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Abstract
Controllable summarization moves beyond001
generic outputs toward human-aligned sum-002
maries guided by specified attributes. In prac-003
tice, the interdependence among attributes004
makes it challenging for language models to sat-005
isfy correlated constraints consistently. More-006
over, previous approaches often require per-007
attribute fine-tuning, limiting flexibility across008
diverse summary attributes. In this paper, we009
propose adaptive planning for multi-attribute010
controllable summarization (PACO), a training-011
free framework that reframes the task as plan-012
ning the order of sequential attribute control013
with a customized Monte Carlo Tree Search014
(MCTS). In PACO, nodes represent summaries,015
and actions correspond to single-attribute ad-016
justments, enabling progressive refinement of017
only the attributes requiring further control.018
This strategy adaptively discovers optimal con-019
trol orders, ultimately producing summaries020
that effectively meet all constraints. Exten-021
sive experiments across diverse domains and022
models demonstrate that PACO achieves ro-023
bust multi-attribute controllability, surpassing024
both LLM-based self-planning models and fine-025
tuned baselines. Remarkably, PACO with026
Llama-3.2-1B rivals the controllability of the027
much larger Llama-3.3-70B baselines. With028
larger models, PACO achieves superior control029
performance, outperforming all competitors.030

1 Introduction031

Controllable summarization, which tailors sum-032

maries to user-specified attributes such as length,033

extractiveness, or topic, is essential for real-world034

applications, enabling more personalized outputs.035

For instance, a student preparing for an exam may036

prefer a concise summary highlighting only the key037

topics, whereas a teacher preparing lecture materi-038

als may require a more detailed version with high039

specificity with broad coverage.040

Recent works have explored multi-attribute con-041

trollable summarization training with attribute-042

SpeakerTopic

Marketing said that they have a presentation of evaluation criteria,

to decide if this whole project really meets the standards that they 

set at the beginning. There would be 11 points on which to evaluate

and the results would be the same as the evaluation criteria. User 

Interface said they could come up with this on their own and 

Marketing asked if they want to discuss this together or individually.

Marketing gave an example on "Were the batteries easy to install?"

The Industrial Designer said yes.

Summarize the above article in exactly 86 words focusing on topic

‘evaluation criteria’, and speaker ‘Marketing’ while retaining

88.37% of the words verbatim from the article, and including 2.42%

of the detailed information based on named entities.

Length: 86, Topic score: 80.5, Speaker score: 81.4
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Figure 1: Summaries consist of multiple attributes. Our
goal is to generate outputs that satisfy diverse user-
specified constraints simultaneously.

specific supervision. For instance, Goyal et al. 043

(2022) leveraged a mixture-of-experts (MoE) with 044

each decoder specializing in one attribute, while 045

Zhang et al. (2023) employed hard prompt tuning 046

(HP) and soft prefix tuning (SP) to train a model 047

for multiple attributes. However, these methods 048

require additional fine-tuning for each attribute, 049

limiting flexibility and generalization to unseen 050

preferences. More fundamentally, the autoregres- 051

sive generation of language models may struggle 052

to enforce multiple correlated constraints simulta- 053

neously in a single decoding pass (Figure 1). 054

As multiple attributes often interact in complex 055

ways, achieving full control of all attributes might 056

structurally lead to conflicts; for example, improv- 057

ing extractiveness may inadvertently compromise 058

length control. Moreover, the space of possible at- 059

tribute control orders grows combinatorially, leav- 060

ing the unsolved question of how to systematically 061

explore the optimal and effective control paths. 062

To address these challenges, we propose adap- 063

tive planning for multi-attribute controllable sum- 064

marization (PACO), a training-free framework that 065

transforms multi-attribute summarization into a se- 066
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Figure 2: Illustration of the MCTS process in PACO. The tree search begins from a summary generated with a
prompt that requests control over all attributes, serving as the root node. After all simulations are completed, the
node with the highest degree is selected from the entire tree during the decision stage.

quential decision-making (i.e., planning) problem.067

Instead of attempting to enforce all constraints at068

once, PACO progressively adjusts attributes step by069

step. Specifically, we design a tailored Monte Carlo070

Tree Search (MCTS) algorithm that explores dif-071

ferent control orders at each step by defining nodes072

at the summary level, while allowing revisiting at-073

tributes to adaptively find an optimal control path.074

Since each node encapsulates a complete summary,075

we can select the summary that maximizes the de-076

gree of attribute control once the tree is fully ex-077

panded. To ensure the structured search and evalu-078

ation, we categorize attributes by type, distinguish-079

ing between deterministic attributes, which must080

match exact user targets, and non-deterministic at-081

tributes where higher values are preferable.082

We evaluate PACO on diverse domains, in-083

cluding MACSumDoc, MACSumDial (Zhang et al.,084

2023), and DialogSum (Chen et al., 2021). In ex-085

periments with a range of LLMs, PACO demon-086

strates robust control performance across models087

with different sizes and domains. Remarkably,088

our training-free PACO with a 1B model achieves089

control performance comparable to that of a 70B090

baseline model, and PACO with a 70B model out-091

performs all baselines across all attributes, show-092

ing consistently strong controllability. Crucially,093

PACO achieves these controllability gains without094

sacrificing summary quality by incrementally ad-095

justing attributes rather than forcing all constraints096

at once, which may risk compromising summary097

quality. Our main contributions are as follows:098

• We introduce PACO, the first framework to099

cast controllable summarization as a sequen-100

tial planning problem and adapt MCTS to sys-101

tematically explore optimal control paths.102

• We define summary-level nodes and cate-103

gorize attributes by type to assign rewards, 104

thereby enabling flexible and effective en- 105

forcement of multiple attribute constraints. 106

• Extensive experiments across models and 107

datasets demonstrate PACO’s superior control- 108

lability and strong alignment with user prefer- 109

ences, even without attribute-specific training. 110

2 PACO 111

Since LLMs struggle to control multiple attributes 112

simultaneously (Ryu et al., 2025), we aim to adjust 113

attributes progressively, one at a time. However, 114

sequential controlling of multiple attributes is non- 115

trivial, as the outcome depends on the order of 116

control and the search space of possible orders is 117

combinatorially large. In addition, control attempts 118

may succeed immediately or fail repeatedly, mak- 119

ing fixed strategies unreliable and motivating the 120

need for systematic exploration. 121

To optimize attribute control planning, we pro- 122

pose PACO, which integrates the MCTS algo- 123

rithm into multi-attribute controllable summariza- 124

tion. We formulate the attribute control planning 125

process as a Markov Decision Process (MDP). 126

Defining nodes at a fine granularity (e.g., token 127

or sentence level) as in prior tree-based approaches 128

with LLMs (Yao et al., 2023; Hao et al., 2023; 129

Wan et al., 2024), can lead to an intractably large 130

search space in long-form generation tasks, such 131

as text summarization. To address this, we define 132

each node at the summary level, reducing search 133

complexity and planning burden on the model. 134

2.1 Problem formulation 135

Starting from an initial summary, PACO identi- 136

fies under-controlled attributes and progressively 137

adjusts them according to a planned control or- 138

der, ultimately producing a summary aligned with 139
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the target attribute values (Figure 2). LLMs serve140

as the policy π and each action a corresponds141

to controlling a single attribute. We start from142

an initial summary that reflects all attribute con-143

trols, which serves as the root node s0, and adap-144

tively search for the optimal attribute control order145

[attribute1, attribute2, . . . , attributen] for each146

document. Each intermediate summary serves as a147

state s, forming a sequence of transitions from s0148

through successive attribute adjustments. At each149

step t, the model determines the action at to control150

a specific attribute and generates the next summary151

st+1 by taking the full history s0, s1, . . . , st as in-152

put, enabling informed decisions based on all pre-153

ceding modifications. We define the tree width w as154

the number of legal actions, and the tree depth as d.155

The process iterates until reaching a terminal state156

T , which occurs when all attributes have been pre-157

cisely controlled or when a step limit is exceeded.158

Figure 3 shows an example of how each attribute159

is adjusted, and we detail the key operations of160

PACO’s customized MCTS algorithm below.161

2.2 MCTS design162

Selection. The PACO process begins at the root163

node s0, which is generated by prompting the164

model to control all attributes in a single initial165

attempt. The algorithm then explores the search166

tree by selecting nodes based on a variant of the167

Predictor Upper Confidence Tree (PUCT) (Rosin,168

2011) algorithm, using the following equation:169

U(s, a) = cpuct · πθ(s, a) ·
√∑

bN(s, b)

1 +N(s, a)
(1)170

a = argmax
a

[Q(s, a) + U(s, a)] (2)171

Here, Q(s, a) denotes the state-action value and172
N(s, a) is the visit count for action a at state s,173

both of which are maintained and updated during174

the search. N(s, b) denotes the visit count of the175

action b taken from state s, where b is one of the176

possible actions at that state. To balance explo-177

ration and exploitation, we use the following term178

cpuct = log
(∑

b N(s,b)+cbase+1
cbase

)
+ cinit, which en-179

courages exploration of less-visited actions while180

promoting the exploitation of those with high value181

estimates to maximize expected reward. The se-182

lection process continues until a terminal state (T )183

is reached, defined either as a summary that sat-184

isfies all attribute constraints or upon reaching a185

predefined maximum tree depth.186

Expansion. When a leaf node is reached, we 187

expand it by generating child nodes for all pos- 188

sible actions. The action space is defined as 189

action ∈ {ext, len, spc, top, spk}, as each action 190

corresponds to controlling a single attribute. Since 191

the effect of a previously applied action can be 192

altered by subsequent actions, all actions are con- 193

sidered legal throughout the search process. 194

Evaluation. To estimate the value of a node, we 195

use a local reward based on intermediate steps, 196

which captures immediate improvements. The lo- 197

cal reward is computed by adapting multi-attribute 198

measurements for controllable summarization (Ryu 199

et al., 2025), with each attribute defined as follows: 200

• Extractiveness: the proportion of summary 201

words that appear in the source document. 202

• Length: the total word count of the summary. 203

• Specificity: the ratio of named entities to the 204

total number of words in the summary. 205

• Topic: the average embedding similarity B 206

between n summary words and k topic words: 207
1
k

∑
j∈k

1
n

∑
i∈s B(topicj ,wordi). 208

• Speaker: the embedding similarity between 209

the summary and a set of utterances U from 210

a target speaker in the dialogue, measured by 211

BERTScore(s,U). 212

Using these attribute measurements, we com- 213

pute the mean absolute deviation (MAD) between 214

the predicted and target values for each requested 215

attribute. We distinguish deterministic and non- 216

deterministic attributes: deterministic attributes, 217

such as extractiveness, length, and specificity, are 218

expected to match user-specified target values, 219

whereas non-deterministic attributes, such as topic 220

and speaker, are evaluated based on their alignment 221

with the target, where higher values indicate bet- 222

ter alignments. Therefore, we use the alignment 223

score itself for non-deterministic attributes instead 224

of MAD. The total local reward, referred to as the 225

control degree, is computed by averaging MAD 226

over deterministic attributes (avgdet) and adding 227

alignment scores for non-deterministic attributes 228

(avgnon-det). Since a lower value of avgdet indicates 229

better performance, we take its reciprocal to align 230

the reward direction. These hyperparameters can 231

be adjusted to control the relative importance of 232

deterministic and non-deterministic attributes. 233

Local reward =
α

avgdet + ε
+

1

β
· avgnon-det (3) 234
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Topic

Specificity
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Extractiveness

Speaker

Topic

Specificity

Length

Jo㎿Anne Daniels cautioned about expectations. Not every parent would take up parenting support, nor every
child needed speech and language help.

Path: Speaker à Length

Jo㎿Anne Daniels expressed concerns about the effectiveness of the Welsh Government㑄s changes to the Flying
Start childcare offer, particularly in relation to parental support and the impact on disadvantaged children.

Initial summary

Jo㎿Anne Daniels expressed concerns about the effectiveness of the Welsh Government㑄s changes to the Flying
Start childcare offer, particularly in relation to parental support and     disadvantaged children.

The Welsh Government has introduced changes to the Flying Start childcare offer, including eligibility checks,
payment requirements, and geographic targeting. Parenting courses and health visitor support are also being
expanded. However, concerns have been raised about the effectiveness of these changes, particularly in
relation to parental support and the impact on disadvantaged children.

Speaker adjusted summary

Reference summary

Length adjusted summary ㏙Final㏚

Control speaker

Control length

Target attributes

Figure 3: An example of PACO adjusting a summary through its planning process. The initial summary shows
that LLMs struggle with multiple attribute constraints in a single pass. To address this, PACO successfully refines
the summary to meet target attributes. ■ indicates shifts to speaker-focused content; ■ highlights removal of
unnecessary details to reach the target length. Values beside the reference summary indicate the target attributes,
while values beside generated summaries show their measured attribute scores.

Backpropagation. At each simulation’s end, we235

update the visit count and cumulative value esti-236

mate W (s, a) for each node along the search path237

using the simulation result V (sl) from the leaf node238

sl. The mean action-value Q(s, a) is computed as239

the cumulative value divided by the visit count.240

N(st, at)← N(st, at) + 1 (4)241

W (st, at)←W (st, at) + V (sl) (5)242

Q(st, at) =
W (st, at)

N(st, at)
(6)243

244
Decision. While node exploration during simula-245

tion is guided by stepwise value updates, the final246

summary is selected based on a fixed degree. Un-247

like standard MCTS approaches that select the most248

visited or highest-value leaf node (Browne et al.,249

2012), PACO selects the node with the highest de-250

gree across the entire tree. This enables PACO251

to adaptively control a subset of attributes, rather252

than enforce all of them, allowing for more flexi-253

ble summarization tailored to each document. See254

Appendix A for algorithmic details.255

3 Methods Variants256

3.1 LLM-Based self-planning257

We examine whether LLMs can perform attribute258

control planning on their own by introducing two259

prompt-based self-planning baselines: Implicit and260

Explicit self-planning.261

Implicit self-planning. We prompt the LLMs to262

generate the summary in a single pass while im-263

plicitly considering which attribute to control first,264

using Let’s think step-by-step (Kojima et al., 2022). 265

The model is encouraged to consider the control 266

order without explicitly generating a separate plan, 267

and to reflect this consideration in the output. 268

Explicit self-planning. We prompt the LLM to 269

generate an explicit control plan from an initial 270

summary and then apply it sequentially. Here, the 271

initial summary is obtained by prompting the model 272

to control all attributes at once. The explicit con- 273

trol plan indicates the sequence to modify the mis- 274

aligned attributes in the initial summary. Guided 275

by the plan, the model sequentially adjusts each at- 276

tribute, generating intermediate summaries at each 277

step. Once all attributes in the plan have been 278

controlled, the final summary serves as the out- 279

put. However, we find that unguided explicit self- 280

planning (base) typically adjusts each attribute only 281

once or controls unnecessary attributes, often result- 282

ing in limited improvement. Since misaligned at- 283

tributes frequently require multiple rounds of refine- 284

ment, we introduce an adaptive variant that guides 285

the model to selectively target and revisit only the 286

attributes that require further control. Refer to Ap- 287

pendix G for detailed self-planning prompts. 288

3.2 Computation-matched methods 289

To verify that PACO’s performance gains do not 290

stem from additional inference-time computation, 291

we design two comparison methods with the same 292

inference-time budget: Joint-iterative and Random 293

sequential methods. The Joint-iterative method 294

jointly controls multiple attributes iteratively, while 295

the Random sequential method sequentially adjusts 296

randomly selected attributes. Both methods select 297
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the best-controlled summary after multiple runs298

with the same number of generations as PACO,299

enabling a direct comparison.300

3.3 Heuristic value function301

While traditional MCTS approaches utilize roll-302

outs to estimate the value function (Kocsis and303

Szepesvári, 2006; Gelly and Silver, 2011), MCTS304

applications in LLMs typically employ prompt-305

based heuristic value functions (Yao et al., 2023;306

Hao et al., 2023; Yu et al., 2023) or learned value307

functions (Wan et al., 2024; Chen et al., 2024) to308

reduce computational cost. Similarly, we design309

a heuristic value function tailored to controllable310

summarization. Specifically, we define a heuristic311

score that reflects the global confidence of the fi-312

nal output, which assesses whether the model can313

feasibly control all remaining attributes given the314

current summary and the action path taken so far.315

Since it is difficult for the model to generate this316

score as an explicit numeric value, we frame the317

query as a binary question and use the probability318

of a "Yes" response as the heuristic score.319

4 Experimental Setup320

Datasets. We conduct experiments on two mixed-321

attribute controllable summarization datasets,322

MACSumDial and MACSumDoc (Zhang et al.,323

2023), and on a topic-focused dialogue summa-324

rization dataset, DialogSum (Chen et al., 2021).325

MACSumDial is constructed from the QMSum326

dataset (Zhong et al., 2021), which contains meet-327

ing transcripts from three sources: AMI (Carletta328

et al., 2005), ICSI (Janin et al., 2003), and commit-329

tee meetings from the Welsh Parliament and the330

Parliament of Canada. MACSumDoc is based on331

the CNN/DailyMail (See et al., 2017), a news do-332

main dataset. DialogSum consists of real-life sce-333

nario that covers general topics from everyday life.334

Notably, only MACSumDial includes the speaker.335

Models. We demonstrate the robustness of our336

approach by applying it to various LLMs of differ-337

ent sizes, including the Llama series (Llama-3.2-338

1B-Instruct and Llama-3.3-70B-Instruct) (Touvron339

et al., 2023; Grattafiori et al., 2024) and Qwen2.5-340

7B-Instruct (Bai et al., 2023; Yang et al., 2024).341

As baselines, we compare against LLM-based self-342

planning methods, namely implicit self-planning343

and explicit self-planning (including both base and344

adaptive versions), as well as hard prompt tuning345

combined with soft prefix tuning (HP+SP) (Raf-346

fel et al., 2020; Li and Liang, 2021), reimple-347

mented following Zhang et al. (2023) based on 348

BARTlarge (Lewis et al., 2020). We measure em- 349

bedding similarity using BERTScore (Zhang et al., 350

2020) and extract named entities with FLAIR (Ak- 351

bik et al., 2019), a well-established named entity 352

recognition (NER) model trained on OntoNotes 353

5 (Pradhan et al., 2013), which covers various do- 354

mains, including news and conversational speech. 355

356Metrics. We adopt different evaluation for deter- 357

ministic and non-deterministic attributes. While we 358

compute the mean absolute deviation (MAD) be- 359

tween the target and generated attribute values for 360

deterministic attributes (lower is better), we directly 361

evaluate the generated values for non-deterministic 362

attributes (higher is better). Although our main goal 363

is to achieve controllable summarization, maintain- 364

ing overall summary quality remains important. To 365

this end, we additionally evaluate the quality of the 366

generated summaries using ROUGE-1 (Lin, 2004) 367

and BERTScore F1 (Zhang et al., 2020). 368

5 Main Results 369

Controllability results. While target attributes 370

can be arbitrarily chosen, we use the values of the 371

reference summaries to enable direct comparison. 372

For topic and speaker, we use values provided in 373

the dataset. As shown in Table 1, smaller-scale 374

LLM baselines struggle to control attributes, partic- 375

ularly length, resulting in excessively high MAD 376

on MACSumDial. Since this dataset contains long 377

and complex meeting transcripts, even large models 378

such as Llama-3.3-70B struggle to control length, 379

with MAD exceeding 15. In contrast, PACO consis- 380

tently shows strong attribute control across differ- 381

ent models. Notably, it reduces the MAD for length 382

from 55.68 to 17.96 on the 1B model, which is com- 383

parable to the performance of the 70B baseline. On 384

Llama-3.3-70B, PACO achieves an average MAD 385

of approximately 5 over deterministic attributes, 386

demonstrating precise control and clearly outper- 387

forming all baselines. Applying PACO to Qwen2.5- 388

7B also yields substantial improvements over the 389

base model, with performance falling between the 390

1B and 70B Llama models, highlighting its gener- 391

alizability. Importantly, PACO outperforms both 392

budget-matched methods, indicating that its im- 393

provements arise from structured planning rather 394

than additional attempts. In addition, Random se- 395

quential surpasses Joint-iterative, supporting the 396

effectiveness of our step-wise control framework. 397

Robustness across datasets. As shown in Ta- 398

ble 2, PACO again significantly outperforms all 399
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Model # of Params Ext (↓) Len (↓) Spc (↓) Top (↑) Spk (↑) ROUGE (↑) BERTScore (↑)

Reference summary - 0.00 0.00 0.00 0.796 0.802 - -

HP+SP (BARTlarge)∗ 406M 6.66 34.66 7.08 0.807 0.804 0.315 0.871

Llama-3.2-Instruct 1B 10.79 55.68 9.30 0.783 0.795 0.270 0.854
◦ PACO 1B 9.30 17.96 7.22 0.792 0.794 0.288 0.859

Qwen2.5-Instruct 7B 9.70 17.82 6.99 0.797 0.795 0.301 0.867
◦ PACO 7B 8.72 11.79 5.43 0.799 0.794 0.302 0.868

Llama-3.3-Instruct 70B 6.43 15.72 7.11 0.800 0.798 0.328 0.871
◦ Implicit self-planning 70B 7.35 27.70 8.09 0.802 0.795 0.304 0.869
◦ Explicit self-planning 70B 7.44 28.19 7.32 0.808 0.794 0.287 0.869
◦ Explicit self-planning+ 70B 7.08 24.52 7.32 0.801 0.795 0.312 0.869
◦ Joint-iterative 70B 5.19 11.19 5.18 0.797 0.797 0.319 0.867
◦ Random sequential 70B 5.44 11.16 4.24 0.797 0.797 0.322 0.869
◦ PACO 70B 4.91 7.63 3.81 0.795 0.798 0.328 0.869

Table 1: Controllability evaluation results on MACSumDial. Explicit self-planning denotes the base version, while
Explicit self-planning+ refers to the adaptive variant. Bold indicates the best controllability within the same baseline
model; ∗ marks models trained on the corresponding data; ↑ indicates higher is better, and ↓ indicates lower is better.

Model # of Params Ext (↓) Len (↓) Spc (↓) Top (↑) ROUGE (↑) BERTScore (↑)

Reference summary - 0.00 0.00 0.00 0.806 - -

HP+SP (BARTlarge)∗ 406M 9.04 19.43 4.55 0.803 0.327 0.881

Llama-3.2-Instruct 1B 7.84 9.67 4.27 0.792 0.330 0.879
◦ PACO 1B 7.53 4.58 3.73 0.796 0.326 0.879

Qwen2.5-Instruct 7B 7.39 13.78 5.42 0.793 0.321 0.879
◦ PACO 7B 6.37 7.03 4.18 0.797 0.319 0.880

Llama-3.3-Instruct 70B 8.03 10.91 3.58 0.802 0.308 0.878
◦ Implicit self-planning 70B 8.14 17.05 4.56 0.803 0.296 0.875
◦ Explicit self-planning 70B 8.22 15.64 3.89 0.808 0.285 0.875
◦ Explicit self-planning+ 70B 8.19 13.86 3.99 0.800 0.286 0.873
◦ Joint-iterative 70B 4.58 7.15 3.35 0.798 0.298 0.873
◦ Random sequential 70B 5.17 6.62 3.19 0.797 0.309 0.875
◦ PACO 70B 4.49 4.81 2.84 0.794 0.322 0.876

Table 2: Controllability evaluation results on MACSumDoc, which does not include the speaker attribute.

Model Params Ext (↓) Len (↓) Spc (↓) Top (↑)

Reference summary - 0.00 0.00 0.00 0.817

Llama-3.2-Instruct 1B 20.45 15.65 52.43 0.815
◦ PACO 1B 14.17 6.28 28.48 0.825

Qwen2.5-Instruct 7B 12.08 5.20 26.62 0.817
◦ PACO 7B 8.71 3.30 19.14 0.820

Llama-3.3-Instruct 70B 14.91 2.26 20.82 0.829
◦ PACO 70B 8.35 1.56 10.20 0.828

Table 3: Evaluation results on DialogSum. While
annotator-specific attributes lead to varying control
trends, PACO consistently outperforms all baselines.

baselines on MACSumDoc. Remarkably, the 1B400

PACO model even surpasses the 70B baseline,401

while our 70B model exhibits dominant control-402

lability, clearly surpassing all other models. Com-403

pared to MACSumDial, which consists of longer404

and more complex input texts, all models shows405

better controllability on MACSumDoc with simpler406

inputs. These results highlight that PACO main-407

tains robust control across domains and input com-408

plexities, whereas baseline methods show a notable409

decline as inputs become longer and more complex.410

We further evaluate PACO on DialogSum. Ta-411

ble 3 shows that PACO achieves substantial gains in412

controllability across all model sizes. Interestingly,413

the controllability pattern on DialogSum differs 414

from that of the MACSum datasets. While length 415

is the most difficult and specificity the easiest to 416

control in MACSum, the reverse holds for Dialog- 417

Sum. This discrepancy may stem from domain- 418

specific properties or variation in annotation style, 419

as human-written summaries can differ across an- 420

notators. These results underscore the effectiveness 421

of adaptive control in PACO, which flexibly adjusts 422

to the unique characteristics of each dataset. 423

Balancing between attribute types. The results 424

show that LLM-based models are more effective 425

at controlling non-deterministic than deterministic 426

attributes, with topic and speaker scores compa- 427

rable to the reference summaries. Given that at- 428

tribute types can be prioritized, we place higher 429

weight on the deterministic attributes. We provide 430

more detailed experiments on balancing control 431

performance across attribute types in Appendix D. 432

Although HP+SP is explicitly trained for attribute 433

control, it often fails to follow instructions. We 434

consider this to be due to structural constraints of 435

the encoder–decoder architecture and to the use 436

of vague supervision for deterministic attributes 437

(e.g.,"high" rather than precise targets). 438
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㏙b㏚ PACO ㏙70B㏚

㏙a㏚ Explicit self㎿planning㚉 ㏙70B㏚

Figure 4: (a) LLMs often over-control and lack diversity
in their self-generated plans, whereas (b) PACO controls
only the necessary attributes for each instance. We
visualize the top 10 plans for each method.

Comparison with self-planning. We evaluate439

whether LLMs can perform attribute control plan-440

ning (Tables 1, 2). The results show that both Im-441

plicit and Explicit self-planning fail to generate ef-442

fective plans, performing even worse than the base-443

line. In particular, Implicit self-planning exhibits444

the weakest control performance. The adaptive445

version, Explicit self-planning+, incorporates soft446

constraints into the prompt and improves on the447

base version; however, it still lags behind the base-448

line. These findings highlight that LLMs struggle449

with attribute planning in multi-attribute control-450

lable, underscoring the need for a more effective451

planning strategy to guide the generation process.452

As shown in Figure 4, PACO selectively ad-453

justs only the necessary attributes starting from454

the initial summary, resulting in diverse and well-455

balanced control plan distributions. In contrast,456

Explicit self-planning+, despite being prompted to457

plan only for necessary adjustments, tends to pro-458

duce repetitive and imbalanced plans across most459

data points. This highlights that LLMs struggle460

with planning in controllable summarization.461

Quality evaluation. Focusing too heavily on at-462

tribute control may risk degrading the summary463

quality, so we also evaluate the overall summary464

quality (Table 1, 2). Notably, by incrementally465

controlling attributes rather than enforcing all con-466

straints simultaneously, PACO avoids potential467

quality degradation and preserves summary qual-468

ity comparable to the baseline. Although LLMs469

have already demonstrated strong summarization470

Figure 5: Each bar shows the frequency of attribute
control per model size, with repeated attributes in a plan
counted once. Percentages indicate relative proportions.
Initial refers to the state where all attributes were con-
trolled simultaneously at the beginning.

capabilities (Goyal et al., 2023; Pu et al., 2023; 471

Zhang et al., 2024b; Ryu et al., 2024b), PACO not 472

only excels in control performance but also pre- 473

serves their high generation quality. Additionally, 474

although LLMs tend to generate more paraphrased 475

outputs, which often lead to lower ROUGE scores 476

compared to trained encoder-decoder models, they 477

can still achieve higher ROUGE scores when given 478

precise control instructions. 479

6 Analysis 480

Frequency of attribute control. In Figure 5, we 481

analyze the attributes adjusted by PACO across 482

model sizes and domains. As the model size in- 483

creases, fewer initial summary is selected. This 484

suggests that larger models adjust attributes more 485

effectively. Particularly, they more often control 486

extractiveness and specificity, demonstrating their 487

capacity for sophisticated control. Across all model 488

sizes, length is the most frequently adjusted at- 489

tribute, likely due to its strong correlation with 490

others and the resulting need for additional revi- 491

sions. In MACSumDial, which has longer and more 492

complex inputs, the initial summary is selected less 493

in total than the MACSumDoc. This indicates that 494

longer inputs often require additional adjustments 495

to satisfy multiple constraints. 496

Step-wise control patterns. We analyze the av- 497

erage attribute controlled by PACO at each step 498

across variable-length plans (Figure 6). The 70B 499

model adjusts diverse attributes in the early steps, 500

while later steps tend to focus on length, as it can be 501

highly affected by other attributes. In contrast, the 502

1B model shows limited controllability gains from 503

deeper adjustments and rarely attempts to control 504
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Model # of Params Extractiveness (↓) Length (↓) Specificity (↓) Topic (↑) Speaker (↑)

PACO (L) 1B 9.30 17.96 7.22 0.792 0.794
PACO (H) 1B 9.56 21.98 7.97 0.791 0.793
PACO (L + H) 1B 9.56 16.12 7.63 0.793 0.794

PACO (L) 70B 4.91 7.63 3.81 0.795 0.798
PACO (H) 70B 5.06 7.59 3.94 0.796 0.798
PACO (L + H) 70B 5.16 7.56 4.28 0.795 0.796

Table 4: Ablation study of the value function. ‘L’ denotes the local reward, and ‘H’ denotes the heuristic score.

Figure 6: Average attribute controlled at each step in
DialogSum. Later steps mostly control length, which
may be due to high correlation with other attributes.

attributes beyond length.505

Ablation study on the value function. We506

present an ablation study comparing different strate-507

gies for computing node values, comparing control508

degree at the current step with heuristic scoring, a509

common choice in LLM-based MCTS (Table 4).510

The results show that the heuristic score provides511

little benefit as a value function, especially for the512

1B model. Combining both signals offers only513

marginal gains, which are insufficient to offset the514

additional cost. Thus, using only the local reward515

is both more efficient and effective, likely because516

predicting whether a partially controlled summary517

will meet all remaining attributes is nontrivial.518

7 Related Work519

Controllable summarization. Prior work on520

controllable summarization has focused primarily521

on single-attribute control (Zhong et al., 2021; Liu522

and Chen, 2021; Dou et al., 2021; Mao et al., 2022;523

Zhang et al., 2022; Bahrainian et al., 2022; Ahuja524

et al., 2022; Liu et al., 2022; Maddela et al., 2022;525

Mehra et al., 2023; Xu et al., 2023; Pagnoni et al.,526

2023; Wang et al., 2023; Chan et al., 2021; Ryu527

et al., 2025), most commonly targeting adjustments528

to length and topic (Urlana et al., 2024). To con-529

trol diverse attributes, He et al. (2022) introduced a530

framework capable of controlling various attributes,531

such as entity, length, and purpose, though these532

were not controlled simultaneously.533

Recently, there has been growing interest in534

controlling multiple attributes simultaneously (Fan535

et al., 2018; Goyal et al., 2022; Zhang et al., 2023).536

Zhang et al. (2023) introduced mixed-attribute con-537

trollable summarization, while Goyal et al. (2022) 538

leveraged MoE to control multiple attributes jointly. 539

However, these methods require additional train- 540

ing for each attribute, making them impractical 541

when the number of attributes increases. In con- 542

trast, PACO leverages LLMs without any attribute- 543

specific training, using planning via MCTS to dis- 544

cover optimal control paths and enable simultane- 545

ous control of all target attributes. 546

Tree search for LLMs. Tree search has predomi- 547

nantly been applied to reasoning tasks, where prob- 548

lems are decomposed into sub-questions and rep- 549

resented as nodes in a search tree to facilitate step- 550

by-step reasoning toward the correct answer (Yao 551

et al., 2023; Hao et al., 2023; Wan et al., 2024; 552

Chen et al., 2024; Zhang et al., 2024a; Xie et al., 553

2024; Lee et al., 2025). Yao et al. (2023) frame 554

each node as a partial solution and search the tree 555

to solve complex problems. Hao et al. (2023) treats 556

the language model as a world model, defining task- 557

specific states and actions. Whereas prior work has 558

applied MCTS to identify reasoning paths that lead 559

to a correct final answer, our task requires that the 560

entire decoding process satisfy multiple constraints. 561

To address this, we tailor MCTS to the controllable 562

summarization setting, defining each node at the 563

summary level rather than at the token or sentence 564

level. In addition, since the degree of control over a 565

previously adjusted attribute may change as subse- 566

quent actions are taken, we allow the same attribute 567

to be adjusted multiple times during the search. 568

8 Conclusion 569

We propose PACO, an adaptive planning method 570

that incorporates Monte Carlo Tree Search into 571

multi-attribute controllable summarization, en- 572

abling effective control over multiple attributes. 573

Since it is challenging for language models to en- 574

force all constraints simultaneously in a single pass, 575

PACO incrementally adjusts attributes by construct- 576

ing optimal control paths, revising only the neces- 577

sary attributes. As a result, it demonstrates robust 578

and consistent control across various models and 579

domains while preserving summary quality. 580
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Limitations581

Although PACO offers strong controllability across582

multiple attributes, we note a few practical limi-583

tations and directions for extension. First, while584

summary-level nodes help reduce the search space,585

the tree search remains computationally expensive586

(refer to Appendix E). Finding an optimal control587

path requires deeper simulations, leading to longer588

runtime. Nevertheless, PACO operates entirely at589

test time and requires no additional training, it is590

practically valuable despite the added computa-591

tional overhead. To mitigate this limitation, fu-592

ture work could explore more efficient search-time593

heuristics or incorporate approximation strategies594

to reduce computational cost without sacrificing595

control quality. Second, incorporating the opti-596

mization of quality dimensions, as explored in pre-597

vious work such as Ryu et al. (2024a) and Song598

et al. (2025), could expand controllability beyond599

attribute alignment to broader quality dimensions600

such as coherence, consistency, relevance, and flu-601

ency. To support more comprehensive and user-602

tailored summarization, future work could extend603

PACO to accommodate a broader range of attribute604

types.605

Ethical Statement606

This paper focuses on applications in controllable607

summarization and raises no ethical concerns. All608

datasets used are publicly available, and AI assis-609

tance was employed exclusively for grammar cor-610

rection.611
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A PACO Algorithm951

Algorithm 1 outlines the PACO procedure. The952

algorithm includes selection, expansion, evaluation,953

and backpropagation during the simulation phase,954

followed by a decision step that selects the final955

summary from the entire tree.956

B Hyperparameters957

We set the maximum tree depth d to 5 and perform958

8 simulations per search. To compute the local959

reward, we use α = 1 for deterministic attributes960

and β = 10 for non-deterministic attributes, balanc-961

ing their scales. All budget-matched methods use962

the same number of generations as PACO’s simula-963

tion count. We adopt most MCTS hyperparameters964

from Silver et al. (2017) and Schrittwieser et al.965

(2020), including cbase = 19652 and cinit = 1.25.966

we follow Zhang et al. (2023) to train the HP+SP967

baseline and use the final checkpoint. In all our968

experiments, we use beam search with beam size969

3, and follow the default decoding settings of the970

Transformer implementation (temperature = 1.0,971

top_k = 50, top_p = 1.0). We adopt beam search972

since each node represents a full summary rather973

than a token- or sentence-level fragment. In this974

setting, greedy decoding can harm fluency and of-975

ten generates lower-quality summaries, whereas a976

small beam (beam = 3) improves generation quality977

without introducing excessive branching. More-978

over, the action space is fixed to five operations979

(corresponding to the number of attributes), and980

the maximum tree depth is also limited to five. As981

a result, the search tree remains very shallow.982

C Hardware Usage983

We used 4 NVIDIA A100-SXM4-80GB GPUs for984

our experiments.985

D Balancing Between Deterministic and986

Non-deterministic Attributes987

To evaluate each node during the search, we com-988

pute the local reward as α
avgdet+ε + 1

β · avgnon-det,989

where avgdet denotes the average deviation from990

the target values for deterministic attributes, and991

avgnon-det represents the average affinity score for992

non-deterministic attributes. The hyperparameters993

α and β control the relative importance of the two994

terms, and ε is a small constant added to ensure995

numerical stability. Since LLMs generally struggle996

more with structural, deterministic attributes (e.g.,997

Algorithm 1 PACO (Mθ)
Require: LMMθ, attribute measure f
Require: article x, target attributes a∗

Require: controllable attributes A, hyperparame-
ters: simulations n, max depth d

1: // initialize root node with summary controlling
all attributes

2: y0 ←Mθ(x, a
∗,A)

3: â0 ← f(x, y0)
4: deg0 ← degree(â0, a∗)
5: s0 ← node(y0, â0, deg0, depth = 0)
6: for i = 1 to n do
7: initialize state s← s0
8: // selection
9: while s is not a leaf and not terminated and

depth(s) < d do
10: a← argmaxa′∈A PUCT(s, a′)
11: s← child(s, a)
12: end while
13: // expansion
14: if s is a leaf and not terminated then
15: create child nodes {child(s, a′)}a′∈A
16: end if
17: // evaluation
18: a′ ← argmaxa′∈A PUCT(s, a′)
19: s′ ← child(s, a′)
20: if s′ has no summary then
21: y ←Mθ(x, a

∗, a′, history(s′))
22: â← f(x, y)
23: deg ← degree(â, a∗)
24: store y, â, deg in s′

25: else
26: retrieve y, â, deg from s′

27: end if
28: // backpropagation
29: while s′ ̸= s0 do
30: update stats at s′

31: s′ ← parent of s′

32: end while
33: end for
34: // decision
35: s∗ ← argmaxs∈Tree degree(s)
36: return summary y∗ from s∗
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Model # of Params Extractiveness (↓) Length (↓) Specificity (↓) Topic (↑) Speaker (↑)

Reference summary - 0.00 0.00 0.00 0.796 0.802

Qwen2.5-Instruct 7B 9.70 17.82 6.99 0.797 0.795
◦ PACO (β = 10) 7B 8.72 11.79 5.43 0.799 0.794
◦ PACO (β = 0.5) 7B 8.98 12.66 5.96 0.799 0.794
◦ PACO (β = 0.2) 7B 8.85 13.22 5.99 0.800 0.794
◦ PACO (β = 0.1) 7B 8.88 13.45 5.99 0.800 0.794
◦ PACO (β = 0.01) 7B 9.31 17.94 6.44 0.801 0.795

Llama-3.3-Instruct 70B 6.43 15.72 7.11 0.800 0.798
◦ PACO (β = 10) 70B 4.91 7.63 3.81 0.795 0.798
◦ PACO (β = 0.5) 70B 4.83 8.48 4.34 0.796 0.799
◦ PACO (β = 0.2) 70B 4.90 11.01 4.81 0.798 0.800
◦ PACO (β = 0.1) 70B 5.04 12.41 5.39 0.799 0.800
◦ PACO (β = 0.01) 70B 5.88 15.77 5.80 0.800 0.801

Table 5: Effect of weighting attribute types. Adjusting the weights shifts the emphasis between deterministic and
non-deterministic attributes. As β decreases, more weight is placed on non-deterministic attributes, resulting in
improved scores for topic and speaker.

Model # of Params Time (s) per Summary

Llama-3.3-Instruct 70B 22.826
◦ Implicit self-planning 70B 33.410
◦ Explicit self-planning 70B 104.312
◦ Explicit self-planning+ 70B 90.941
◦ PACO 70B 196.380

Table 6: Average time required to generate a single
summary.

length, extractiveness) than with content-related,998

non-deterministic attributes, we set β = 10 in the999

main results (Tables 1 and 2) to mildly upweight1000

deterministic control performance.1001

In Table 5, we vary the value of β to adjust the1002

relative weighting between deterministic and non-1003

deterministic attributes in our experiments. We con-1004

duct experiments on the MACSumDial dataset using1005

Qwen2.5-7B and Llama-3.3-70B as baseline mod-1006

els. A smaller β value increases the relative weight1007

assigned to non-deterministic attributes. The exper-1008

imental results show that as β decreases, the scores1009

for non-deterministic attributes such as topic and1010

speaker gradually increase, while those for deter-1011

ministic attributes like extractiveness, length, and1012

specificity tend to decrease. Specifically, with the1013

Qwen2.5-7B when β = 10, the MAD for length1014

was 11.79, and the topic score was 0.799. How-1015

ever, when β was reduced to 0.01 to emphasize1016

non-deterministic attributes, the MAD for length1017

increased to 17.94, while the topic score improved1018

to 0.801. A similar trend was observed with the1019

Llama-3.3-70B model. These findings suggest that1020

users can control the summarization output by ad-1021

justing weights to emphasize the attributes they1022

value most.1023

E Computational Costs 1024

In Table 6, we present the average time required by 1025

each model to generate a final summary. Although 1026

PACO incurs a higher computational cost, it clearly 1027

outperforms self-planning approaches, which are 1028

also relatively expensive. This demonstrates a fa- 1029

vorable trade-off between computation and control- 1030

lability, particularly in tasks that require structured 1031

control. Importantly, our method tackles the com- 1032

plex challenge of multi-attribute control entirely 1033

through test-time inference. Since higher computa- 1034

tional cost is often necessary for stronger reasoning 1035

and controllability, and LMs are becoming faster 1036

and more efficient, we consider the increased com- 1037

putational cost required for stronger controllability 1038

to be practical and promising rather than a long- 1039

term limitation. 1040

F Attribute Control Prompts 1041

The following are the detailed prompts used for 1042

attribute control. These prompts are shared across 1043

both PACO and the self-planning methods to ensure 1044

a fair comparison. 1045

F.1 Initial prompts 1046

You are a helpful assistant. Your 1047

task is to generate adjusted 1048

summary for user. 1049

1050

article: 1051

{{Article}} 1052

1053

Summarize the above article 1054

in exactly {{length}} words 1055

14



focusing on {{topic}} and1056

{{speaker}} while retaining1057

{{extractiveness}} of the words1058

verbatim from the article, and1059

including {{specificity}} of1060

the detailed information based1061

on named entities. Ensure1062

the summary is well-written,1063

logically sound, with clear1064

sentence flow.1065

1066

summary (generate summary ONLY):1067

F.2 Extractiveness control prompts1068

You are a helpful assistant. Your1069

task is to generate adjusted1070

summary for user.1071

1072

article:1073

{{Article}}1074

1075

{{History}}1076

1077

summary:1078

{{Previous summary}}1079

1080

The summary you previously1081

generated did not follow the1082

given instructions. Summarize1083

the above article while retaining1084

{{extractiveness}} of the words1085

verbatim from the article. Ensure1086

the summary is well-written,1087

logically sound, with clear1088

sentence flow.1089

1090

summary (generate summary ONLY):1091

F.3 Length control prompts1092

You are a helpful assistant. Your1093

task is to generate adjusted1094

summary for user.1095

1096

article:1097

{{Article}}1098

1099

{{History}}1100

1101

summary:1102

{{Previous summary}}1103

1104

The summary you previously1105

generated did not follow the 1106

given instructions. Summarize 1107

the above article in exactly 1108

{{length}} words. Ensure 1109

the summary is well-written, 1110

logically sound, with clear 1111

sentence flow. 1112

1113

summary (generate summary ONLY): 1114

F.4 Specificity control prompts 1115

You are a helpful assistant. Your 1116

task is to generate adjusted 1117

summary for user. 1118

1119

article: 1120

{{Article}} 1121

1122

{{History}} 1123

1124

summary: 1125

{{Previous summary}} 1126

1127

The summary you previously 1128

generated did not follow the 1129

given instructions. Summarize 1130

the above article including 1131

{{specificity}} of the detailed 1132

information based on named 1133

entities. Ensure the summary is 1134

well-written, logically sound, 1135

with clear sentence flow. 1136

1137

summary (generate summary ONLY): 1138

F.5 Topic control prompts 1139

You are a helpful assistant. Your 1140

task is to generate adjusted 1141

summary for user. 1142

1143

article: 1144

{{Article}} 1145

1146

{{History}} 1147

1148

summary: 1149

{{Previous summary}} 1150

1151

The summary you previously 1152

generated did not follow the 1153

given instructions. Summarize 1154

the above article focusing 1155

15



on topic {{topic}}. Ensure1156

the summary is well-written,1157

logically sound, with clear1158

sentence flow.1159

1160

summary (generate summary ONLY):1161

F.6 Speaker control prompts1162

You are a helpful assistant. Your1163

task is to generate adjusted1164

summary for user.1165

1166

article:1167

{{Article}}1168

1169

{{History}}1170

1171

summary:1172

{{Previous summary}}1173

1174

The summary you previously1175

generated did not follow the1176

given instructions. Summarize1177

the above article focusing on1178

speaker {{speaker}}. Ensure1179

the summary is well-written,1180

logically sound, with clear1181

sentence flow.1182

1183

summary (generate summary ONLY):1184

G LLM-Based Self-Planning1185

G.1 Implicit self-planning1186

You are a helpful assistant. Your1187

task is to generate adjusted1188

summary for user.1189

1190

article:1191

{{Article}}1192

1193

{{Initial prompts}}1194

1195

summary:1196

{{Previous summary}}1197

1198

You must modify {{target1199

attributes}}, but since it1200

is difficult to modify them all1201

at once, you should adjust them1202

one by one. Let’s think step by1203

step, internally consider the1204

order in which to adjust the 1205

attributes, and gradually revise 1206

the summary to generate one that 1207

satisfies all attributes. 1208

1209

summary (generate summary ONLY): 1210

G.2 Explicit self-planning 1211

You are a helpful assistant. Your 1212

task is to generate adjusted 1213

summary for user. 1214

1215

article: 1216

{{Article}} 1217

1218

{{Initial prompts}} 1219

1220

summary: 1221

{{Previous summary}} 1222

1223

You are a helpful assistant. 1224

Your task is to generate a plan 1225

for adjusting summary. 1226

1227

You must modify {{target 1228

attributes}}, but since it 1229

is difficult to modify them all 1230

at once, you should adjust them 1231

one by one. Plan which attribute 1232

should be modified first. The 1233

output should be returned as 1234

a list. For example, plan = 1235

[’attribute1’, ’attribute2’, 1236

...] 1237

1238

plan (generate plan ONLY): 1239

G.3 Explicit self-planning+ 1240

You are a helpful assistant. Your 1241

task is to generate adjusted 1242

summary for user. 1243

1244

article: 1245

{{Article}} 1246

1247

{{Initial prompts}} 1248

1249

summary: 1250

{{Previous summary}} 1251

1252

You are a helpful assistant. 1253

Your task is to generate a plan 1254
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for adjusting summary.1255

1256

You must modify {{target1257

attributes}}, but since it1258

is difficult to modify them1259

all at once, you should adjust1260

them one by one. Plan which1261

attribute should be modified1262

first. Note that you do not need1263

to modify all attributes, and you1264

may adjust the same attribute1265

multiple times if necessary.1266

The output should be returned1267

as a list. For example, plan1268

= [’attribute1’, ’attribute2’,1269

...]1270

1271

plan (generate plan ONLY):1272

H LLM-based Heuristic Score1273

You are a helpful assistant. Your1274

task is to assess the summary1275

for user.1276

1277

article:1278

{{Article}}1279

1280

summary:1281

{{Summary}}1282

1283

Can further adjustments to1284

this summary fully satisfy all1285

target attributes? The final1286

objective is to generate a1287

summary that meets the target1288

attributes {{target attributes}}.1289

The current summary has been1290

adjusted in the order of {{path}}.1291

Keep in mind that changes made1292

to earlier attributes might be1293

disrupted when you adjust later1294

ones.1295

1296

answer (generate Yes or No1297

ONLY):1298
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