂∗ denote the number of keyfacts that
can be aligned with at least one summary sentence,
and ñ∗ denote the number of summary sentences
that can be aligned with at least one keyfact. The
completeness and conciseness scores are defined
as Scom(Ỹ ) = S(Ỹ |X,D = com) = n̂∗/n̂ and
Scon(Ỹ ) = S(Ỹ |X,D = con) = ñ∗/ñ, respec-
tively. These two fractions are intuitive proxy for
summary quality, because completeness is mea-
sured as the proportion of document keyfacts that
recoverable from the summary, indicating how
much of the essential source content is preserved.
Conversely, conciseness is measured as the propor-
tion of summary sentences that are aligned with
keyfacts, capturing how much of the summary is
semantically meaningful rather than redundant or
off-topic. Together, they reflect a balance between
including sufficient information and avoiding un-
necessary verbosity. Although completeness and
conciseness are central to the utility of a summary,
faithfulness, i.e., whether the summary is factually
consistent with the document constitutes a comple-
mentary but distinct dimension and is not directly
assessed by these alignment-based scores.

C Prompt for FineSurE Calculation

Prompt for keyfact extraction:
You will be provided with a summary. Your task is to

decompose the summary into a set of "key facts". A "key

fact" is a single fact written as briefly and clearly as possible,

encompassing at most 2-3 entities.

Here are nine examples of key facts to illustrate the desired

level of granularity:

* Kevin Carr set off on his journey from Haytor.

* Kevin Carr set off on his journey from Dartmoor.

* Kevin Carr set off on his journey in July 2013.

* Kevin Carr is less than 24 hours away from completing his

trip.

* Kevin Carr ran around the world unsupported.

* Kevin Carr ran with his tent.

* Kevin Carr is set to break the previous record.

* Kevin Carr is set to break the record by 24 hours.

* The previous record was held by an Australian.

Instruction:

First, read the summary carefully.

Second, decompose the summary into (at most 16) key facts.

Provide your answer in JSON format. The answer should be

a dictionary with the key "key facts" containing the key facts

as a list:

{ "key facts": ["first key fact", "second key fact", "third key

fact"], Summary: [summary] }

Prompt for keyfact alignment:
You will receive a summary and a set of key facts for the

same transcript. Your task is to assess if each key fact is in-

ferred from the summary.

Instruction: First, compare each key fact with the summary.

Second, check if the key fact is inferred from the summary and

then response "Yes" or "No" for each key fact. If "Yes", specify

the line number(s) of the summary sentence(s) relevant to each

key fact.

Provide your answer in JSON format. The answer should be

a list of dictionaries whose keys are "key fact", "response",

and "line number": ["key fact": "first key fact", "response":

"Yes", "line number": [1], "key fact": "second key fact", "re-

sponse": "No", "line number": [], "key fact": "third key fact",

"response": "Yes", "line number": [1, 2, 3]]

Summary: [summary] [N] key facts: [key-facts]

Text in blue indicates the part of the input that is
fed into the prompt.

D Prompt for Control Generation

Prompt to control model generation prioritizing
completeness over conciseness:

Below is an instruction that describes a task. Write a re-

sponse that appropriately completes the request. Instruction:

Please summarize the input document, prioritizing complete-

ness over conciseness. Return the summary in the following

JSON format: "Summary": "answer" Input:[document] Re-

sponse:

Prompt to control model generation prioritizing
conciseness over completeness:

Below is an instruction that describes a task. Write a

response that appropriately completes the request. Instruction:

Please summarize the input document, prioritizing conciseness

over completeness. Return the summary in the following JSON

format: "Summary": "answer" Input:[document] Response:

Prompt to control model generation balance com-
pleteness and conciseness:

Below is an instruction that describes a task. Write a re-

sponse that appropriately completes the request. Instruction:

Please summarize the input document, balancing complete-

ness with conciseness. Return the summary in the following

JSON format: "Summary": "answer" Input:[document] Re-

sponse:

Sometimes, the model may fail to provide the
correct JSON format, making it difficult to extract
the intended answer. In such cases, it is often nec-
essary to query the model multiple times to obtain
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a valid JSON output. Text in blue indicates the part
of the input that is fed into the prompt.

E Model Hyperparameters

For training, we selected K = 15, and used
a batch size of 4, trained for 3 epochs. We
set the hyperparameters as λ = 0.5, ϕ = 0.1,
γ = 1, and β = 1. For LoRA Training, we
used lora_alpha = 16, lora_dropout = 0, and
target_modules= {["q_proj", "k_proj", "v_proj",
"o_proj", "gate_proj", "up_proj", "down_proj"]}.
For the model generation, we used nucleus (top-p)
sampling "generation_config": GenerationConfig
"do_sample": true, "temperature": 0.6, "top_p":
0.9.

F Trade-off verification

To verify that completeness and conciseness ex-
hibit a clear trade-off relationship. We used the
FeedSum dataset, which contains 13,348 docu-
ment–summary pairs along with their complete-
ness and conciseness scores. These scores were
computed by G-Eval+ and FineSurE. We observe
that 67% of the data points fall outside the extreme
cases (1,1) and (0,0), suggesting meaningful varia-
tion between the two dimensions.

For these non-extreme points, we wanted to ex-
amine how one score behaves when the other be-
comes high. We filtered samples where either com-
pleteness or conciseness is above a certain thresh-
old, and then computed the Spearman correlation
between the two metrics.

From Table 5, we can clearly see that as one di-
mension approaches a higher score, the Spearman
correlation becomes more negative, indicating a
stronger trade-off. For G-Eval+ setting, the spear-
man correlation drops from –0.19 → –0.95. For
FineSurE, it drops from –0.04 → –0.85.

In addition to the Spearman correlation analysis
presented above, we further performed a Pareto
frontier analysis to make this relationship explicit.

Based on this analysis, we obtained the follow-
ing results: using Completeness and Conciseness
scores from G-Eval+, the Pareto-optimal region
lies in Completeness ∈ [0.800, 1.000] and Concise-
ness ∈ [0.800, 1.000], with an average trade-off
slope of –1.000, meaning that for every 1-unit in-
crease in Completeness, Conciseness decreases by
approximately 1.000 units. Using FineSurE scores,
the Pareto-optimal region lies in Completeness ∈
[0.938, 1.000] and Conciseness ∈ [0.889, 1.000],

Threshold Valid Docs Spearman Mean Spearman Std

G-Eval+

0.5 10116 -0.19±0.50 0.50
0.6 10116 -0.19±0.50 0.50
0.7 9427 -0.41±0.40 0.40
0.8 9427 -0.41±0.40 0.40
0.9 7809 -0.95±0.08 0.08

FineSurE

0.5 8515 -0.04±0.47 0.47
0.6 7335 -0.27±0.51 0.51
0.7 5633 -0.48±0.51 0.51
0.8 4196 -0.60±0.47 0.47
0.9 1916 -0.85±0.13 0.13

Table 5: Spearman correlation between completeness
and conciseness at different thresholds for non-extreme
points in the FeedSum dataset (13,348 document-
summary pairs). The mean and standard deviation are
reported for each threshold.

Model Pear Med Pear IQR Ked Med Ked IQR

LLaMA 0.034 (-0.244, 0.291) 0.013 (-0.244, 0.166)
SummLLaMA -0.037 (-0.346, 0.304) 0.035 (-0.182, 0.297)
LLaMA* 0.195 (-0.146, 0.459) 0.114 (-0.164, 0.295)
Qwen 0.027 (-0.299, 0.305) -0.034 (-0.262, 0.210)
Qwen* 0.236 (-0.021, 0.488) 0.175 (-0.024, 0.349)
Mistral 0.003 (-0.240, 0.221) -0.018 (-0.177, 0.138)
Mistral* 0.109 (-0.211, 0.396) 0.066 (-0.148, 0.304)

Table 6: Extended results including both Pearson and
Kendall correlation metrics. Pear and Ked indicates
Pearson and Kendall correlation metrics, respectively.
Med indicates Medians. * indicates our fine-tuned
version. Fine-tuned models consistently outperform
their respective baselines across all three model families
(LLaMA, Qwen, and Mistral). For example, LLaMA*
achieves a Pearson correlation of 0.195 versus 0.034
for LLaMA and –0.037 for SummLLaMA; for Kendall-
tau, LLaMA* obtains 0.114 versus 0.013 for LLaMA
and 0.035 for SummLLaMA. The best performance is
achieved by our fine-tuned Qwen*. These additional
findings further strengthen our conclusions.

with an average trade-off slope of –1.778, meaning
that for every 1-unit increase in Completeness, Con-
ciseness decreases by roughly 1.778 units. Both
analyses clearly reveal a negative trade-off. Be-
cause this trade-off is substantial and well-defined,
the problem addressed in our paper is substantiated
and deemed of research value.
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Dataset Domain Training Test

FeedSum
lifestyle

12000 600news
daily life conversation

OpoSum product reviews - 200
MeQSum medical - 200

Table 7: Dataset summary.

Figure 5: Distribution of Spearman correlations between model likelihood and model-based scores across different
models. Models are sorted from left to right by median correlation value, from lowest to highest.

Model Criteria Scom Scon HM(Ỹ ) R(Ỹ ) Succ rate Prop. of 1

LLaMA Com↑ 0.73 ± 0.24 0.52 ± 0.24 0.57 ± 0.18 0.38 ± 0.56 0.77 0.08
LLaMA Con↑ 0.57 ± 0.23 0.76 ± 0.26 0.60 ± 0.17 0.31 ± 0.60 0.65 0.22
LLaMA Bal 0.70 ± 0.26 0.69 ± 0.27 0.66 ± 0.22 0.03 ± 0.51 0.84 -
SummLLaMA Com↑ 0.63 ± 0.21 0.73 ± 0.28 0.62 ± 0.17 -0.11 ± 0.66 0.65 0.24
SummLLaMA Con↑ 0.46 ± 0.18 0.99 ± 0.07 0.60 ± 0.17 0.86 ± 0.47 0.62 0.26
SummLLaMA Bal 0.68 ± 0.27 0.97 ± 0.12 0.76 ± 0.21 -0.44 ± 0.49 0.89 -
LLaMA*(MS) Com↑ 0.75 ± 0.23 0.54 ± 0.21 0.60 ± 0.17 0.35 ± 0.51 0.78 0.07
LLaMA*(MS) Con↑ 0.56 ± 0.23 0.76 ± 0.26 0.60 ± 0.17 0.33 ± 0.60 0.66 0.23
LLaMA*(MS) Bal 0.71 ± 0.25 0.70 ± 0.26 0.67 ± 0.22 0.02 ± 0.50 0.86 -
LLaMA*(CO) Com↑ 0.74 ± 0.23 0.53 ± 0.23 0.58 ± 0.17 0.36 ± 0.56 0.78 0.10
LLaMA*(CO) Con↑ 0.56 ± 0.26 0.77 ± 0.26 0.60 ± 0.18 0.33 ± 0.59 0.65 0.24
LLaMA*(CO) Bal 0.72 ± 0.25 0.70 ± 0.27 0.67 ± 0.22 0.04 ± 0.52 0.88 -
LLaMA*(MR+MS) Com↑ 0.71 ± 0.22 0.63 ± 0.25 0.62 ± 0.16 0.15 ± 0.57 0.70 0.19
LLaMA*(MR+MS) Con↑ 0.53 ± 0.20 0.84 ± 0.24 0.63 ± 0.17 0.57 ± 0.52 0.57 0.31
LLaMA*(MR+MS) Bal 0.73 ± 0.25 0.84 ± 0.24 0.75 ± 0.22 -0.14 ± 0.47 0.89 -
LLaMA*(MR+CO) Com↑ 0.74 ± 0.21 0.60 ± 0.24 0.61 ± 0.16 0.25 ± 0.53 0.71 0.18
LLaMA*(MR+CO) Con↑ 0.53 ± 0.19 0.88 ± 0.22 0.62 ± 0.16 0.54 ± 0.51 0.59 0.29
LLaMA*(MR+CO) Bal 0.74 ± 0.25 0.80 ± 0.25 0.73 ± 0.22 -0.09 ± 0.47 0.90 -
LLaMA*(MS+CO) Com↑ 0.75 ± 0.23 0.53 ± 0.22 0.58 ± 0.18 0.38 ± 0.52 0.80 0.10
LLaMA*(MS+CO) Con↑ 0.55 ± 0.22 0.77 ± 0.26 0.60 ± 0.18 0.36 ± 0.59 0.63 0.24
LLaMA*(MS+CO) Bal 0.72 ± 0.25 0.72 ± 0.26 0.69 ± 0.21 0.01 ± 0.51 0.88 -
LLaMA*(MR+MS+CO) Com↑ 0.72 ± 0.22 0.64 ± 0.25 0.63 ± 0.17 0.15 ± 0.55 0.71 0.19
LLaMA*(MR+MS+CO) Con↑ 0.52 ± 0.19 0.92 ± 0.18 0.63 ± 0.16 0.62 ± 0.53 0.60 0.31
LLaMA*(MR+MS+CO) Bal 0.75 ± 0.25 0.85 ± 0.23 0.76 ± 0.21 -0.15 ± 0.48 0.92 -

Table 8: Ablation study on different loss components in LLaMA fine-tuning. We compare model performance
across variants of LLaMA fine-tuned with different combinations of loss components using FineSurE. The reported
values are averages across all FeedSum cases, with standard deviations in parentheses. ∗ indicates the base LLaMA
model fine-tuned with our full objective. Com↑ prioritizes completeness, Con↑ prioritizes conciseness, while Bal
aims to strike a balance between the two objectives. Succ rate denotes the percentage of examples where either Scom
or Scon is non-zero. Proportion of 1 refers to cases where both Scom and Scon are exactly 1. These are considered
uncontrollable in the Com↑ and Con↑ settings and are excluded when calculating Scom, Scon, HM(Ỹ ), and R(Ỹ ).
Under the Bal objective, however, such cases are regarded as ideal and thus retained in evaluation (denoted as “–”).
The MR-only variant is excluded here due to frequent repetition issues it introduces during generation.
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Model Category Consistency Coherence Fluency Relevance ROUGE-1 ROUGE-2 ROUGE-3 BERTScore

LLaMA
Com↑ 3.50± 1.19 2.11± 1.31 0.84± 0.78 3.06± 1.25 0.23± 0.13 0.08± 0.08 0.04± 0.06 0.30± 0.15
Con↑ 2.87± 0.88 1.58± 1.28 0.44± 0.55 2.49± 1.25 0.28± 0.14 0.09± 0.09 0.04± 0.06 0.29± 0.17
Bal 3.29± 1.30 1.91± 1.32 0.63± 0.73 2.76± 1.25 0.27± 0.14 0.09± 0.09 0.04± 0.06 0.30± 0.15

SummLLaMA
Com↑ 3.53± 1.21 2.02± 1.24 0.72± 0.74 3.00± 1.26 0.23± 0.13 0.08± 0.07 0.04± 0.05 0.31± 0.13
Con↑ 2.48± 0.79 1.30± 1.08 0.33± 0.44 2.22± 1.25 0.28± 0.14 0.09± 0.10 0.04± 0.07 0.27± 0.17
Bal 3.34± 1.15 1.67± 1.20 0.45± 0.55 2.58± 1.22 0.27± 0.14 0.10± 0.09 0.04± 0.06 0.29± 0.15

LLaMA*
Com↑ 3.48± 1.24 2.08± 1.28 0.85± 0.78 3.19± 1.27 0.23± 0.12 0.08± 0.07 0.04± 0.05 0.31± 0.14
Con↑ 2.89± 0.83 1.63± 1.21 0.49± 0.53 2.61± 1.27 0.28± 0.14 0.09± 0.09 0.04± 0.06 0.28± 0.16
Bal 3.38± 1.17 1.88± 1.22 0.65± 0.72 2.92± 1.25 0.27± 0.13 0.10± 0.08 0.04± 0.06 0.30± 0.15

Table 9: Detailed comparison of model performance across multiple quality dimensions. We evaluate consistency,
coherence, fluency, and relevance using G-Eval, reporting averages over all cases with standard deviations. ROUGE
and BERTScore are also included, computed based on human reference summaries. ∗ denotes foundation models
fine-tuned using our method. These metrics provide a more comprehensive assessment of summary quality beyond
traditional reference-based measures.

Figure 6: Scatter plot of model performance across different control settings using G-Eval+. Each point represents the mean of
HM(Ỹ ) (y-axis) and R(Ỹ ) (x-axis) across all test cases in FeedSum test set. Models are grouped by color into four categories:
Baseline models (blue), Our methods (green), SummLLaMA (orange), and Commercial models (red). The three panels show
performance under different control priorities: Com↑ prioritizes completeness, Con↑ prioritizes conciseness, and Bal aims to
balance both. The vertical dashed line at R(Ỹ ) = 0 represents the target equilibrium between completeness and conciseness,
providing a reference for model controllability.

Figure 7: Contour plot showing the distribution of models with respect to control ability (x-axis: R(Ỹ )) and
summary quality (y-axis: HM(Ỹ )). Density is represented by color, highlighting regions of strong performance.
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Model Criteria Scom Scon HM(Ỹ ) R(Ỹ ) Succ rate Prop. of 1

LLaMA
Com↑ 0.73 ± 0.24 0.52 ± 0.24 0.57 ± 0.18 0.38 ± 0.56 0.77 0.08
Con↑ 0.57 ± 0.23 0.76 ± 0.26 0.60 ± 0.17 0.31 ± 0.6 0.65 0.22
Bal 0.70 ± 0.26 0.69 ± 0.27 0.66 ± 0.22 0.03 ± 0.51 0.84 -

SummLLaMA
Com↑ 0.63 ± 0.21 0.73 ± 0.28 0.62 ± 0.17 -0.11 ± 0.66 0.65 0.24
Con↑ 0.46 ± 0.18 0.99 ± 0.07 0.60 ± 0.17 0.86 ± 0.47 0.62 0.26
Bal 0.68 ± 0.27 0.97 ± 0.12 0.76 ± 0.21 -0.44 ± 0.49 0.89 -

LLaMA*
Com↑ 0.72 ± 0.22 0.64 ± 0.25 0.63 ± 0.17 0.15 ± 0.55 0.71 0.19
Con↑ 0.52 ± 0.19 0.92 ± 0.18 0.63 ± 0.16 0.62 ± 0.53 0.60 0.31
Bal 0.75 ± 0.25 0.85 ± 0.23 0.76 ± 0.21 -0.15 ± 0.48 0.92 -

Qwen
Com↑ 0.74 ± 0.23 0.52 ± 0.21 0.57 ± 0.17 0.40 ± 0.52 0.81 0.08
Con↑ 0.64 ± 0.24 0.64 ± 0.24 0.60 ± 0.17 -0.01 ± 0.53 0.71 0.16
Bal 0.72 ± 0.25 0.64 ± 0.25 0.65 ± 0.21 0.13 ± 0.49 0.88 -

Qwen*
Com↑ 0.66 ± 0.23 0.63 ± 0.25 0.60 ± 0.16 0.05 ± 0.6 0.70 0.19
Con↑ 0.54 ± 0.21 0.78 ± 0.25 0.60 ± 0.18 0.39 ± 0.53 0.63 0.24
Bal 0.71 ± 0.26 0.75 ± 0.26 0.70 ± 0.22 -0.06 ± 0.48 0.87 -

Mistral
Com↑ 0.73 ± 0.23 0.53 ± 0.22 0.58 ± 0.18 0.36 ± 0.53 0.79 0.08
Con↑ 0.63 ± 0.24 0.63 ± 0.26 0.59 ± 0.17 -0.01 ± 0.57 0.70 0.18
Bal 0.73 ± 0.25 0.64 ± 0.26 0.64 ± 0.22 0.15 ± 0.51 0.88 -

Mistral*
Com↑ 0.67 ± 0.24 0.68 ± 0.27 0.62 ± 0.18 0.02 ± 0.64 0.63 0.20
Con↑ 0.56 ± 0.22 0.75 ± 0.27 0.59 ± 0.17 0.30 ± 0.6 0.63 0.24
Bal 0.71 ± 0.26 0.74 ± 0.27 0.69 ± 0.23 -0.03 ± 0.5 0.87 -

GPT4omini
Com↑ 0.83 ± 0.21 0.48 ± 0.2 0.58 ± 0.18 0.6 ± 0.51 0.84 0.04
Con↑ 0.67 ± 0.23 0.64 ± 0.25 0.61 ± 0.17 -0.06 ± 0.53 0.69 0.2
Bal 0.78 ± 0.23 0.62 ± 0.25 0.66 ± 0.21 0.29 ± 0.51 0.89 -

GPT4o
Com↑ 0.82 ± 0.21 0.47 ± 0.2 0.57 ± 0.18 0.62 ± 0.49 0.85 0.06
Con↑ 0.66 ± 0.23 0.61 ± 0.24 0.59 ± 0.17 -0.08 ± 0.53 0.69 0.19
Bal 0.78 ± 0.23 0.62 ± 0.26 0.66 ± 0.22 0.27 ± 0.52 0.89 -

Keyfact_GPT4o
Com↑ 0.72± 0.24 0.56± 0.22 0.59± 0.18 0.27± 0.51 0.78 0.12
Con↑ 0.56± 0.23 0.71± 0.26 0.58± 0.18 0.26± 0.56 0.62 0.24
Bal 0.70± 0.27 0.74± 0.26 0.69± 0.23 −0.06± 0.47 0.87 -

Keyfact_GPT4o*
Com↑ 0.73± 0.21 0.63± 0.27 0.63± 0.17 0.14± 0.50 0.71 0.20
Con↑ 0.52± 0.26 0.93± 0.26 0.63± 0.18 0.65± 0.50 0.60 0.32
Bal 0.74± 0.23 0.84± 0.21 0.75± 0.25 −0.16± 0.51 0.91 -

GPT4-turbo
Com↑ 0.88 ± 0.17 0.61 ± 0.2 0.69 ± 0.15 0.42 ± 0.45 0.77 0.18
Con↑ 0.69 ± 0.2 0.82 ± 0.21 0.71 ± 0.14 0.18 ± 0.49 0.54 0.42
Bal 0.86 ± 0.19 0.81 ± 0.22 0.81 ± 0.18 0.07 ± 0.38 0.95 -

Gemini
Com↑ 0.86 ± 0.2 0.45 ± 0.19 0.57 ± 0.18 0.71 ± 0.49 0.86 0.03
Con↑ 0.61 ± 0.24 0.66 ± 0.25 0.59 ± 0.16 0.08 ± 0.58 0.67 0.22
Bal 0.76 ± 0.24 0.66 ± 0.26 0.67 ± 0.21 0.16 ± 0.49 0.88 -

Table 10: Detailed comparison of model performance using FineSurE. The value shows averages over all cases in
FeedSum with standard deviations. ∗ indicates the foundation model fine-tuned using our method. Com↑ prioritizes
completeness, Con↑ prioritizes conciseness, and Bal aims to balance both. Succ rate denotes the proportion of
cases where either Scom or Scon is non-zero. Proportion of 1 indicates the proportion of cases where both Scom and
Scon equal 1. In the Com↑ and Con↑ settings, these are considered uncontrollable cases and are excluded when
computing Scom, Scon, HM(Ỹ ), and R(Ỹ ). In contrast, under Bal, these cases are treated as ideal (i.e., perfect), so
they are retained (denoted as “–”). Key_GPT4o is a prompt-oriented baseline. In Key_GPT4o, we first use GPT-4o
to extract key facts, which are then incorporated into a subsequent prompt for the summarizer. Key_GPT4o* is a
single-pass variant, where we prompt the model to first generate key facts and then produce a summary conditioned
on these key facts within a single prompt. It is worth noting that if the model used for model-based scoring shares
the same architecture as the model being evaluated (e.g., using FineSurE(GPT-4o) to evaluate GPT-4o), the resulting
score may be biased. In such cases, model-based scoring tends to favor models with similar architectures (Wataoka
et al., 2024; Xu et al., 2024).
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Model Criteria Faithfulness AvgFaith

LLaMA
Com↑ 0.83 ± 0.26

0.82Con↑ 0.83 ± 0.33
Bal 0.8 ± 0.32

SummLLaMA
Com↑ 0.85 ± 0.32

0.85Con↑ 0.85 ± 0.35
Bal 0.84 ± 0.36

LLaMA*
Com↑ 0.85 ± 0.3

0.82Con↑ 0.8 ± 0.42
Bal 0.8 ± 0.38

Qwen
Com↑ 0.88 ± 0.2

0.85Con↑ 0.83 ± 0.29
Bal 0.85 ± 0.25

Qwen*
Com↑ 0.87 ± 0.31

0.85Con↑ 0.83 ± 0.37
Bal 0.85 ± 0.32

Mistral
Com↑ 0.91 ± 0.17

0.9Con↑ 0.89 ± 0.24
Bal 0.9 ± 0.22

Mistral*
Com↑ 0.81 ± 0.4

0.81Con↑ 0.82 ± 0.41
Bal 0.8 ± 0.41

GPT4omini
Com↑ 0.95 ± 0.13

0.94Con↑ 0.93 ± 0.19
Bal 0.93 ± 0.16

GPT4o
Com↑ 0.94 ± 0.14

0.93Con↑ 0.91 ± 0.22
Bal 0.95 ± 0.14

GPT4-turbo
Com↑ 0.95 ± 0.12
Con↑ 0.92 ± 0.19 0.93
Bal 0.92 ± 0.2

Gemini
Com↑ 0.96 ± 0.12

0.93Con↑ 0.89 ± 0.24
Bal 0.93 ± 0.18

Table 11: Faithfulness evaluation results using FineSurE across all models. The value shows averages over all cases
in FeedSum with standard deviations. AvgFaith indicates the average of faithfulness across different criteria.

Figure 8: Contour plot showing the distribution of models with respect to control ability (x-axis: R(Ỹ )) and
summary quality (y-axis: HM(Ỹ )). Density is represented by color, highlighting regions of strong performance.
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Model Criteria Scom Scon HM(Ỹ ) R(Ỹ ) Faithfulness AvgFaith

LLaMA
Com↑ 3.51 ± 0.93 3.92 ± 0.59 3.62 ± 0.71 -0.23 ± 0.37 0.88 ± 0.17

0.89Con↑ 2.79 ± 0.9 3.95 ± 0.67 3.18 ± 0.76 0.3 ± 0.43 0.91 ± 0.2
Bal 3.06 ± 0.92 3.94 ± 0.65 3.35 ± 0.76 -0.38 ± 0.39 0.88 ± 0.21

SummLLaMA
Com↑ 3.43 ± 0.89 3.66 ± 0.64 3.46 ± 0.69 -0.17 ± 0.36 0.94 ± 0.14

0.94Con↑ 2.4 ± 0.82 3.86 ± 0.71 2.88 ± 0.73 0.42 ± 0.4 0.94 ± 0.15
Bal 2.84 ± 0.84 3.82 ± 0.65 3.18 ± 0.71 -0.42 ± 0.37 0.95 ± 0.13

LLaMA*
Com↑ 3.54 ± 0.89 3.87 ± 0.59 3.63 ± 0.67 -0.12 ± 0.32 0.91 ± 0.21

0.91Con↑ 2.86 ± 0.86 3.9 ± 0.67 3.22 ± 0.71 0.35 ± 0.4 0.91 ± 0.27
Bal 3.19 ± 0.87 3.89 ± 0.6 3.42 ± 0.69 -0.24 ± 0.36 0.9 ± 0.25

Qwen
Com↑ 3.1 ± 0.9 4 ± 0.62 3.4 ± 0.73 -0.3 ± 0.39 0.9 ± 0.22

0.9Con↑ 2.5 ± 0.77 3.93 ± 0.73 2.98 ± 0.69 0.49 ± 0.38 0.91 ± 0.24
Bal 2.87 ± 0.89 3.95 ± 0.7 3.23 ± 0.76 -0.37 ± 0.43 0.9 ± 0.24

Qwen*
Com↑ 3.48 ± 0.9 3.99 ± 0.56 3.64 ± 0.7 -0.26 ± 0.41 0.91 ± 0.14

0.91Con↑ 2.82 ± 0.87 3.89 ± 0.73 3.17 ± 0.74 0.27 ± 0.41 0.91 ± 0.18
Bal 3.13 ± 0.94 3.95 ± 0.69 3.4 ± 0.77 -0.36 ± 0.41 0.9 ± 0.16

Mistral
Com↑ 3.47 ± 0.85 4 ± 0.55 3.64 ± 0.63 -0.25 ± 0.32 0.92 ± 0.23

0.92Con↑ 3.02 ± 0.89 3.94 ± 0.68 3.33 ± 0.76 0.22 ± 0.42 0.92 ± 0.25
Bal 3.24 ± 0.88 3.98 ± 0.63 3.49 ± 0.7 -0.32 ± 0.36 0.92 ± 0.25

Mistral*
Com↑ 3.26 ± 0.88 3.89 ± 0.66 3.47 ± 0.69 -0.2 ± 0.32 0.91 ± 0.14

0.92Con↑ 2.66 ± 0.89 3.83 ± 0.78 3.06 ± 0.79 0.41 ± 0.36 0.92 ± 0.17
Bal 2.93 ± 0.89 3.96 ± 0.66 3.29 ± 0.73 -0.34 ± 0.36 0.93 ± 0.14

GPT4omini
Com↑ 4.08 ± 0.77 4.03 ± 0.47 4 ± 0.54 0 ± 0.26 0.97 ± 0.09

0.98Con↑ 3.32 ± 0.97 4.13 ± 0.64 3.58 ± 0.77 0.26 ± 0.4 0.98 ± 0.08
Bal 3.63 ± 0.92 4.16 ± 0.58 3.79 ± 0.71 -0.17 ± 0.37 0.99 ± 0.07

GPT4o
Com↑ 4.09 ± 0.78 4 ± 0.44 3.99 ± 0.57 0 ± 0.29 0.97 ± 0.09

0.98Con↑ 3.29 ± 0.91 4.14 ± 0.64 3.57 ± 0.74 0.27 ± 0.39 0.98 ± 0.1
Bal 3.67 ± 0.88 4.15 ± 0.59 3.82 ± 0.69 -0.15 ± 0.36 0.98 ± 0.07

GPT4-turbo
Com↑ 3.91 ± 0.93 4.02 ± 0.48 3.88 ± 0.67 -0.06 ± 0.36 0.98 ± 0.08

0.98Con↑ 3.11 ± 0.99 4.05 ± 0.68 3.41 ± 0.85 0.33 ± 0.52 0.98 ± 0.09
Bal 3.52 ± 0.96 4.08 ± 0.62 3.68 ± 0.76 -0.19 ± 0.42 0.98 ± 0.09

Gemini
Com↑ 3.7 ± 0.95 3.86 ± 0.52 3.69 ± 0.69 -0.29 ± 0.39 0.95 ± 0.09

0.95Con↑ 2.82 ± 0.95 3.94 ± 0.69 3.18 ± 0.82 0.16 ± 0.46 0.95 ± 0.11
Bal 3.18 ± 0.92 3.96 ± 0.65 3.43 ± 0.74 -0.47 ± 0.41 0.95 ± 0.09

Table 12: Detailed comparison of model performance using G-Eval+. The value shows averages over all cases in
FeedSum with standard deviations. ∗ denotes foundation models fine-tuned using our method. Com↑ emphasizes
completeness, Con↑ emphasizes conciseness, and Bal seeks to balance both. Succ rate refers to the proportion of
cases where either Scom or Scon is non-zero. AvgFaith indicates the average of Faithfulness across different Criteria.

Figure 9: Scatter plot of model performance testing in out-of-domain data (MeQSum; OpoSum) across different
control settings. Each point represents the mean of HM(Ỹ ) (y-axis) and R(Ỹ ) (x-axis) across all test cases in
FeedSum test set. Models are grouped by color into four categories: Baseline models (blue), Our methods (green),
SummLLaMA (orange), and Commercial models (red). The three panels show performance under different control
priorities: Com↑ prioritizes completeness, Con↑ prioritizes conciseness, and Bal aims to balance both. The vertical
dashed line at R(Ỹ ) = 0 represents the target equilibrium between completeness and conciseness, providing a
reference for model controllability.
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Model Source Category Scom Scon HM(Ỹ ) R(Ỹ ) Succ rate Prop. of 1

LLaMA

meqsum
Com↑ 0.74 ± 0.18 0.55 ± 0.23 0.61 ± 0.18 0.34 ± 0.54 0.72 0.24
Con↑ 0.66 ± 0.16 0.7 ± 0.16 0.64 ± 0.14 0.07 ± 0.39 0.78 0.18
Bal 0.74 ± 0.2 0.8 ± 0.2 0.73 ± 0.18 -0.06 ± 0.39 0.98 -

oposum
Com↑ 0.69 ± 0.17 0.52 ± 0.18 0.57 ± 0.12 0.31 ± 0.37 0.61 0.32
Con↑ 0.4 ± 0.16 0.7 ± 0.17 0.49 ± 0.13 0.58 ± 0.41 0.86 0.11
Bal 0.63 ± 0.19 0.75 ± 0.19 0.63 ± 0.16 -0.15 ± 0.33 0.94 -

SummLLaMA

meqsum
Com↑ 0.61 ± 0.15 0.79 ± 0.06 0.66 ± 0.12 -0.23 ± 0.33 0.6 0.38
Con↑ 0.61 ± 0.17 0.9 ± 0.04 0.69 ± 0.14 0.42 ± 0.35 0.81 0.18
Bal 0.75 ± 0.2 0.83 ± 0.02 0.75 ± 0.15 -0.07 ± 0.35 0.99 -

oposum
Com↑ 0.4 ± 0.19 0.83 ± 0 0.51 ± 0.18 -0.69 ± 0.44 0.11 0.01
Con↑ 0.43 ± 0.18 0.89 ± 0 0.56 ± 0.17 0.79 ± 0.43 0.16 0.02
Bal 0.54 ± 0.26 0.75 ± 0 0.61 ± 0.22 -0.3 ± 0.51 0.1 -

LLaMA*

meqsum
Com↑ 0.73 ± 0.16 0.63 ± 0.2 0.66 ± 0.16 0.18 ± 0.45 0.63 0.34
Con↑ 0.64 ± 0.17 0.85 ± 0.09 0.7 ± 0.16 0.34 ± 0.41 0.78 0.2
Bal 0.79 ± 0.19 0.82 ± 0.12 0.75 ± 0.14 -0.03 ± 0.34 0.96 -

oposum
Com↑ 0.73 ± 0.16 0.63 ± 0.19 0.64 ± 0.12 0.17 ± 0.36 0.55 0.44
Con↑ 0.64 ± 0.14 0.83 ± 0.04 0.69 ± 0.11 0.28 ± 0.25 0.84 0.14
Bal 0.78 ± 0.18 0.85 ± 0.1 0.79 ± 0.13 -0.07 ± 0.28 0.98 -

Qwen

meqsum
Com↑ 0.76 ± 0.16 0.53 ± 0.19 0.59 ± 0.13 0.39 ± 0.44 0.58 0.4
Con↑ 0.53 ± 0.16 0.69 ± 0.14 0.57 ± 0.15 0.28 ± 0.45 0.68 0.3
Bal 0.59 ± 0.19 0.7 ± 0.12 0.6 ± 0.15 -0.15 ± 0.35 0.98 -

oposum
Com↑ 0.5 ± 0.12 0.38 ± 0 0.41 ± 0.13 0.28 ± 0.35 0.1 0
Con↑ 0.35 ± 0.16 0.64 ± 0 0.43 ± 0.15 0.61 ± 0.38 0.13 0
Bal 0.44 ± 0.26 0.53 ± 0 0.45 ± 0.22 -0.17 ± 0.52 0.09 -

Qwen*

meqsum
Com↑ 0.7 ± 0.16 0.6 ± 0.09 0.61 ± 0.13 0.19 ± 0.36 0.62 0.36
Con↑ 0.73 ± 0.18 0.82 ± 0.04 0.7 ± 0.15 0.15 ± 0.39 0.8 0.17
Bal 0.66 ± 0.2 0.71 ± 0.05 0.63 ± 0.15 -0.05 ± 0.35 0.98 -

oposum
Com↑ 0.69 ± 0.16 0.53 ± 0.18 0.56 ± 0.12 0.28 ± 0.35 0.74 0.26
Con↑ 0.35 ± 0.17 0.71 ± 0.22 0.45 ± 0.12 0.73 ± 0.45 0.64 0.34
Bal 0.53 ± 0.16 0.51 ± 0.22 0.49 ± 0.16 0.06 ± 0.33 0.98 -

Mistral

meqsum
Com↑ 0.67 ± 0.15 0.4 ± 0.19 0.47 ± 0.13 0.59 ± 0.43 0.57 0.42
Con↑ 0.5 ± 0.17 0.7 ± 0.15 0.53 ± 0.15 0.37 ± 0.43 0.69 0.3
Bal 0.63 ± 0.19 0.5 ± 0.11 0.52 ± 0.15 0.26 ± 0.35 0.99 -

oposum
Com↑ 0.49 ± 0.16 0.39 ± 0.18 0.41 ± 0.12 0.22 ± 0.36 0.72 0.26
Con↑ 0.4 ± 0.16 0.6 ± 0.22 0.45 ± 0.12 0.43 ± 0.44 0.64 0.33
Bal 0.55 ± 0.16 0.49 ± 0.22 0.49 ± 0.16 0.13 ± 0.32 0.98 -

Mistral*

meqsum
Com↑ 0.63 ± 0.21 0.55 ± 0.04 0.52 ± 0.18 0.17 ± 0.49 0.65 0.28
Con↑ 0.56 ± 0.19 0.63 ± 0.03 0.57 ± 0.17 0.15 ± 0.47 0.79 0.18
Bal 0.66 ± 0.21 0.6 ± 0.02 0.61 ± 0.16 0.12 ± 0.42 0.94 -

oposum
Com↑ 0.56 ± 0.14 0.42 ± 0.18 0.44 ± 0.11 0.31 ± 0.39 0.57 0.36
Con↑ 0.53 ± 0.15 0.66 ± 0.06 0.56 ± 0.12 0.24 ± 0.3 0.8 0.16
Bal 0.61 ± 0.19 0.63 ± 0.07 0.6 ± 0.14 -0.01 ± 0.31 0.95 -

GPT4omini

meqsum
Com↑ 0.79 ± 0.22 0.66 ± 0.25 0.7 ± 0.21 0.2 ± 0.57 0.4 0.46
Con↑ 0.65 ± 0.18 0.91 ± 0.18 0.76 ± 0.16 0.36 ± 0.43 0.61 0.21
Bal 0.8 ± 0.24 0.78 ± 0.23 0.75 ± 0.22 0.03 ± 0.42 0.93 -

oposum
Com↑ 0.68 ± 0.18 0.62 ± 0.2 0.62 ± 0.13 0.7 ± 0.43 0.68 0.23
Con↑ 0.7 ± 0.19 0.79 ± 0.09 0.71 ± 0.15 0.18 ± 0.34 0.59 0.28
Bal 0.59 ± 0.21 0.69 ± 0.1 0.61 ± 0.17 -0.14 ± 0.33 0.96 -

GPT4o

meqsum
Com↑ 0.86 ± 0.18 0.73 ± 0.08 0.77 ± 0.15 0.17 ± 0.36 0.46 0.48
Con↑ 0.71 ± 0.19 0.94 ± 0.08 0.8 ± 0.17 0.29 ± 0.39 0.7 0.25
Bal 0.83 ± 0.2 0.81 ± 0.18 0.78 ± 0.18 0.02 ± 0.47 0.97 -

oposum
Com↑ 0.71 ± 0.15 0.65 ± 0.19 0.65 ± 0.13 0.74 ± 0.31 0.71 0.25
Con↑ 0.75 ± 0.19 0.85 ± 0.23 0.75 ± 0.13 0.15 ± 0.45 0.62 0.32
Bal 0.61 ± 0.16 0.73 ± 0.23 0.64 ± 0.17 -0.16 ± 0.33 0.98 -

GPT4-turbo

meqsum
Com↑ 0.88 ± 0.14 0.79 ± 0.15 0.81 ± 0.12 0.13 ± 0.34 0.5 0.5
Con↑ 0.73 ± 0.15 0.97 ± 0.1 0.81 ± 0.12 0.31 ± 0.28 0.74 0.26
Bal 0.84 ± 0.16 0.83 ± 0.08 0.79 ± 0.12 0.03 ± 0.25 1 -

oposum
Com↑ 0.73 ± 0.13 0.68 ± 0.15 0.67 ± 0.11 0.75 ± 0.27 0.73 0.27
Con↑ 0.77 ± 0.15 0.87 ± 0.21 0.76 ± 0.11 0.16 ± 0.43 0.64 0.34
Bal 0.63 ± 0.14 0.75 ± 0.19 0.65 ± 0.14 -0.15 ± 0.29 0.99 -

Gemini

meqsum
Com↑ 0.8 ± 0.24 0.86 ± 0.06 0.81 ± 0.17 -0.05 ± 0.37 0.63 0.46
Con↑ 0.69 ± 0.2 0.97 ± 0.24 0.79 ± 0.2 0.35 ± 0.49 0.78 0.22
Bal 0.84 ± 0.2 0.98 ± 0.13 0.86 ± 0.2 -0.13 ± 0.45 0.66 -

oposum
Com↑ 0.71 ± 0.2 0.68 ± 0.21 0.66 ± 0.14 0.06 ± 0.4 0.76 0.14
Con↑ 0.77 ± 0.19 0.82 ± 0.25 0.76 ± 0.15 0.64 ± 0.48 0.6 0.28
Bal 0.81 ± 0.18 0.87 ± 0.24 0.83 ± 0.2 -0.06 ± 0.36 0.64 -

Table 13: Detailed comparison of model performance using FineSurE. The value shows averages over all cases
across two out-of-domain datasets with standard deviations. ∗ denotes foundation models fine-tuned using our
method. Com↑ emphasizes completeness, Con↑ emphasizes conciseness, and Bal seeks to balance both. Succ rate
refers to the proportion of cases where either Scom or Scon is non-zero. Proportion of 1 indicates the proportion of
cases where both Scom and Scon equal 1. In the Com↑ and Con↑ settings, such cases are considered uncontrollable
and are excluded from the computation of Scom, Scon, HM(Ỹ ), and R(Ỹ ). In contrast, under the Bal setting, these
cases are treated as ideal (i.e., perfect) and are retained (denoted as “–”).
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Figure 10: Scatter plot of model performance separated by different domain (DialogSum; CNN/DM; WikiHow)
across different control settings. Each point represents the mean of HM(Ỹ ) (y-axis) and R(Ỹ ) (x-axis) across all
test cases in FeedSum test set. Models are grouped by color into four categories: Baseline models (blue), Our
methods (green), SummLLaMA (orange), and Commercial models (red). The three panels show performance under
different control priorities: Com↑ prioritizes completeness, Con↑ prioritizes conciseness, and Bal aims to balance
both. The vertical dashed line at R(Ỹ ) = 0 represents the target equilibrium between completeness and conciseness,
providing a reference for model controllability.

Figure 11: Model performance across different control settings. Each point represents the mean of HM(Ỹ ) (y-axis) and R(Ỹ )
(x-axis) across all test cases in FeedSum test set. The three panels show performance under different control priorities: Com↑
prioritizes completeness, Fai↑ prioritizes faithfulness, and Bal aims to balance both. The vertical dashed line at R(Ỹ ) = 0
represents the controllability target (reference) between completeness and conciseness.

Figure 12: Distributions of R(Ỹ ) (x) and HM(Ỹ ) (y) metrics. Com↑ prioritizes completeness, Fai↑ prioritizes faithfulness, and
Bal to balances them. Blue dashed lines mark the mean of the metrics, and the arrows point in the direction in which metrics are
better or worse.
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Model Source Criteria Scom Scon HM(Ỹ ) R(Ỹ ) Succ rate Prop. of 1

LLaMA

dialogsum
Com↑ 0.70 ± 0.23 0.59 ± 0.25 0.61 ± 0.19 0.22 ± 0.47 0.82 0.13
Con↑ 0.62 ± 0.19 0.80 ± 0.25 0.66 ± 0.16 0.25 ± 0.5 0.72 0.22
Bal 0.71 ± 0.24 0.74 ± 0.27 0.69 ± 0.22 -0.03 ± 0.44 0.94 -

cnn
Com↑ 0.65 ± 0.21 0.52 ± 0.22 0.55 ± 0.19 0.27 ± 0.48 0.94 0.00
Con↑ 0.48 ± 0.18 0.76 ± 0.26 0.56 ± 0.18 0.47 ± 0.53 0.94 0.01
Bal 0.55 ± 0.2 0.61 ± 0.25 0.55 ± 0.19 -0.10 ± 0.44 0.90 -

wikihow
Com↑ 0.90 ± 0.21 0.42 ± 0.2 0.53 ± 0.15 0.82 ± 0.59 0.55 0.10
Con↑ 0.75 ± 0.28 0.67 ± 0.26 0.62 ± 0.12 -0.09 ± 0.8 0.28 0.42
Bal 0.91 ± 0.2 0.73 ± 0.28 0.76 ± 0.22 0.28 ± 0.57 0.68 -

SummLLaMA

dialogsum
Com↑ 0.63 ± 0.2 0.87 ± 0.22 0.69 ± 0.14 -0.34 ± 0.56 0.7 0.25
Con↑ 0.53 ± 0.16 0.98 ± 0.09 0.67 ± 0.14 0.67 ± 0.38 0.72 0.21
Bal 0.69 ± 0.25 0.98 ± 0.1 0.78 ± 0.19 -0.41 ± 0.45 0.94 -

cnn
Com↑ 0.61 ± 0.2 0.62 ± 0.28 0.57 ± 0.18 0.04 ± 0.64 0.98 0.01
Con↑ 0.4 ± 0.17 0.99 ± 0.05 0.55 ± 0.18 1.01 ± 0.49 0.96 0.01
Bal 0.5 ± 0.19 0.94 ± 0.17 0.62 ± 0.18 -0.69 ± 0.5 0.97 -

wikihow
Com↑ 0.68 ± 0.27 0.74 ± 0.28 0.61 ± 0.12 -0.09 ± 0.84 0.23 0.46
Con↑ 0.48 ± 0.16 0.98 ± 0.09 0.62 ± 0.13 0.77 ± 0.43 0.15 0.58
Bal 0.9 ± 0.21 1 ± 0.03 0.93 ± 0.15 -0.14 ± 0.34 0.74 -

LLaMA*

dialogsum
Com↑ 0.71 ± 0.2 0.71 ± 0.25 0.67 ± 0.16 0.03 ± 0.5 0.7 0.24
Con↑ 0.59 ± 0.16 0.94 ± 0.15 0.7 ± 0.13 0.5 ± 0.4 0.62 0.32
Bal 0.78 ± 0.23 0.89 ± 0.2 0.81 ± 0.19 -0.16 ± 0.42 0.96 -

cnn
Com↑ 0.67 ± 0.21 0.63 ± 0.24 0.62 ± 0.19 0.07 ± 0.45 0.96 0.03
Con↑ 0.47 ± 0.18 0.92 ± 0.19 0.59 ± 0.17 0.73 ± 0.51 0.96 0.02
Bal 0.59 ± 0.21 0.78 ± 0.24 0.64 ± 0.19 -0.29 ± 0.46 0.99 -

wikihow
Com↑ 0.86 ± 0.24 0.53 ± 0.22 0.6 ± 0.14 0.51 ± 0.66 0.46 0.31
Con↑ 0.59 ± 0.26 0.85 ± 0.25 0.61 ± 0.13 0.43 ± 0.82 0.18 0.6
Bal 0.92 ± 0.19 0.88 ± 0.23 0.86 ± 0.2 0.07 ± 0.49 0.79 -

Qwen

dialogsum
Com↑ 0.75 ± 0.22 0.57 ± 0.22 0.62 ± 0.18 0.31 ± 0.46 0.8 0.14
Con↑ 0.65 ± 0.21 0.72 ± 0.24 0.65 ± 0.16 0.1 ± 0.47 0.76 0.18
Bal 0.73 ± 0.24 0.7 ± 0.25 0.69 ± 0.21 0.06 ± 0.44 0.96 -

cnn
Com↑ 0.63 ± 0.19 0.52 ± 0.2 0.55 ± 0.17 0.22 ± 0.41 0.99 0
Con↑ 0.54 ± 0.19 0.62 ± 0.24 0.55 ± 0.18 0.1 ± 0.42 1 0
Bal 0.58 ± 0.21 0.57 ± 0.22 0.56 ± 0.18 0.04 ± 0.4 1 -

wikihow
Com↑ 0.91 ± 0.2 0.44 ± 0.19 0.56 ± 0.16 0.79 ± 0.55 0.64 0.1
Con↑ 0.87 ± 0.23 0.52 ± 0.2 0.6 ± 0.12 -0.52 ± 0.58 0.38 0.3
Bal 0.91 ± 0.21 0.67 ± 0.29 0.72 ± 0.22 0.37 ± 0.59 0.69 -

Qwen*

dialogsum
Com↑ 0.63 ± 0.21 0.74 ± 0.25 0.64 ± 0.16 -0.15 ± 0.55 0.68 0.28
Con↑ 0.57 ± 0.18 0.9 ± 0.19 0.67 ± 0.15 0.47 ± 0.42 0.7 0.24
Bal 0.74 ± 0.23 0.84 ± 0.24 0.76 ± 0.21 -0.14 ± 0.4 0.94 -

cnn
Com↑ 0.58 ± 0.18 0.61 ± 0.23 0.57 ± 0.16 -0.01 ± 0.47 0.96 0.04
Con↑ 0.48 ± 0.19 0.7 ± 0.25 0.54 ± 0.18 0.4 ± 0.51 0.97 0.02
Bal 0.56 ± 0.2 0.65 ± 0.24 0.58 ± 0.18 -0.15 ± 0.45 1 -

wikihow
Com↑ 0.86 ± 0.24 0.54 ± 0.23 0.6 ± 0.14 0.49 ± 0.71 0.45 0.27
Con↑ 0.69 ± 0.26 0.75 ± 0.27 0.63 ± 0.12 0.09 ± 0.74 0.22 0.48
Bal 0.9 ± 0.21 0.78 ± 0.26 0.8 ± 0.21 0.17 ± 0.53 0.67 -

Mistral

dialogsum
Com↑ 0.73 ± 0.21 0.6 ± 0.22 0.63 ± 0.17 0.24 ± 0.46 0.81 0.14
Con↑ 0.63 ± 0.21 0.68 ± 0.26 0.61 ± 0.17 0.06 ± 0.53 0.71 0.22
Bal 0.75 ± 0.24 0.72 ± 0.26 0.7 ± 0.22 0.05 ± 0.44 0.94 -

cnn
Com↑ 0.64 ± 0.2 0.52 ± 0.21 0.56 ± 0.18 0.24 ± 0.4 0.99 0
Con↑ 0.55 ± 0.19 0.63 ± 0.25 0.56 ± 0.18 0.12 ± 0.46 0.98 0.01
Bal 0.59 ± 0.21 0.57 ± 0.22 0.56 ± 0.18 0.05 ± 0.43 1 -

wikihow
Com↑ 0.9 ± 0.22 0.44 ± 0.2 0.55 ± 0.17 0.77 ± 0.61 0.56 0.11
Con↑ 0.82 ± 0.26 0.56 ± 0.24 0.6 ± 0.14 -0.41 ± 0.7 0.41 0.3
Bal 0.9 ± 0.21 0.63 ± 0.28 0.69 ± 0.22 0.43 ± 0.58 0.72 -

Mistral*

dialogsum
Com↑ 0.64 ± 0.21 0.79 ± 0.26 0.66 ± 0.17 -0.19 ± 0.56 0.66 0.27
Con↑ 0.58 ± 0.19 0.79 ± 0.26 0.63 ± 0.17 0.31 ± 0.53 0.68 0.28
Bal 0.73 ± 0.24 0.8 ± 0.26 0.73 ± 0.21 -0.09 ± 0.45 0.92 -

cnn
Com↑ 0.62 ± 0.21 0.65 ± 0.26 0.6 ± 0.19 -0.02 ± 0.52 0.84 0.02
Con↑ 0.49 ± 0.18 0.75 ± 0.26 0.56 ± 0.17 0.41 ± 0.54 0.92 0.01
Bal 0.56 ± 0.21 0.64 ± 0.26 0.57 ± 0.2 -0.13 ± 0.44 0.93 -

wikihow
Com↑ 0.84 ± 0.27 0.53 ± 0.24 0.58 ± 0.15 0.47 ± 0.79 0.39 0.33
Con↑ 0.73 ± 0.28 0.65 ± 0.27 0.6 ± 0.13 -0.11 ± 0.78 0.28 0.46
Bal 0.89 ± 0.22 0.78 ± 0.28 0.78 ± 0.22 0.17 ± 0.57 0.76 -

GPT4omini

dialogsum
Com↑ 0.87 ± 0.19 0.55 ± 0.2 0.65 ± 0.18 0.5 ± 0.39 0.9 0.08
Con↑ 0.71 ± 0.2 0.73 ± 0.25 0.68 ± 0.16 0 ± 0.49 0.7 0.27
Bal 0.83 ± 0.2 0.7 ± 0.24 0.73 ± 0.19 0.21 ± 0.41 0.96 -

cnn
Com↑ 0.74 ± 0.19 0.47 ± 0.18 0.56 ± 0.17 0.5 ± 0.44 1 0
Con↑ 0.59 ± 0.19 0.6 ± 0.23 0.57 ± 0.18 0 ± 0.43 0.99 0.01
Bal 0.64 ± 0.2 0.55 ± 0.21 0.57 ± 0.18 0.19 ± 0.42 1 -

wikihow
Com↑ 0.92 ± 0.2 0.41 ± 0.2 0.52 ± 0.17 0.88 ± 0.63 0.64 0.04
Con↑ 0.83 ± 0.27 0.59 ± 0.24 0.61 ± 0.13 -0.35 ± 0.73 0.38 0.33
Bal 0.92 ± 0.19 0.6 ± 0.29 0.67 ± 0.22 0.52 ± 0.64 0.72 -

GPT4o

dialogsum
Com↑ 0.84 ± 0.19 0.55 ± 0.2 0.64 ± 0.17 0.49 ± 0.42 0.9 0.1
Con↑ 0.69 ± 0.21 0.7 ± 0.24 0.65 ± 0.15 0 ± 0.5 0.72 0.24
Bal 0.81 ± 0.21 0.72 ± 0.25 0.73 ± 0.21 0.15 ± 0.42 0.97 -

cnn
Com↑ 0.75 ± 0.19 0.47 ± 0.19 0.56 ± 0.17 0.52 ± 0.44 0.98 0.02
Con↑ 0.58 ± 0.18 0.58 ± 0.22 0.55 ± 0.17 0 ± 0.39 0.98 0.01
Bal 0.64 ± 0.2 0.55 ± 0.23 0.57 ± 0.18 0.21 ± 0.47 1 -

wikihow
Com↑ 0.92 ± 0.19 0.39 ± 0.19 0.51 ± 0.18 0.94 ± 0.55 0.67 0.06
Con↑ 0.83 ± 0.26 0.55 ± 0.24 0.59 ± 0.13 -0.42 ± 0.71 0.37 0.32
Bal 0.92 ± 0.2 0.61 ± 0.29 0.68 ± 0.23 0.51 ± 0.63 0.7 -

GPT4-turbo

dialogsum
Com↑ 0.92 ± 0.15 0.67 ± 0.19 0.76 ± 0.14 0.34 ± 0.36 0.7 0.3
Con↑ 0.74 ± 0.16 0.85 ± 0.2 0.77 ± 0.12 0.13 ± 0.36 0.38 0.6
Bal 0.92 ± 0.16 0.88 ± 0.17 0.89 ± 0.14 0.04 ± 0.27 1 -

cnn
Com↑ 0.83 ± 0.16 0.61 ± 0.18 0.68 ± 0.14 0.33 ± 0.4 0.97 0.03
Con↑ 0.65 ± 0.18 0.82 ± 0.2 0.7 ± 0.15 0.24 ± 0.43 0.96 0.04
Bal 0.74 ± 0.17 0.75 ± 0.2 0.72 ± 0.15 0 ± 0.35 1 -

wikihow
Com↑ 0.93 ± 0.18 0.51 ± 0.2 0.62 ± 0.16 0.64 ± 0.53 0.65 0.22
Con↑ 0.75 ± 0.28 0.74 ± 0.25 0.66 ± 0.11 0.02 ± 0.76 0.25 0.62
Bal 0.94 ± 0.17 0.8 ± 0.25 0.83 ± 0.19 0.19 ± 0.48 0.86 -

Gemini

dialogsum
Com↑ 0.89 ± 0.18 0.52 ± 0.19 0.63 ± 0.18 0.61 ± 0.39 0.94 0.04
Con↑ 0.64 ± 0.21 0.72 ± 0.25 0.64 ± 0.16 0.09 ± 0.5 0.64 0.31
Bal 0.8 ± 0.22 0.71 ± 0.25 0.73 ± 0.21 0.14 ± 0.41 0.96 -

cnn
Com↑ 0.78 ± 0.18 0.43 ± 0.19 0.53 ± 0.17 0.67 ± 0.47 1 0
Con↑ 0.5 ± 0.18 0.67 ± 0.25 0.55 ± 0.17 0.27 ± 0.46 0.96 0.02
Bal 0.61 ± 0.19 0.62 ± 0.23 0.59 ± 0.17 0.01 ± 0.42 0.98 -

wikihow
Com↑ 0.92 ± 0.2 0.39 ± 0.17 0.52 ± 0.17 0.91 ± 0.59 0.64 0.06
Con↑ 0.82 ± 0.26 0.55 ± 0.22 0.6 ± 0.11 -0.4 ± 0.67 0.4 0.34
Bal 0.91 ± 0.21 0.66 ± 0.29 0.71 ± 0.22 0.39 ± 0.59 0.7 -

Table 14: Detailed comparison of model performance using FineSurE. The value shows averages over all cases
across two in domain datasets with standard deviations. ∗ denotes foundation models fine-tuned using our method.
Com↑ emphasizes completeness, Con↑ emphasizes conciseness, and Bal seeks to balance both. Succ rate refers
to the proportion of cases where either Scom or Scon is non-zero. Proportion of 1 indicates the proportion of cases
where both Scom and Scon equal 1. In the Com↑ and Con↑ settings, such cases are considered uncontrollable and are
excluded from the computation of Scom, Scon, HM(Ỹ ), and R(Ỹ ). In contrast, under the Bal setting, these cases are
treated as ideal (i.e., perfect) and are retained (denoted as “–”).
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Model Criteria Scom Sfai HM(Ỹ ) R(Ỹ ) Succ rate Prop. of 1

LLaMA
Com↑ 0.63±0.24 0.80±0.20 0.66±0.18 -0.30±0.56 0.64 0.20
Fai↑ 0.62±0.22 0.80±0.23 0.66±0.16 0.27±0.50 0.63 0.24
Bal 0.69±0.27 0.82±0.21 0.72±0.21 -0.24±0.45 0.87 -

SummLLaMA
Com↑ 0.63±0.21 0.83±0.20 0.68±0.16 -0.31±0.50 0.65 0.24
Fai↑ 0.61±0.18 0.84±0.07 0.69±0.13 0.35±0.35 0.62 0.26
Bal 0.61±0.31 0.86±0.16 0.68±0.27 -0.48±0.63 0.89 -

LLaMA*
Com↑ 0.77±0.23 0.73±0.19 0.73±0.16 0.04±0.39 0.79 0.09
Fai↑ 0.72±0.24 0.86±0.15 0.76±0.16 0.22±0.38 0.70 0.18
Bal 0.75±0.25 0.81±0.18 0.75±0.19 -0.12±0.40 0.89 -

Table 15: Detailed comparison of model performance using FineSurE. The value shows averages over all cases in
FeedSum with standard deviations. ∗ indicates the foundation model fine-tuned using our method. Com↑ prioritizes
faithfulness, Fai↑ prioritizes faithfulness, and Bal aims to balance both. Succ rate denotes the proportion of cases
where either Scom or Sfai is non-zero. Proportion of 1 indicates the proportion of cases where both Scom and Sfai
equal 1. In the Com↑ and Fai↑ settings, these are considered uncontrollable cases and are excluded when computing
Scom, Scon, HM(Ỹ ), and R(Ỹ ). In contrast, under Bal, these cases are treated as ideal (i.e., perfect), so they are
retained (denoted as “–”).
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