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Abstract
Neural conversation models are of growing001
significance and achieve remarkable perfor-002
mance. However, existing conversation mod-003
els tend to generate uninformative responses004
that lack diversity. Researchers alleviate this005
issue by refining the training objective or im-006
porting randomness into generation. Learned007
from masses of diverse texts, pre-trained lan-008
guage models show their potential in text gener-009
ation. However, language models (LMs) learn010
by approximating the distribution of the sin-011
gle ground truth, thereby failing to model the012
“one-to-many” characteristic of conversation013
tasks, which is crucial to generate diverse ut-014
terances. In this paper, we propose to leverage015
multiple pre-trained LMs in a unified frame-016
work to improve dialogue diversity. We apply017
a prompt-based method to exploit pre-trained018
LMs. To generate responses referring to mul-019
tiple LMs, we design a multi-LMs decoding020
algorithm where LMs interact with each other021
at each step. To further enhance the diversity,022
we propose a multi-LMs-based entropy with023
the help of multiple LMs and apply it to the024
training and inference. Experiments on two025
datasets verify that our method outperforms026
competitive baselines.027

1 Introduction028

Dialogue systems are playing an increasingly im-029

portant role in human society, which aim to gen-030

erate responses given user-issued input queries.031

Owing to leveraging big data, neural conversation032

models obtain good performance on response gen-033

eration. However, generated responses of those034

models suffer from the lack of diversity (Su et al.,035

2019). The reason is twofold: 1) The model’s036

training objective, maximum likelihood estimation037

(MLE), encourages to mimic the frequent expres-038

sion patterns in training data. 2) In conversation039

corpora, compared to informative responses, short040

and simple responses relatively appear with higher041

frequency (Li et al., 2016a). Learning on those042
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Figure 1: An overview of our idea. Given an input
query, multiple LMs align the inputs at each step and
cooperate to generate words step-by-step.

datasets via MLE, neural conversation models tend 043

to generate “safe” but dull utterances. The issue 044

becomes more serious in low-resource scenarios, 045

where limited training data is available. 046

To tackle the problem, researchers try to balance 047

generation diversity and quality. Li et al. (2016a); 048

Choi et al. (2020) refine the training objective, and 049

Song et al. (2018); Holtzman et al. (2020) design 050

diversity-driven decoding strategies in the model 051

inference. Studies in another direction improve the 052

stochasticity of response generation. Zhao et al. 053

(2017); Gao et al. (2019b) introduce a latent vari- 054

able to build a variational generation model. 055

Pre-trained language models (Raffel et al., 2019; 056

Lewis et al., 2019) perform remarkably in text gen- 057

eration tasks, including dialogue generation (Xiao 058

et al., 2020). Pre-trained LMs access large-scale 059

corpora with various textual patterns (Brown et al., 060

2020), so they can remedy the deficiency of uninfor- 061

mative samples in conversation corpora. As a result, 062

conversation models with the help of pre-trained 063

LMs produce more human-like responses (Zhang 064

et al., 2020). Nevertheless, to promote response 065

diversity, a major challenge is to face the one-to- 066

many characteristic in response generation, where 067

one query may have multiple appropriate responses 068

in conversation (Chen et al., 2017). One LM pro- 069
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duces a single and stereotypical output probabil-070

ity distribution that favors a small set of high-071

probability words. Hence, only one pre-trained072

LM is not customized for conversations and does073

not satisfy the one-to-many characteristic, thus lim-074

iting generation diversity.075

In this paper, we argue that incorporating dif-076

ferent pre-trained LMs improves the diversity of077

low-resource response generation, which is a barely078

explored paradigm. Given a query, different LMs079

generate responses individually and thus output var-080

ious texts. The LMs with various model structures081

and training corpora have different behaviors and082

strengths. 1 The challenge of incorporating LMs083

is to dynamically merge various generated outputs084

from each LM into a coherent and fluent sentence085

because sentences are generated step-by-step but086

multiple LMs’ outputs are not aligned stepwise.087

Specifically, we construct a conversation model088

via prompt-based learning (Liu et al., 2021a),089

where we use a “prompt” to guide the pre-trained090

LMs to generate responses. Compared to fine-091

tuning, prompt-based learning avoids knowledge092

forgetting (He et al., 2021) from the pre-trained093

LMs. With the help of pre-trained LMs, we equip a094

multi-LMs-based word-level entropy to encourage095

generation diversity in model training and infer-096

ence. We design an interactive multi-LMs joint097

decoding scheme, where various LMs cooperate to098

produce responses. We evaluate our method on two099

datasets in low-resource settings to verify its ability100

to enhance diversity with only limited training data.101

Experiments show that our method outperforms all102

the baselines in appropriateness and diversity.103

Our contributions are threefold: 1) We propose104

a framework that enables both sentence-level and105

word-level LM cooperation for diverse response106

generation. 2) We propose a multi-LMs-based en-107

tropy and an interactive decoding scheme to en-108

hance model training and inference. 3) Our method109

surpasses some strong baselines, including diverse110

generation models, low-resource conversation mod-111

els, and large models with a single LM.112

2 Related Work113

2.1 Diverse Response Generation114

Neural conversation models face the issue of lack-115

ing diversity in the generated responses (Li et al.,116

2016a; Wu et al., 2020; Wang et al., 2021b). To117

1GPT and BART have different strengths (in Sec. 4.3);
different LMs differ in output distributions (in Fig. 3).

balance the inherent nature of MLE, researchers 118

explore several advanced conversation models. 119

Firstly, some methods balance the diversity and 120

quality in the training objective (Li et al., 2016a; 121

Choi et al., 2020; He and Glass, 2020; Welleck 122

et al., 2020; Liu et al., 2021c; Song et al., 2018). 123

Secondly, some researchers design diversity-driven 124

decoding strategies in model inference (Kulikov 125

et al., 2019; Vijayakumar et al., 2018), for example, 126

top-k sampling (Fan et al., 2018) and nucleus sam- 127

pling (Holtzman et al., 2020). Thirdly, increasing 128

uncertainty (Zhan et al., 2021; Gao et al., 2019c; 129

Sun et al., 2021) in dialogue generation also en- 130

hances generation diversity. Researchers import 131

latent variables via VAE-based models (Zhao et al., 132

2017; Gao et al., 2019c) or from latent spaces (Zhan 133

et al., 2021). To deal with the absence of high- 134

quality data, another direction for diverse response 135

generation is to augment the conversation model 136

with the additional data sources. Some researchers 137

extract the facts from knowledge graphs to aug- 138

ment the models (Wu et al., 2020; Liu et al., 2021b; 139

Wu et al., 2021). Some researchers augment the 140

model with background information (Qin et al., 141

2019) and conversational contexts (Serban et al., 142

2016). In addition, Li et al. (2020) observe that 143

pre-training on large corpora enhances the diversity 144

of response generation. The aforementioned stud- 145

ies do not leverage multi-LMs to improve dialogue 146

diversity, which is different from our work. 147

2.2 Pre-trained LM for Response Generation 148

Pre-trained LMs obtain state-of-the-art per- 149

formance in natural language understanding 150

(NLU) (Devlin et al., 2019) and are also effective 151

in natural language generation (NLG) (Lewis et al., 152

2019; Raffel et al., 2019). Existing pre-trained 153

LMs can be categorized according to their model 154

structure. Encoder-only LMs like Bert (Devlin 155

et al., 2019) and ERNIE (Sun et al., 2019) usu- 156

ally tackle the NLU tasks. However, Decoder-only 157

LMs like GPT (Radford et al., 2018) and encoder- 158

decoder LMs (e.g., BART (Lewis et al., 2019) and 159

T5 (Raffel et al., 2019)) can apply both on NLU and 160

NLG tasks. Different LMs pre-train under various 161

schemes: GPT2 (Radford et al., 2019) pre-trains 162

the Transformer’s decoder (Vaswani et al., 2017) 163

on large corpora auto-regressively. BART (Lewis 164

et al., 2019) adopts an encoder-decoder model and 165

investigates various pre-training tasks. 166

To effectively utilize the pre-trained LMs for 167

2



downstream tasks, some researchers adopt the pre-168

training and fine-tuning, where they slightly ad-169

just model parameters using task-specific objec-170

tive functions (Devlin et al., 2019; Lewis et al.,171

2019; Zhou and Srikumar, 2021). Besides, some172

researchers investigate prompt-based learning (Liu173

et al., 2021a; Li and Liang, 2021). This approach174

reformulates the task input into a textual string with175

a template and leads the LM to directly generate the176

outputs with its language modeling ability. Among177

studies on prompt learning, some models treat dis-178

crete tokens as prompts (hard prompts) (Schick and179

Schütze, 2021; Gao et al., 2021), which is explain-180

able and needs “prompt engineering” (Liu et al.,181

2021a) to obtain the tokens. Others consider con-182

tinuous trainable vectors as soft prompts (Wang183

et al., 2021a; Lester et al., 2021), which are rela-184

tively easy to tune. Existing studies fine-tune or185

prompt individual LM. However, we perform tasks186

through sophisticated cooperation among LMs.187

2.3 Language Model Ensembling188

Ensemble learning improves the performance on189

NLP tasks via cooperation among multiple learn-190

ers (Mohammed and Kora, 2021; Duan et al., 2021;191

Huang et al., 2020; Kobayashi, 2018). There are192

four main ensemble learning methods in the litera-193

ture. Bagging (Li et al., 2011) and Stacking (Mal-194

masi and Dras, 2018) train multiple models on sub-195

sets of data. Bagging uses a certain aggregation196

mechanism (e.g., averaging) to form the final pre-197

diction with model outputs, while Stacking predicts198

with a meta-learner that learns from other models’199

outputs. Boosting (Du and Black, 2019) deploys200

a sequence of models where the instance with the201

wrong prediction from one model is fed to the suc-202

ceeding model. The mixture-of-experts (MoEs)203

approach (Jacobs et al., 1991) works with a few204

expert models or trainable layers with a gating net-205

work as the controller (Eigen et al., 2014), and the206

original task is divided into easy sub-tasks for each207

expert to learn. Our work differs from these studies208

in that we merge the outputs of each model not only209

on the sentence level but also on the word level at210

each generation step.211

3 Methodology212

3.1 Overview213

Our approach consists of four parts as follows,214

• Prompt-based LM for Conversation achieves215

the response generation via prompt-based learning,216

where “soft prompts” lead a pre-trained language 217

model (e.g., BART) to generate responses. Our 218

framework has multiple prompt-based LMs. 219

• Diversity-driven Criterion employs a multi- 220

LMs-based word entropy, obtained from multi- 221

ple pre-trained LMs, to measure the diversity and 222

encourage diverse response generation. 223

• Diversity-driven Training aims to train multi- 224

ple prompt-based LMs with the assistance of the 225

diversity-driven criterion. 226

• Multi-LMs Joint Decoding enables multiple 227

LMs to cooperate to produce responses, which 228

also considers the diversity-driven criterion. 229

3.2 Prompt-based LM for Conversation 230

Based on a pre-trained LM, we construct a prompt- 231

based language model for the conversation task, 232

where we feed continuous prompts (i.e., soft 233

prompts) and the input query to the LM. The LM 234

is required to generate the conversational response. 235

Inspired by Li and Liang (2021), the continuous 236

prompts are a sequence of vectors with free param- 237

eters, denoted as {p1, ..., pl}. For a response gener- 238

ation task, the input query and output response are 239

two series of words, denoted as X = {x1, ..., xn} 240

and Y = {y1, ..., ym}, respectively. The LM’s 241

word embedding layer transfers the input query into 242

a sequence of word embeddings {e1, ..., en}. Then, 243

the LM appends the prompt vectors to word embed- 244

dings as {p1, ..., pl, e1, ..., en} and feeds them into 245

the LM’s upper layers. The prompt vectors and 246

word embeddings share the same dimension. Intu- 247

itively, continuous prompts act as the prefix before 248

the input and lead the LM to generate a response. 249

The generated response is supposed to approximate 250

the ground truth response Y . We employ maximum 251

likelihood estimation (MLE) to tune the prompt 252

vectors while freezing the LM’s parameters. 253

3.3 Diversity-driven Criterion: 254

Multi-LMs-based Word Entropy 255

To enhance the diversity in response generation, we 256

introduce a word-level entropy to measure the di- 257

versity of words, which also encourages to generate 258

informative text spans at each generation step. Pre- 259

vious papers measure the diversity with counting- 260

based entropy on task dataset (Serban et al., 2017; 261

Shannon, 1951) 2. To benefit model training from 262

2They measure the word entropy on the distribution of
occurring a word, and the distribution is based on word counts.
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Figure 2: The architecture of our model. The left red dashed box shows the training process of our model, where
h(X) is the sample-level entropy. The components in the right blue dashed box demonstrate one decoding step.
Coordinates of P(X) in different colors display the conditional probabilities of each LM, and H(X) is the corpus-level
entropy. Score(X) is the normalized score for each subsequence.

LMs that learn entropy from huge pre-training cor-263

pora, we propose a model-based entropy calculated264

on each LM and consider multiple LMs’ entropy265

to obtain a joint entropy.266

We propose two types of entropy for word w:267

sample-level entropy considering contexts of each268

sample during model generation and corpus-level269

entropy measuring the word informativeness over270

the whole corpus.271

• Sample-level Entropy h(w|Y<i;X) indicates272

output diversity at each generation step given273

the contexts (i.e., input X and previous output274

Y<i = {y1, ..., yi−1}). To obtain the entropy, we275

calculate the word entropy based on each trained276

LM and then merge multiple LMs’ entropy. Par-277

ticularly, we first train each prompt-based LM278

as mentioned in Sec. 3.2. Then, we obtain the279

entropy hm(w|Y<i;X) of the m-th LM for each280

generation step in a model-based approach: the281

entropy is based on the probability of generat-282

ing word w via the m-th LM at that step as283

Eq. 1, where ¬w represents the situation when284

the word is other than w. Finally, we merge all285

LMs’ entropy hm(w|Y<i;X) into a joint entropy286

h(w|Y<i;X) as Eq. 2, so that the model-based287

metric (i.e., entropy) makes use of all LMs to mea-288

sure diversity, where M denotes the number of289

LMs.290

hm(w|Y<i;X) = −1

2

∑
y∈{w,¬w}

(1)291

Pm(y|Y<i;X) logPm(y|Y<i;X),292

293

294

h(w|Y<i;X) =
1

M

M∑
m=1

hm(w|Y<i;X). (2) 295

• Corpus-level Entropy H(w) indicates the word 296

w’s informativeness neglecting specific samples. 297

We obtain the entropy H(w) by averaging the 298

sample-level entropy h(w|Y<i;X) over the whole 299

training corpus as Eq. 3, thus H(w) reflects w’s 300

diversity over all samples. By doing so, H(w) is a 301

corpus-level metric since it considers all samples 302

regarding w over the whole corpus instead of any 303

specific samples. 304

(3) 305

H(w) =
1

|D|
∑

(X,Y )∈D

1

|Y |
306

|Y |∑
i=1

h(w|Y<i;X). 307

308309

Compared to existing entropy criteria (Serban 310

et al., 2017; Mou et al., 2016), our proposed crite- 311

rion has two advantages: 1) the sample-level crite- 312

rion measures the diversity considering not only a 313

word but also a text span; 2) the model-based crite- 314

rion is trainable and can make use of multiple LMs, 315

which gain strong abilities from massive corpora. 316

High entropy indicates high uncertainty and infor- 317

mativeness of a word. The aforementioned two 318

entropy metrics assist model training and decoding 319

in model inference for a diverse generation. 320
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3.4 Diversity-driven Training321

We train each LM and make the LMs collaborate.322

For each LM, our training objective consists of323

two terms (Eq. 4), where V is the vocabulary.324325

L =
∑

(X,Y )∈D

|Y |∑
i=1

(logP (yi|Y<i;X)326

− α

|V|
∑
w∈V

H(w)) (4)327328

In the above function, the first term is the MLE329

as mentioned in Sec. 3.2; the second term is the330

corpus-level entropy (in Sec. 3.3) that increases331

the overall uncertainty for choosing words over332

the entire vocabulary. Multiple LMs cooperate to333

calculate the entropy, which in turn, assists each334

LM to learn higher entropy via minimizing the335

training loss. In this way, our model is supposed to336

generate coherent responses while increasing the337

word entropy in the view of every LM.338339

L =
∑

(X,Y )∈D

|Y |∑
i=1

(logP (yi|Y<i;X)340

− α

|V|
∑
w∈V

h(w|Y<i;X)) (5)341

342 We note that the objective in Eq. 4 is equivalent to343

Eq. 5 (See detailed deductions in App. A). It means344

that our training objective can also be regarded to345

consider the sample-level entropy at each genera-346

tion step of each training sample. This property347

ensures that our training objective can cater to both348

corpus-level entropy and sample-level entropy.349

3.5 Multi-LMs Joint Decoding350

To utilize multiple LMs in inference, we design351

a decoding algorithm that incorporates the beam352

search (Bisiani, 1987) and sampling algorithms.353

Under the beam search framework, we conduct354

word sampling that aims to select words consider-355

ing the multi-LMs-based entropy with nucleus sam-356

pling algorithm (Holtzman et al., 2020); we also357

design a subsequence sampling strategy that ran-358

domly samples subsequences gathered from mul-359

tiple LMs according to subsequence scores (i.e.,360

beam search scores).361

3.5.1 Word Sampling362

Word sampling aims to select B preferable words363

for decoding in each LM, where B is the beam364

size. Following nucleus sampling (Holtzman et al.,365

2020), at each decoding step, we select the top-k366

words according to LM’s output probability. The 367

k is chosen dynamically such that the top-k words 368

are the minimum set W whose cumulative proba- 369

bility
∑

y∈W P (y | Y ;X) exceeds a pre-defined 370

threshold p, where the set of k words is denoted as 371

W . Then, we uniformly sample B distinct words 372

from W with P ′(yi). P ′(yi) is the normalized 373

probability of the combination of the LM’s output 374

probability P (yi | Y<i;X) and the word-level en- 375

tropy H(yi) as Eq. 6, where β > 0. P ′(yi) trades 376

off generation coherence (from LM’s generation) 377

and diversity. In summary, the word sampling stage 378

outputs B words for each LM. As our model has M 379

LMs, the whole model outputs M ×B candidate 380

words after word sampling. 381

P ′(yi) =
P (yi | Y<i;X) + βH(yi)∑

y∈W(P (y | Y<i;X) + βH(y))
, (6) 382

Notice that we use LM’s output probability 383

P (yi | Y<i;X) instead of P ′(yi) to construct the 384

top-k word set W . The reason is that applying 385

the entropy to the whole vocabulary tends to as- 386

sign a higher probability to the totally irrelevant 387

and rare word. According to the empirical observa- 388

tion, we would filter out the irrelevant words using 389

P (yi | Y<i;X) and remain k words to elaborately 390

pick B words considering the entropy. 391

3.5.2 Subsequence Sampling 392

Similar to beam search, this stage aims to select 393

subsequences by sampling and maintains a certain 394

number of subsequences during each decoding step. 395

Subsequence sampling receives M×B words from 396

all LMs’ word sampling outputs and samples a 397

subset of B subsequences for future decoding steps. 398

The sampling consists of four operations. 399

• Candidate Subsequence Assembling. We ap- 400

pend all words from the word sampling stage to 401

all subsequences from the previous step. The word 402

sampling stage outputs M ×B words, and there 403

are B previous subsequences. Hence, we obtain 404

M ×B ×B candidate subsequences for the cur- 405

rent step. Notice that the first step of the sentence 406

does not need this operation, since there are no 407

previous subsequences to assemble. 408

• Subsequence Score Calculation. Similar to 409

beam search, we calculate the score Score(Si) 410

for each new subsequence Si by merging the 411

score Score(Si−1) from previous step with the 412

output probabilities of word yi: Score(Si) = 413
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Score(Si−1) + logP (yi | Y<i;X), where414

Score(S0) = 0.415

• Intra-LM Selection. Each LM contains B × B416

candidate subsequences. Based on the subse-417

quence score Score(Si), we select top-B subse-418

quences for each LM from the candidates. This419

operation does not involve other LMs.420

• Inter-LM Sampling. Firstly, we normalize the421

subsequence scores within each LM as Eq. 7,422

which aims to make the scores of subsequence423

candidates from different LMs comparable, that424

is, the normalized scores Score′(S) of all subse-425

quences from one LM sum to 1.426

Score′(S) =
Score(S)∑B

b=1 Score(S
b)

(7)427

Then, we obtain a probability distribution of428

Score′(S) across all LMs as Eq. 8. We conduct a429

softmax operation over all current candidate subse-430

quences with a temperature τ . Finally, We sample431

B subsequences according to Eq 8, which are the432

outputs of the subsequence sampling.433

P (S) =
exp(Score′(S)/τ)∑M

m=1

∑B
b=1 exp(Score

′(Smb)/τ)
(8)434

Here, applying temperature to softmax aims to435

avoid the distribution P (S) after two normaliza-436

tion operations (Eq. 7 and Eq. 8) being too smooth.437

We conduct the above decoding strategy to gen-438

erate the whole sentence step-by-step until all LMs439

generate an “end-of-sequence” token, which is a440

special token indicating the end of the decoding. 3441

4 Experiments442

4.1 Experimental Settings443

We conduct experiments on two public conversa-444

tion datasets: DailyDialog (Li et al., 2017) and445

PersonaChat (Zhang et al., 2018). To verify our446

model in low-resource settings, we randomly draw447

a subset of samples from the training set of the448

two datasets for training and use their original449

testing sets. We use three LMs: GPT2-small,450

3If one LM obtains that “end-of-sequence” token earlier
than the others, the LM finishes the generation, waits for
others, and does not contribute to the inter-LM sampling.

GPT2-medium (Radford et al., 2019), and BART- 451

large (Lewis et al., 2019) to construct our multi- 452

LMs model. For evaluation, the automatic met- 453

rics include: 1) Appropriateness: Bleu-N (Pap- 454

ineni et al., 2002) and Meteor (Banerjee and Lavie, 455

2005). 2) Diversity: Dist-N (Li et al., 2016b) and 456

Ent-N (Serban et al., 2017); the human evaluation 457

consist of: appropriateness (H-Qual) and diversity 458

(H-Div). See details of datasets, implementation, 459

and evaluations in App. B to E.4 460

4.2 Comparing Methods 461

• LM Fine-tune. We fine-tune on three models: 462

BART-large (BART-L-F), GPT2-small (GPT2-S- 463

F), and GPT2-medium (GPT2-M-F), where F in- 464

dicates fine-tuning on the pre-trained models. 465

• Diverse Text Generation. UL (Welleck et al., 466

2020) trains via unlikelihood for a diverse text 467

generation, which initialized by GPT2-medium. 468

• Meta-learning. PAML (Lin et al., 2019) conduct 469

low-resource generation via meta-learning. 470

• Ensemble. Boost-D (Du and Black, 2019) selects 471

proper output among an ensemble of models. we 472

initialize it with the same models in Ours. 473

• LM Prompt. We apply the prompt learning to 474

three models: BART-large (BART-L-P), GPT2- 475

small (GPT2-S-P), and GPT2-medium (GPT2-M- 476

P), where P denotes prompt learning. To provide 477

a fair comparison of the parameter size 5, we also 478

perform prompt learning on the T5-3B (Raffel 479

et al., 2019) model that contains 2.9B parameters. 480

4.3 Overall Performance 481

Table 1 demonstrates the results of all methods 482

with both automatic and human evaluation on two 483

datasets. Among the baselines in LM Prompt, 484

the performance of each single LM is similar to its 485

counterpart in LM Fine-tune. Prompt-based base- 486

lines need much fewer trainable parameters than 487

the fine-tuning methods thus requiring fewer re- 488

sources (e.g., GPU memory). Within LM Prompt 489

and LM Fine-tune, owing to the larger model and 490

larger corpus, BART achieves significantly higher 491

appropriateness than GPT2 models, except that the 492

H-Qual scores of prompt-based GPT2 models are 493

4Our code is at github.com/anonymity_under_review
5It is expected to verify that our model does not only bene-

fit from the increase of parameter size.
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DailyDialog
Model
Type Model Appropriateness Diversity |Param|

Bleu1 Bleu2 Bleu3 Bleu4 Meteor H-Qual Dist3 Dist4 Ent3 Ent4 H-Div Total

LM
Fine-tune

GPT2-S-F 2.00 0.81 0.42 0.26 0.047 2.83 0.38 0.50 7.12 7.24 1.95 125M
GPT2-M-F 2.33 1.03 0.58 0.36 0.051 2.92 0.49 0.63 7.84 8.17 2.07 355M
BART-L-F 8.60 3.43 1.87 1.15 0.052 2.91 0.30 0.42 7.32 7.49 2.18 406M

Diverse UL 4.05 1.68 0.87 0.50 0.056 2.40 0.38 0.49 7.28 7.35 2.28 355M
Meta PAML 7.13 2.50 1.21 0.64 0.043 2.05 0.04 0.08 5.12 5.45 1.09 7.34M

Ensemble Boost-D 4.06 1.35 0.57 0.25 0.052 2.90 0.33 0.48 7.49 8.09 2.16 866M

LM
Prompt

GPT2-S-P 1.69 0.59 0.26 0.12 0.043 2.73 0.29 0.42 6.17 6.25 2.01 125M
GPT2-M-P 3.36 1.37 0.70 0.41 0.052 3.01 0.38 0.49 7.54 7.65 2.25 355M
BART-L-P 10.38 3.82 1.92 1.06 0.052 2.60 0.23 0.32 7.10 7.47 1.87 406M
T5-3B-P 6.44 2.05 0.79 0.35 0.058 2.17 0.50 0.62 9.17 9.44 2.80 2.9B

Ours 14.92* 5.19* 2.42* 1.28* 0.072* 3.03 0.42 0.63* 7.35 10.58* 3.05 866M
PersonChat

Model
Type Model Appropriateness Diversity |Param|

Bleu1 Bleu2 Bleu3 Bleu4 Meteor H-Qual Dist3 Dist4 Ent3 Ent4 H-Div Total

LM
Fine-tune

GPT2-S-F 7.08 3.56 1.72 0.80 0.055 2.43 0.27 0.38 6.75 7.19 2.09 125M
GPT2-M-F 7.01 3.57 1.74 0.90 0.056 2.59 0.29 0.40 6.67 7.02 2.21 355M
BART-L-F 17.46 8.46 4.63 2.76 0.077 3.19 0.18 0.27 6.62 7.03 2.61 406M

Diverse UL 12.84 6.31 2.94 1.31 0.075 2.47 0.31 0.47 7.97 8.79 2.68 355M
Meta PAML 7.76 3.40 1.71 1.03 0.049 1.92 0.01 0.02 3.12 3.17 2.37 7.34M

Ensemble Boost-D 10.55 4.71 2.10 0.88 0.072 2.74 0.11 0.19 6.96 7.65 2.23 866M

LM
Prompt

GPT2-S-P 7.58 3.55 1.64 0.76 0.065 3.19 0.16 0.27 6.08 6.54 2.35 125M
GPT2-M-P 10.29 4.85 2.26 1.02 0.059 3.06 0.23 0.34 8.00 8.54 2.51 355M
BART-L-P 15.45 7.33 3.55 1.82 0.069 2.36 0.24 0.39 7.45 8.42 2.17 406M
T5-3B-P 11.40 5.45 2.52 1.09 0.070 1.74 0.34 0.48 7.78 8.62 2.73 2.9B

Ours 19.63 8.51* 4.07 2.11 0.080* 3.20 0.30 0.48* 8.44* 9.40* 2.94 866M

Table 1: The overall performance on automatic and human evaluations. The best results are in bold. The last column
shows the parameter sizes of the whole model and the trainable module. The results with * in automatic metrics
show that the improvements of Ours over all baselines are statistically significant under the t-test with p < 0.05.

higher than that of BART-L-P. However, fine-tuned494

GPT2 models score higher in diversity. As one of495

the most popular pre-trained LMs, T5-3B-P has the496

largest parameter size (2.9B) among all the base-497

lines. Owing to its large model capacity, T5-3B-498

P captures various patterns from pre-training and499

achieves high diversity on both datasets. However,500

T5-3B-P scores relatively low in appropriateness,501

which implies that simply increasing the model size502

cannot always improve performance.503

The baseline of diverse response generation504

(Diversity) performs better than other GPT2-based505

models, especially in diversity. Meta-learning506

(Meta in Table 1) obtains comparable results in ap-507

propriateness, nevertheless, without the assistance508

of LMs, its performance drops sharply in diversity.509

Ensemble learning (Ensemble) generates complete510

sentences separately and then cherry-picks one sen-511

tence, which performs poorly on all metrics.512

As our model is based on GPT2 and BART, it513

benefits from the high appropriateness of BART514

and the high diversity of GPT2, so it outperforms515

baselines on most metrics. Ours achieves roughly516

the same level as BART-L-F in Bleu while achiev-517

ing a high improvement in diversity (+66% and518

+78% in Dist3 and Dist4 on PersonaChat). Even if 519

the parameter size of our whole model is less than 520

that of T5-3B-P, Ours performs significantly higher. 521

It indicates that our model works well with a fair 522

comparison on the model scale and our significant 523

improvement by merging multiple LMs does not 524

only derive from the increase in model size. Be- 525

sides, Ours requires much fewer trainable param- 526

eters than LM Fine-tune, but our performance is 527

higher 6. The dialogue models designed for the 528

diverse generation (Diversity) and low-resources 529

scenarios (Meta) do not excel our model. 530

4.4 Ablation Studies 531

Effect of LM number Table 2 shows the ablation 532

studies on our proposed components. Ours without 533

GPT2 (− GPT2-S and − GPT2-M) underperforms 534

Ours in diversity, and GPT2-based baselines in Ta- 535

ble 1 generally achieve high diversity. It indicates 536

that GPT2 benefits our model’s diversity. Ours 537

without BART performs poorly on appropriateness, 538

whereas in Table 1, BART-based models perform 539

considerably better in appropriateness than models 540

6The trainable parameters in Ours is 0.59% of total param-
eters
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DailyDialog
Bleu3 Bleu4 Dist4 Ent4

Ours 2.42 1.28 0.63 10.58
− GPT2-S 2.23 1.25 0.51 9.30
− GPT2-M 1.82 0.94 0.52 9.34
− BART-L 0.75 0.38 0.76 8.71

− LM-based Ent 1.68 0.85 0.43 10.32
− Prompt 2.06 1.27 0.51 8.34

Table 2: The results on ablation studies. Rows 2 to 4 are
our full model without GPT2-small, GPT2-medium, or
BART, respectively. − LM-based Ent denotes replacing
our proposed entropy with a counting-based entropy.

with GPT2. Therefore, BART is crucial to improve541

the appropriateness of Ours. − BART-L performs542

well in diversity by leveraging GPT2 models to543

produce diverse but incoherent sentences. Com-544

pared to model variants with two LMs (rows 2 to545

4), Ours consists of three LMs, indicating that fus-546

ing more LMs leads to better performance. We will547

explore the cooperation of more LMs in the future.548

Effect of Model Components − LM-based Ent549

implements a counting-based entropy (Serban et al.,550

2017). Ours is better than − LM-based Ent, which551

verifies that our model-based entropy from multi-552

LMs provides a more reliable criterion for a diverse553

generation. As our variant with fine-tuning instead554

of prompting, − Prompt performs slightly worse555

than Ours. Ours trains only prompt parameters556

instead of tuning all parameters, showcasing the557

superior learning ability of prompt-based learning.558

4.5 Studies on Word Frequency Distribution559

To verify the effectiveness of enhancing diversity560

with multi-LMs cooperation, we calculate the oc-561

currence frequency of the same word in different562

LMs’ generated results. For each dataset, we se-563

lect five representative word sets from the entire564

vocabulary 7. In Figure 3, we show the differences565

in word frequencies between our model (Ours) and566

some baselines in different word sets, where a pos-567

itive value means that Ours generates these words568

more frequently than other models, and vice versa.569

We can observe that the frequency of generated570

words in Ours is much lower than that in other571

baselines in the first set (i.e., vocabulary IDs are572

0 ∼ 100). In the sets with lower word frequency573

(i.e., vocabulary IDs are 500 ∼ 2k), Ours tends to574

generate more words than the four baselines. It575

shows that Ours prefers rare words compared to576

7We sort the vocabulary by the word frequency of gener-
ated texts. Then, starting from the most frequent word, we
obtain five word sets, where each set contains 100 consecutive
words and different sets are intercepted by 500 words.

Figure 3: The differences in the average frequency of
generated words from Ours and that from four baselines.
We measure the word frequency by dividing the total
occurrence of a word in all sentences by the total number
of words in all generated sentences. The horizontal axis
shows the ranges of vocabulary ID of the five word sets.
The vertical axis shows the difference of average word
frequency in each set.

other models, thereby improving diversity. Firstly, 577

it benefits from the proposed entropy because the 578

model variant with statistical entropy (− LM-based 579

Ent) behaves similarly to Ours. Secondly, multi- 580

LMs cooperation introduces more diverse words 581

as candidates. Specifically, compared to Ours, (1) 582

On the model with a single LM, the phenomenon 583

of preferring rare words is not obvious like Ours. 584

(2) Different LMs have various word frequency dis- 585

tributions when they generate text independently. 586

Cooperation among them enables Ours to access 587

various generation distributions to obtain diverse 588

texts. 589

4.6 Case Studies 590

We conduct case studies on each dataset in App. F 591

due to the page limitation. It shows that our model 592

excels the baselines with qualitative examples. 593

5 Conclusion 594

We propose a multi-LMs dialogue generation 595

framework that enhances the diversity of gener- 596

ated utterances in low-resource settings. We ap- 597

ply prompt-based learning to utilize pre-trained 598

LMs and design an interactive decoding strategy 599

to make multiple LMs cooperate in the generation. 600

Moreover, we propose a multi-LMs-based entropy 601

to increase diversity, which facilitates both model 602

training and inference. Experimental results on 603

two datasets show that our model achieves superior 604

performance than the baseline models in appropri- 605

ateness and diversity. Quantized analyses evidently 606

show that our model tends to generate rare words. 607
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Ethical Considerations608

In this paper, we propose to leverage multiple LMs609

in a unified framework to generate dialogue re-610

sponses. Due to its inherent functionality, our611

model poses potential harm when it is used with ma-612

licious intentions. It can lead to a situation where613

one deliberately distorts a sentence for his or her614

benefit. Besides, if one intentionally changes the615

dialogue style (or political stance) of a person with616

the proposed model, the generated outputs may617

contain fake news or misinformation. Fortunately,618

our current model can only generate replies for619

the given query at present, and there is still a gap620

from the function of “engaging in given political621

tendencies and generating false texts”, we always622

advise follow-up researchers not to develop such a623

function. Conditional generative models face these624

problems in general, and future studies on how to625

mitigate these problems are in crucial need.626

Our work validates the proposed method and627

the baseline models with human evaluation, where628

manual work is involved. Thus, we disclose the629

payment given to the volunteered annotators. The630

average length of the samples from the two datasets631

is 8.48 words for DailyDialog and 9.25 words for632

PersonaChat. Considering the sentence length and633

task difficulty, we expect the annotator to evaluate634

100 sentences per hour. We set the hourly payment635

to 15 US$, which is much higher than the statutory636

minimum wage and also higher than the average637

level of the local salary.638
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A Deduction of the Training Objective890

In the beginning, our training objective is the891

combination of MLE and corpus-level entropy as892

Eq. 4. It is equivalent to the MLE with sample-893

level entropy over all training samples. The de-894

duction (from Eq. 4 to Eq. 5) is as follows, where895

|Ȳ | = 1
|D|

∑
(X,Y )∈D |Y |.896

L =
∑

(X,Y )∈D

|Y |∑
i=1

(logP (yi|Y<i;X)897

− α

|V|
∑
w∈V

H(w))898

899
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(X,Y )∈D

|Y |∑
i=1

α

|V|
∑
w∈V

1

|D|
1

|Ȳ |
∑

(X,Y )∈D

|Y |∑
j=1

h(w|Y<j ;X)903

L =
∑

(X,Y )∈D

|Y |∑
i=1

logP (yi|Y<i;X)904

− 1

|D|
1

|Ȳ |
∑

(X,Y )∈D

|Y |∑
i=1

(
α

|V|
∑
w∈V

∑
(X,Y )∈D

|Y |∑
j=1

h(w|Y<j ;X))905

L =
∑

(X,Y )∈D

|Y |∑
i=1

logP (yi|Y<i;X)906

− α

|V|
∑
w∈V

∑
(X,Y )∈D

|Y |∑
j=1

h(w|Y<j ;X)907

L =
∑

(X,Y )∈D

|Y |∑
i=1

logP (yi|Y<i;X)908

−
∑

(X,Y )∈D

|Y |∑
j=1

α

|V|
∑
w∈V

h(w|Y<j ;X)909

Hence, the L in Eq. 4 can be transfer to,910

L =
∑

(X,Y )∈D

|Y |∑
i=1

(logP (yi|Y<i;X)911

− α

|V|
∑
w∈V

h(w|Y<i;X)),912

which is the Eq. 5.913

B Details of the Datasets 914

DailyDialog 8 (Li et al., 2017) is a multi-turn 915

chitchat dialogue dataset, which is collected from 916

daily conversations (open-domain) and licensed 917

under CC BY-NC-SA 4.0. Apart from query and 918

response pairs, the dataset contains conversation 919

topics and emotions. PersonaChat 9 (Zhang et al., 920

2018) is a multi-turn conversation dataset, which is 921

licensed under CC-BY 4.0. Both datasets are in En- 922

glish and cover open-domain conversation topics. 923

In addition to queries and responses, PersonaChat 924

also contains the personas of the speakers. In our 925

work, we only use the queries and responses in both 926

datasets for all models to perform a single-turn con- 927

versation task. We randomly choose 1.5K and 1K 928

samples from the training set of DailyDialog and 929

PersonaChat. The conversation samples we used in 930

the training/validation/testing sets of DailyDialog 931

and PersonaChat are 1.5K/1K/1K/ and 1K/1K/1K, 932

respectively. 933

C Implementation Details 934

We implement our med based on an open-source 935

dialogue modeling framework ParlAI 10. We train 936

all models on a single GeForce RTX 3090 GPU 937

with 24GB memory. For all the LMs, we freeze 938

their model parameters except for the continuous 939

prompts and set the prompt length to 100/100/200. 940

We set the dropout rate to 0.1, and use the Adam 941

optimizer with a learning rate of 1e-5. The word 942

embedding size and hidden dimension for GPT2- 943

small, GPT2-medium, and BART are 768/768, 944

1024/1024, and 1024/1024, respectively. We use 945

the vocabulary of the pre-trained GPT2 model to 946

tokenize sentences for all the LMs. The size of 947

the vocabulary is 50257. We set the threshold p 948

for nucleus sampling as 0.9 and the beam search 949

size B in Sec 3.5.1 as 4 for all the LMs. We also 950

use nucleus sampling with p = 0.9 as the decoding 951

strategy for baseline models to compare with Ours. 952

The factor α, β, and τ in Eq. 4, Eq. 6, and Eq. 7 953

are 0.5, 0.2, and 0.01. 954

We follow the default settings for other hyper- 955

parameters as the pre-trained GPT2 and BART 956

models. We use the uniform sampling method to 957

choose values for α, β, and τ . The average run 958

time for our model is about one hour for training 959

8yanran.li/dailydialog
9github.com/facebookresearch/ParlAI/tree/main/

projects/personachat
10github.com/facebookresearch/parlai
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and six hours for inference. We train Ours for one960

run and run the inference five times to obtain the961

evaluation results.962

D Automatic Metrics963

Bleu-N (Papineni et al., 2002) evaluates n-gram964

matching between generated results and the ground965

truth. Meteor (Banerjee and Lavie, 2005) calculates966

the similarity between the output and the ground967

truth in the sentence level. Dist-N (Li et al., 2016b)968

calculates the distinct n-grams to measure the tex-969

tual diversity. Ent-N (Serban et al., 2017) is the970

entropy that is based on the word count distribu-971

tion.11972

E Details about the Human Evaluation973

E.1 Annotators and Evaluation Settings974

Following the common practice (Gao et al.,975

2019c,a), we invite 5 volunteer annotators from976

the postgraduate students in a university and pay977

for their work. Each volunteer needs to annotate978

150 samples randomly selected from the test results979

with a 5-point rating. The annotators are highly980

educated and experienced in language evaluation.981

For each of the two datasets, every annotator is as-982

signed 150 randomly selected samples. We shuffle983

the order of the models’ output and hide the mod-984

els’ names from the annotators. As we perform a985

single-turn conversation task, the dialogue history986

is unavailable to the annotators. Therefore, the an-987

notators are asked to evaluate each response only988

on the current sample‘s query.989

E.2 Rating Instructions990

We require our annotators to strictly obey the fol-991

lowing instructions while evaluating the samples.992

• “H-Qual” score: A response that is grammati-993

cally correct and semantically consistent with the994

input query should be assigned 5 scores. A re-995

sponse that is merely coherent with the conver-996

sation contexts and delivers ambiguous informa-997

tion should be assigned 3 scores. An irrelevant998

response that is inconsistent with the query and999

contains grammatical mistakes should be assigned1000

1 score. Scores 2 and 4 are for decision dilemmas.1001

• “H-Div” score: A response that is rich in lex-1002

ical resources and contains diverse collocations1003

11We use toolkits provided in travis-ci.org/Maluuba/nlg-
eval to evaluate our results.

should be rated as 5. Specifically, If the response 1004

contains at least one uncommon phrase and ap- 1005

propriately brings up a new conversation topic, it 1006

should be assigned 5 scores (For example, when 1007

the query is “How is your day?”, and the generated 1008

response is “Couldn’t be better, I’m shopping with 1009

my besties.”). A response that uses common col- 1010

locations without referring to new topics should 1011

be assigned 3 scores. A response that is short in 1012

length and hardly offers new information to the 1013

conversation should be assigned 1 score (For ex- 1014

ample, responses like “I don’t know.” and “Yes.”). 1015

Scores 2 and 4 are for decision dilemmas. 1016

F Case Study 1017

We demonstrate two cases from two datasets in Ta- 1018

ble 3. PAML gives irrelevant replies in both cases. 1019

GPT2-S-F and BART-L-P give generic and sim- 1020

ple responses. GPT2-M-F and BART-L-F capture 1021

the semantics of the query but produce relatively 1022

short sentences that lack diversity. In the case of 1023

DailyDialog, GPT2-S-P responds with a merely 1024

related utterance that incurs ambiguity and confu- 1025

sion, while BART-L-P fails to understand the input 1026

and gives an irrelevant response. UL answers with 1027

an uninformative response that repeats itself. In 1028

the case of PersonaChat, except for GPT2-M-P, all 1029

models give coherent answers. T5-3B-P generates 1030

long and diverse sentences in both cases, but the 1031

responses are inconsistent with the query. In both 1032

cases, Ours generates coherent replies which are 1033

richer in diversity. Consisting of BART and GPT2 1034

models, Ours can generate semantically different 1035

replies from the single model baselines (the text in 1036

cyan). Moreover, Ours also can express the same 1037

meaning with different lexical resources (the text 1038

in red). 1039

G Limitations 1040

Although our approach produces promising results 1041

on two datasets, there are certain limitations. In the 1042

future, we will continue to dig into these concerns. 1043

In this work, we conduct the experiments in low- 1044

resource settings. We do not adapt our model for 1045

rich-resource scenarios and do not verify the per- 1046

formance on large-scale datasets. Actually, low- 1047

resource response generation is very common in 1048

practical use, where the large-scale training data are 1049

usually not easy to obtain (Liu et al., 2021a), such 1050

as personalized conversation (Zhang et al., 2018; 1051

Lin et al., 2019; Tian et al., 2021). Meanwhile, 1052
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DailyDialog PersonaChat
Query What seems to be the trouble now? Hi, how are you doing today?

GPT2-S-F I’m not sure. I am doing well, how are you?
GPT2-M-F Well, I’ve been ill. I am good, how are you?
BART-L-F I think I’ve caught a cold. I am doing pretty good. how are you?

UL
I’m not sure. I’m not sure what’s wrong with me.
I’m not sure what’s wrong.

I am doing well !
just got back from work .
what do you want to do ?

PAML Yes, I think so. Do you have any hobbies?
GPT2-S-P It’s been a long day. I am good, how about you?
GPT2-M-P Well, I’ve got a lot of work to do. You?
BART-L-P Yes, I’m fine. I am doing great how are you?

T5-3B-P
I’m sorry, Tom. I’ve been away for a while.
I’d been feeling pretty well
until just a few days ago.

I’m not a light sleeper.
I’d rather have a quieter place. I agree.

Ours
You know , I’ve been so busy with work,
I don’t have time to see you.

I am doing great ,
just got back from a trip to california.
what about you ?

Table 3: Two cases of the generated responses of all models from DailyDialog and PersonaChat. We compare Ours
and single LM baselines. Within the same dataset, the responses in cyan indicate the different meanings between
Ours and the baselines, and the phrases in red imply that the results from Ours share the same meaning as the results
from some specific baselines.

the issue of lacking diversity is more serious in1053

low-resource settings (Song et al., 2020). In the fu-1054

ture, we will investigate our method on large-scale1055

datasets.1056

In the implementation, our technique that pro-1057

duces sentences with several LMs simultaneously1058

needs LMs to share the same vocabulary, otherwise,1059

it is hard to fuse different LMs. For example, mod-1060

els from BART and GPT2 families, DialoGPT and1061

Roberta have the same vocabulary, while the vocab-1062

ulary of the T5 model is different from that of the1063

BART models, making it hard to incorporate them1064

together. However, this limitation can be avoided1065

in some particular settings or with certain strate-1066

gies. Many recent studies, such as GPT2 (Radford1067

et al., 2019), BART (Lewis et al., 2019), and Di-1068

aloGPT (Zhang et al., 2020) share the same vocab-1069

ulary for pre-training. Moreover, it is feasible to1070

design a mapping strategy to accommodate differ-1071

ent vocabularies, that is, the limitation is probably1072

easy to address with some engineering tricks. We1073

will study this problem in the future.1074

In this paper, we only apply our method to the1075

dialogue task and do not adapt our method to other1076

text generation tasks. The tasks like machine trans-1077

lation and automatic summary do not have the one-1078

to-many characteristics and do not suffer from lack-1079

ing diversity in the generated results. Thereby, our 1080

proposed method is suboptimal for these tasks. We 1081

will explore more text generation applications and 1082

try to expand our method to a wide range of tasks. 1083

Because of the limitations of computational re- 1084

sources, we only experiment under the settings 1085

where the number of LMs is equal to or less than 1086

three. Although the settings where fuse more than 1087

three LMs are unexplored, we apply our method 1088

to two LMs in Sec 4.4 and find that it underper- 1089

forms the three-LMs setting. The performance may 1090

be better if we fuse more LMs. In the future, we 1091

will investigate the cooperation of numerous LMs 1092

(more than three) to obtain better performance. 1093
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