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Abstract001

We build rule-based emergent language (EL)002
agents using induced morphological phrase-003
books and test their communicative perfor-004
mance in the EL environment with its neural005
network agents. This contributes three things:006
First, it assesses the quality of the morphemes007
discovered by the induction algorithm in situ,008
which we find to be effective for communicat-009
ing in the EL. Second, it allows us to uncover010
morphosyntactic properties of EL through ab-011
lating the morpheme induction and the phrase-012
book algorithms, showing that the ELs rely on013
repetition as well as morpheme ordering to con-014
vey meaning. Third, we find that the bijectivity015
of morphemes (measured via normalized point-016
wise mutual information), serves as a metric017
of compositionality that is more closely corre-018
lated with the ability of the phrasebook-agents019
to “speak” and “hear” an EL than existing met-020
rics such as topographic similarity or bag-of-021
symbols disentanglement.022

1 Introduction023

Deep learning-based emergent language (a.k.a.024

emergent communication) presents a fascinating025

way to study the origins and development of hu-026

man language by observing how the interplay of027

functional pressures and inductive biases produce028

communication systems. Yet a major challenge in029

studying emergent languages is interpreting how030

they convey meaning—neural networks may in-031

vent communication systems which lack features032

of human language. Thus, a primary goal of emer-033

gent language research has been to investigate034

the linguistic structures present in emergent lan-035

guages from morphology to semantics to syntax036

and how they compare with those of human lan-037

guage (van der Wal et al., 2020; Ueda et al., 2022;038

Boldt and Mortensen, 2024).039

One technique introduced to discover the mor-040

phology of emergent language is CSAR (Boldt and041

Observation
[3 2 1 2]

Neural Net
Sender

"4 4 3 3 1 1 1 1"

Phrasebook
Sender

"4 4 1 1 1 1 3 9"

Neural Net
Receiver

Answer: [3 2 1 2]

Neural Net
Receiver

Answer: [3 2 1 2]

=

Phrasebook
[3...]→ "3"
[.2.2]→ "1 1 1 1"
[..1.]→ "4"
[...2]→ "9"

Figure 1: Main experimental setting where we com-
pare a phrasebook-based agent with the original neu-
ral network-based sender. We also experiment with a
phrasebook-based receiver.

Mortensen, 2025), an algorithm which induces mor- 042

phemes (minimal form–meaning pairs) from an 043

emergent language corpus of messages and their 044

accompanying semantics. CSAR was initially val- 045

idated on human and procedurally generated lan- 046

guages, yet its effectiveness on emergent languages 047

was not tested due the unavailability of “ground 048

truth” morphemes in emergent languages. To ad- 049

dress this shortcoming, we test the morphemes in- 050

duced by CSAR in situ by constructing algorithms 051

to “speak” and “hear” emergent languages using 052

the induced morpheme “phrasebooks” (illustrated 053

in Fig. 1). These phrasebook-based agents are built 054

on the assumption that the emergent language is 055

concatenatively compositional, that is, that we can 056

compose the meanings of morphemes by concate- 057

nating their forms into a message. 058

Analyzing the effectiveness of these phrasebook- 059

based agents communicating in emergent language 060

provides two insights. First, it reveals whether or 061

not CSAR is uncovering a meaningful mapping 062

between form and meaning for the emergent lan- 063

guage, and, as a consequence, can serve as a good 064

foundation for subsequent study of the structure 065

of emergent languages. Second, it serves a probe 066

into the morphosyntactic properties of emergent 067
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language (when we vary the morpheme induction068

and phrasebook algorithms).069

Finally, with these results, we propose a new070

compositionality metric: morpheme bijectivity, de-071

fined as the weighted average of morphemes’ nor-072

malized pointwise mutual information as induced073

by CSAR. This metric correlates better with the074

ability of the phrasebook-based agents (which pre-075

suppose compositionality) to use emergent lan-076

guage than existing metrics of compositionality077

like topographic similarity or bag-of-symbols dis-078

entanglement.079

Impact Beyond validating the performance of080

CSAR and characterizing the morphosyntax of a081

particular set of emergent languages, this paper pro-082

vides a more general paradigm for more principled083

evaluation of the linguistic features of emergent084

languages. That is, by constructing a procedural085

method for speaking and hearing the emergent lan-086

guage, we can directly probe for its various mor-087

phological and syntactical properties. This is much088

more akin to the process in linguistics of propos-089

ing theoretical models and testing their predictions090

than prior approaches in emergent language. As a091

whole, this paper, then, moves emergent language092

research closer towards its goal of discovering the093

nature of human language.094

Structure Section 2 discusses prior work most095

relevant to this paper. Section 3 presents an096

overview of the environments, agents, and algo-097

rithms uses in the experiments. Section 4 briefly098

specifies the experiments and their results with a099

robust discussion in Section 5. The conclusion, dis-100

cussion of limitations, and ethical considerations101

are presented in Sections 6 to 8, respectively.102

2 Related Work103

For a general overview of deep learning-based104

emergent language see Lazaridou and Baroni105

(2020). Generally speaking, this work builds on106

top of the morphological investigations into the107

structure of emergent language presented in Boldt108

and Mortensen (2025) and ties in with other ap-109

proaches, including Ueda et al. (2023); Lipinski110

et al. (2024); Carmeli et al. (2024); Gilberti et al.111

(2025).112

Levy et al. (2025) addresses the task machine113

translation of emergent communication into hu-114

man language; namely, they employ unsupervised115

neural machine translation to translate image cap-116

tions between emergent and human language. This 117

is analogous to how we translate between emer- 118

gent language messages and semantics, although 119

we focus on white-box algorithms instead of deep 120

learning methods. The morpheme induction and 121

phrasebook algorithms assume compositionality in 122

the emergent languages, and as such, intersect with 123

prior work discussing the link between composi- 124

tionality and generalization in emergent language 125

(Chaabouni et al., 2020; Kharitonov and Baroni, 126

2020; Xu et al., 2022). Galke et al. (2024) dis- 127

cusses the relationship between compositionality 128

in emergent language and its learnability by deep 129

learning techniques analogous to our study of the 130

learnability by statistical and rule-based methods. 131

The phrasebook-based agents we propose are, in 132

effect, a rule-based machine translation (RBMT) 133

system (e.g., Forcada et al. (2011)) where the lan- 134

guage pair is the message and observation spaces 135

of an emergent language, although the comparative 136

simplicity of emergent language and its divergence 137

from human language admit limited applicability 138

of prior approaches from RBMT techniques with 139

human language. 140

3 Methods 141

The code for this paper available under a free li- 142

cense at http://example.com/supplemental-materia 143

ls-for-review. 144

3.1 Environment 145

The emergent language environment we use for our 146

investigation is the reconstruction variant of the 147

signalling game (similar to Chaabouni et al. (2019, 148

2020)). The reconstruction game comprises two 149

agents, a sender and a receiver. The sender makes 150

an observation and produces a message which the 151

receiver must use to reproduce the original observa- 152

tion (without any additional input); this can be seen 153

as mimicking an autoencoder architecture where 154

the central bottleneck layer is a sequence of dis- 155

crete symbols. We select the reconstruction game 156

because it in addition to being well-studied in lit- 157

erature, it provides a clear way of testing general- 158

ization via a held-out test set. Our implementation 159

is based on the EGG framework (Kharitonov et al., 160

2021, MIT license). 161

In our implementation, the observations are a 162

concatenation of one-hot vectors, which each repre- 163

sent a distinct attribute taking on a particular value. 164

For example, if we have a game where observations 165
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comprise 2 attributes which can each take on one166

of 3 values, we would resent the observation [0 2]167

as follows:168

[
0 2

]
→

one-hot

1 0
0 0
0 1

 →
flatten

[
1 0 0 0 0 1

]
,169

with the concatenated one-hot vector being the in-170

put to the sender and desired output from the re-171

ceiver. The messages in our environment are repre-172

sented similarly: sequences of tokens represented173

as one-hot vectors (although the one-hot vectors174

are not concatenated because they are processed175

sequentially). Observations are sampled uniformly176

from all of the possible combinations of values for177

each attribute. Agents only see a subset of these178

possible observations at training time with the rest179

being held out for a test set.180

3.2 Morpheme induction181

Morpheme induction is the process of inferring182

minimal, meaningful form–meaning pairs from a183

corpus of messages with their accompanying mean-184

ings (i.e., an annotated corpus). Messages are185

taken to be sequences of atomic tokens while the186

accompanying meanings are represented as sets187

of atomic meaning tokens. Forms, in this case,188

are subsequences of tokens and meanings are sub-189

sets of the observation made by the sender. A190

given form–meaning pair is meaningful if the form191

and meaning correspond to each other in the lan-192

guage and minimal if the pair cannot be further193

decomposed into simpler pairs while maintaining194

the same meaning.195

We use the CSAR algorithm to induce mor-196

phemes from the annotated emergent language cor-197

pora produced by the emergent language game198

(Boldt and Mortensen, 2025, MIT license). Its199

outline is:200

C ount co-occurrences of forms and meanings.201

S elect pair with highest mutual information.202

A blate selected pair from corpus.203

R epeat process, starting at Count.204

The intuition is that form–meaning pairs with high205

mutual information both correlate well with each206

other as well as occur frequently within the corpus.207

3.3 Agents208

Neural networks The sender agent comprises209

two fully-connected embedding layers, separated210

by a tanh activation, mapping from the observation211

to the embedding space which is given to an RNN212

Algorithm 1 Outline of sender algorithm

1morpheme :: tuple
2form :: list[int]
3meaning :: set[int]
4weight :: float
5# Sorted by weight, descending
6inventory :: list[morpheme]
7observation :: set[int]
8max_length :: int
9
10message :: list[int]
11while True:
12meanings_left = observation
13for morph in inventory:
14if morph.meaning ⊆ meanings_left:
15meanings_left -= morph.meaning
16message.extend(morph.form)
17if len(message) ≥ max_length:
18return message
19if meanings_left is empty:
20break # out of for loop

to produce the message. The discrete vocabulary 213

items are sampled using a Gumbel-Softmax layer 214

(Maddison et al., 2017; Jang et al., 2017) before 215

being passed to the RNN of the receiver agent, fol- 216

lows by two full-connected layers, as in the sender. 217

The agents are trained on a mean-squared error 218

objective. When the exact-match training accu- 219

racy reaches 99.99%, either the sender or receiver’s 220

parameters are reset to encourage better general- 221

ization (by default the receiver is reset twice be- 222

fore concluding training after reaching the accuracy 223

threshold) (Li and Bowling, 2019). 224

We use two different types of neural network- 225

based agents in our empirical evaluation which we 226

term online and offline. The online agents are sim- 227

ply the neural networks that were trained as part of 228

the original emergent language environment, which 229

means that the sender and receiver were jointly 230

optimized and gradients backpropagated from re- 231

ceiver to sender. The offline agents, on the other 232

hand, are trained directly from the annotated cor- 233

pora in a fully supervised setting. Thus, the offline 234

agents do not receive any additional information 235

or benefit from joint optimization compared to the 236

phrasebook-based agents which also operate based 237

only on the annotated corpora. 238

Phrasebook The phrasebook agents map from 239

observations to messages (senders) or messages to 240

observations (receivers) by executing an algorithm 241

given the morpheme inventory (“phrasebook”) in- 242

duced by CSAR. Both algorithms are founded on 243

the assumption that the emergent languages are 244

concatenatively compositional over morphemes; 245
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Algorithm 2 Outline of receiver algorithm

1# Sorted by weight, descending
2inventory :: list[morpheme]
3message :: list[int]
4attributes :: list[set[int]]
5
6# Cumulative weight of each meaning
7meanings :: map[int, float]
8for morph in inventory:
9n = count_matches(message, morph.form)
10for m in morph.meaning:
11meanings[m] += n * morph.weight
12# Max-weighted value for each attribute
13observation :: set[int]
14for attr in attributes:
15observation += argmax(meanings ∩ attr)
16return observation

that is, the meanings present in morphemes can246

be combined by concatenating their corresponding247

forms.248

The sender uses a greedy algorithm (Algo-249

rithm 1) which loops over the morphemes in the250

phrasebook from best to worst; when a morpheme’s251

meaning is a subset of the observation, the cor-252

responding form is added to the message under253

construction. The morpheme’s meaning is them ab-254

lated from the observation, and the loop continues255

until all the meanings are matched or the message256

reaches the maximum length permitted by the envi-257

ronment. If the observation is exhausted before the258

max length is reached, the observation is reset to259

the original value and algorithm repeats from the260

beginning of the morpheme inventory. This results261

in multiple of the highest-weighed morphemes be-262

ing employed in the message (this turns out to be263

critical to phrasebook sender performance; see Sec-264

tion 5.3). When the maximum message length is265

reached, the morphemes are reordered by ascend-266

ing positional affinity before being concatenated.267

Positional affinity is defined as the mean start index268

of that morpheme across the input corpus.269

We also implement more sophisticated algo-270

rithms for constructing messages from an obser-271

vation: best-first search and integer programming272

(used in the ablation experiments and briefly de-273

scribed in Appendix B).274

The receiver algorithm (Algorithm 2) follows the275

same basic idea as the sender. The morphemes are276

looped over, testing to see if a morpheme’s form is277

a subsequence of the message. If it the form is con-278

tained in the message, the morpheme’s meaning is279

added to a meaning accumulator proportional to the280

morpheme’s weight and the number of occurrences281

Online

Offline Sen.

Offline Rec.
PB Sender

PB Receiver

Agent Pair

0.4

0.6

0.8

1.0

Ac
cu

ra
cy

Train
Test

Figure 2: Accuracies across ∼1200 random seeds
for various agent pairs. Online and Offline are the
neural network-based agents, while PB refers to the
phrasebook-based agent.

in the message. Unlike the sender, the form is not 282

subtracted from the message, and the algorithm 283

proceeds through the whole phrasebook only one 284

time; thus, a sort of superposition of all mathcing 285

morphemes is considered. After the phrasebook 286

is exhausted, the final meaning is determined by 287

taking the index of the max accumulator value for 288

each attribute. 289

4 Experiments 290

In this section, we describe the experiments per- 291

formed and give their results with a full discussion 292

and analysis of the results in Section 5. See Ap- 293

pendix C for details on computing resources used. 294

4.1 Phrasebook vs. neural network agents 295

We begin our empirical evaluation by comparing 296

the performance of the phrasebook-based agents 297

with the online and offline neural network-based 298

agents across ∼1200 seeds of the reconstruction 299

game (Fig. 2). We look at exact-match accuracy 300

on train and test sets for the original online–online 301

setting as well as to and from the offline and phrase- 302

book agents. This setting uses 4-attribute, 4-value 303

observations which means that random chance per- 304

formance is 1
44

≈ 0.4% (see Appendix A for fur- 305

ther hyperparameters). Some qualitative examples 306

of inventories and messages sent by the neural 307

sender are given in Appendix D. A quantitative 308

summaries of the morpheme inventories (e.g., in- 309

ventory size, synonymy) is included in Appendix E. 310

4.2 Environment ablation 311

We follow up our primary evaluation of our 312

phrasebook-based agents with variations of the hy- 313

perparameters of the emergent language environ- 314
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Figure 3: Accuracy plot for loss function ablation ex-
periment. Full plots in Appendix F.

ment (and the online agents) to determine what315

environmental factors make emergent languages316

more or less intelligible to morpheme induction317

and the accompanying phrasebook agents. An ex-318

ample of the results is shown in Fig. 3 with all319

results given in Appendix F. Each setting was run320

for 100 random seeds (some settings had fewer321

than 100 runs converge in the initial training).322

In particular, we vary the following hyperparam-323

eters in the environment and online agents:324

n attributes, n values (default: (4, 4)).325

test proportion Proportion of possible observa-326

tions held out for the test set (default: 10%).327

vocabulary size Number of distinct types usable328

in a message (default: 64).329

max message length Maximum number of tokens330

in a message; padded with end-of-sentence to-331

ken if less than max (default: 8).332

GS straight through Use a stochastic one-hot333

vector during the forward pass through the334

Gumbel-Softmax layer (default: no).335

Agent reset schedule Sequence of sender/re-336

ceiver resets during training (default: (receiver,337

receiver)).338

Reset optimizer parameters Reset Adam opti-339

mizer parameters along with the agent parame-340

ters during reset (default: yes).341

RNN cell type Which RNN cell type to use (El-342

man, LSTM, GRU; default: GRU).343

loss function Which loss function to train the on-344

line agents with (cross-entropy or mean squared345

error; default: MSE).346

n embedding layers Number of fully-connected347

layers before/after the sender’s/receiver’s RNN348

(default: 2).349

n RNN layers (default: 1)350

4.3 Phrasebook agent ablation351

In this section we test ablations and variations of352

the morpheme induction process as well as the353

No Yes*
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st

 A
cc
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Repeat morpheme, sender
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Figure 4: Accuracy plots various for repeat morpheme
phrasebook sender ablation. Full plots in Appendix G.

phrasebook sender and receiver algorithms. These 354

variations will elucidate what aspects of the algo- 355

rithms and morphemes are most salient to using 356

the emergent language. An example of the results 357

is shown in Fig. 4 with all results given in Ap- 358

pendix G. 359

In the morpheme induction algorithm we vary: 360

max inventory size Use the top-k morphemes for 361

the inventory (default: k = ∞). 362

max form length Consider forms up to length l 363

(default: l = ∞). 364

max meaning size Consider meanings up to size 365

s (default: s = ∞). 366

weight method What probabilistic metric to use 367

in selecting weighting and selecting morpheme 368

candidates (default: mutual information); other 369

methods given in Appendix G. 370

strip EoS token Remove the padding/end-of- 371

sentence token from messages before induction 372

(default: yes). 373

search best Apply a lookahead heuristic in ablat- 374

ing ambiguous morphemes (default: yes). 375

In the phrasebook sender we vary: 376

morpheme selection method Whether to use 377

greedy algorithm (default) for selecting 378

morphemes, search, or integer programming. 379

form order How to order the forms in the mes- 380

sage (default: affinity); other method includes 381

insertion order (no reordering) and shuffled (at 382

the morpheme level). 383

repeat morpheme Permit repetitions of the same 384

morpheme (default: yes); if no, exit after all 385

meanings are accounted for. 386

ablate meaning Track meaning atoms remaining 387

in the observations (default: yes); if no, perform 388

a single pass through the inventory and apply 389

any matching morpheme (increases diversity of 390

morphemes used). 391

In the phrasebook receiver we vary: 392

ablate form Mask out form tokens as they are 393
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Figure 5: Plot of two different potential predictors of
phrasebook sender (blue) and receiver (orange) accu-
racy: corpus topographic similarity (top) and mean
NPMI of morphemes (bottom).

matched with morphemes (default: no); if no,394

match all morphemes in the inventory that apply.395

idempotent form Ignore repetition of the same396

morpheme in a message (default: no); analogous397

to repeat morpheme for the sender algorithm.398

Each variation is applied to the base configura-399

tion independently and is tested against the same400

100 corpora generated with different random seeds.401

4.4 Compositionality402

In our final experiment, we investigate how the403

performance of the phrasebook agents correlates404

with topographic similarity and a composition-405

ality metric we introduce, morpheme bijectivity406

(Fig. 5).We also tested bag-of-symbols disentan-407

glement (Chaabouni et al., 2020) and a mutual408

information-based variant of the morpheme bijec-409

tivity metric (Fig. 12). These metrics are computed410

reusing the training corpora and phrasebook agent411

accuracies from the environment ablation experi-412

ments (Section 4.2) in order to test against a wider413

variety of languages and phrasebook agent perfor-414

mances.1 Since the independent variable values415

(i.e., toposim and intrinsic inventory metrics) are416

1We exclude variations on the hyperparameters n values,
n attributes, and test proportion because they skew the relative
difficulty of the reconstruction game.

not evenly distributed, we employ stratified sam- 417

pling across 5 buckets to avoid overweighting the 418

most prevalent buckets. 419

Topographic similarity (a.k.a., “toposim”) 420

(Brighton and Kirby, 2006; Lazaridou et al., 2018) 421

is the most popular metric of compositionality in 422

the emergent language literature and is defined as 423

the Spearman rank correlation coefficient (ρ) be- 424

tween pairwise distances in the observation space 425

and distances in the message space. We use Leven- 426

shtein distance as the metric for the message space 427

and Hamming distance for the observation space 428

(since the observations are represented by sets of a 429

fixed size). 430

We compare toposim with a new metric, mor- 431

pheme bijectivity, derived from CSAR’s morpheme 432

inventory. Morpheme bijectivity is defined as the 433

mean normalized pointwise mutual information2 434

(NPMI) weighted by the prevalence3 of morphemes 435

in the inventory given by CSAR. The intuition with 436

mean NPMI is that morphemes with higher NPMI’s 437

(i.e., closer to having a one-to-one relationship) re- 438

sult in observation–message mappings that are less 439

ambiguous and easier to process. 440

5 Discussion 441

5.1 Communicating in emergent language 442

We observe (in Fig. 2) that the online–online par- 443

ings perform near 100% accuracy on training and 444

test data with few outliers. Both the offline sender 445

and offline receiver perform almost as well, though 446

with a marked decrease on the test data; this shows 447

that most—though possibly not all—of in the infor- 448

mation necessary for generalizing to the test data is 449

is available in the annotated corpora alone (cf. the 450

online agents “overfitting” to each other). 451

The phrasebook-based agents, while underper- 452

forming the neural network-based agents, perform 453

quite well with median scores of 100% on the test 454

set and seldom falling below 80%. This, in turn, 455

confirms the primary premise in question in this 456

paper: it is possible to communicate in emergent 457

language with phrasebook agents derived from an 458

induced morphological inventory. Nevertheless, it 459

is very easy to distinguish between the messages 460

generated by the neural sender compared to the 461

phrasebook sender (Appendix D); the former is 462

more varied in both its morpheme selection and its 463

2Computed for form–meaning pairs before any ablations.
3The joint probability of the form–meaning pair after pre-

vious ablations are applied.
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order compared to the rigid message structure of464

the phrasebook sender.465

5.2 Robustness of morpheme induction and466

phrasebook agents467

Varying the hyperparameters of the emergent lan-468

guage environment and the online agents allows469

us to get a fuller picture of how the morpheme in-470

duction, sender, and receiver algorithms perform471

(Figs. 3, 8 and 9). We categorize the results by the472

online and phrasebook agent performances:473

High online, high phrasebook Both the on-474

line agents and the phrasebook agents perform475

well (>80%)4, suggesting that generalization is476

achieved by the online agents employing a method477

interpretable to both sender and receiver phrase-478

book agents. This includes the majority of the479

settings we tested in our ablations suggesting a fair480

degree of robustness to variations in the hyperpa-481

rameters of the environment.482

Low online, low phrasebook Both the online483

agent and the phrasebook agents struggle to gener-484

alize well (even after the online agents converge on485

the training set). These settings include nattribute =486

2 (0%) and nvalue = 2 (0%) and, to a lesser degree,487

a test proportion of 75% ([30%, 45%]). The results488

on these settings are expected insofar as the on-489

line agents serve as an upper bound for phrasebook490

agent performance, that is, the phrasebook agents491

cannot somehow generalize beyond what possible492

in the original language.493

High online, low phrasebook The online agents494

maintain a high test performance while the phrase-495

book agents significantly underperform the on-496

line agents; the most notable examples of this497

are the non-GRU RNN cell type ([90%, 100%]498

vs. [15%, 35%]), cross-entropy loss (95% vs.499

[5%, 15%]), and a vocabulary size of 4 (100% vs.500

5%). These setting highlight the fact that the on-501

line agents are capable of generalizing to unseen502

observation in a way that is largely opaque to the503

morpheme induction algorithm and/or the phrase-504

book algorithms, that is, in a way that violates the505

assumption concatenative compositionality. For506

example, in the case of a small vocabulary, size it507

would not be possible to create a one-to-one map-508

ping between specific types in the vocabulary and509

specific values for specific attributes. Two alter-510

natives for conveying meaning include: (1) dou-511

4Parenthesized numbers are median accuracies.

ble articulation where groups of meaningless form 512

tokens comprise meaningful “words” and (2) the 513

semantics of individual types exist in an entangled, 514

non-linear embedding space which neural networks 515

can learn but CSAR cannot. Although further in- 516

vestigation would be required to determine if either 517

of these two cases hold. 518

5.3 Morphosyntax in the ELs 519

Looking at the performance variations in response 520

to changing parameters of the induction and phrase- 521

book agents, we can infer various properties about 522

the morphology and syntax of the emergent lan- 523

guages in question. With respect to the morpheme 524

induction, we see two subtle patterns: (1) perfor- 525

mance goes slightly up when increasing the max 526

meaning size from 1 to 2 (Fig. 10) and (2) perfor- 527

mance goes slightly down with max form length 528

increasing above 1 (Fig. 10). The former pattern 529

suggests that the emergent languages show some 530

small degree of fusionality/cumulative exponence, 531

while the latter indicates that considering multi- 532

token forms is not relevant to the morphology of 533

the emergent languages. 534

Turning our attention to the variations in the 535

sender algorithm, we see that one of the most im- 536

portant factors in high performance is permitting 537

the repetition of morphemes. When the algorithm 538

employs just a single morpheme per meaning atom, 539

the performance is notably worse (with a median 540

accuracy of 60% instead of 100%; Fig. 11). Sim- 541

ilarly, when the sender algorithm does not ablate 542

meanings and uses subsequent lower-weighed mor- 543

phemes for a given meaning atom in addition to the 544

higher weighed meanings (i.g., meanings are not 545

ablated), performance drops (Fig. 11). These obser- 546

vations suggest that repetition of highly-weighted 547

morphemes is a meaningful morphosyntactic fea- 548

ture of the emergent languages studied. 549

In addition to the importance of repetition, we 550

also found the order of morphemes had a notable 551

impact on the sender agent’s performance, with per- 552

formance decreasing when we perturb morphemes 553

from their preferred place in the message (i.e., the 554

affinity method; Fig. 11). This indicates a syntactic 555

rule (albeit a simple one) that governs how mor- 556

phemes should be combined. Finally, the variations 557

on the receiver algorithm did not have large impacts 558

on the phrasebook agent performance (Fig. 11). 559
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5.4 Compositionality in emergent language560

Compositionality is one of the most talked about561

topics in emergent language research, and the562

in situ experiments with phrasebook agents pro-563

vide a uniquely in-depth investigation of this phe-564

nomenon. Namely, the morpheme induction algo-565

rithm and phrasebook agents are built on the fol-566

lowing assumption: the meanings forming the ob-567

servation correspond to substrings of the message568

in a disentangled way, such that the substrings can569

otherwise be recombined independently of each570

other while retaining their original meaning. This571

aligns closely with the typical definition of compo-572

sitionality in emergent language, namely that “[t]he573

meaning of a compound expression is a function574

of its parts and of the way they are syntactically575

combine” (Partee et al., 1984), where syntactic576

combination is operationalized as concatenation of577

the forms in emergent language.578

Essentially, the phrasebook agents should per-579

form well if and only if (1) the emergent lan-580

guage is concatenatively compositional, (2) the581

morpheme induction algorithm actually induces582

meaningful morphemes, and (3) the sender and re-583

ceiver algorithms sufficiently capture the syntax of584

the emergent language. Insofar as we assume (2)585

and (3) to be true, we can use the performance of586

the phrasebook agents as a proxy for compositional-587

ity. This notion of compositionality is deeper than588

more familiar metrics like topographic similarity589

because it not only takes into account the exter-590

nally visible correlations between observations and591

messages but also tests these correlations with the592

original emergent language speakers and hearers593

(i.e., the online agents). We could, in a way, see594

these experiments being closer to “field linguistics”595

compared to the “corpus linguistics” approach of596

toposim. Continuing the analogy: field linguistics597

is more resource intensive than corpus linguistics,598

and likewise for testing phrasebook agents in situ599

compared to computing toposim.600

Yet, we find that morpheme bijectivity addresses601

the shortcomings of both measures of composi-602

tionality: First, it is more predictive of phrase-603

book agent performance than toposim (Fig. 5;604

R2 = 0.86 vs. R2 = 0.57).5 And second, it can605

be computed with only the annotated corpus, not606

needing access to the original emergent language607

environment.608

5Bag-of-symbols underperforms both of these as a predic-
tor with R2 = 0.29 (Fig. 12).

Compositionality without generalization An 609

ancillary finding of the experiments across differ- 610

ent environments is that they provide further ev- 611

idence for the notion that neural network agents 612

do not need to use concatenative compositionality 613

to in order to generalize (Kharitonov and Baroni, 614

2020). Indeed, in the majority of our settings, we 615

see that the performance of the online and phrase- 616

book agents are relatively matched, suggesting that 617

compositionality corresponds with generalization 618

performance. But in certain settings (e.g., cross- 619

entropy loss, Elman and LSTM RNN cells, and a 620

small vocabulary size of 4; Figs. 8 and 9), there 621

is a clear bifurcation: the online agents general- 622

ize well while the phrasebook agents do not (and 623

even have trouble fitting the training data). This 624

shows that the neural network agents are capable of 625

compositional as well as non-compositional gener- 626

alization and may favor one over the other for non- 627

obvious reasons (cf. GRUs vs. LSTMs). Further- 628

more, the lower correlation of toposim with phrase- 629

book agent performance suggests that it might not 630

be the best metric for detecting such instances of 631

non-compositionality in comparison to the higher 632

predictive power of morpheme bijectivity derived 633

from CSAR. 634

6 Conclusion 635

The above experiments have demonstrated the ef- 636

fectiveness of CSAR and the phrasebook algo- 637

rithms as foundations for studying the morphologi- 638

cal and syntactic structures of emergent language. 639

Beyond the particular languages studied here, the 640

methods presented demonstrate a more general 641

paradigm of investigating the linguistic features 642

of emergent languages by ablating explicit models 643

of communication and testing them in situ. Such an 644

approach is better grounded in the use of the emer- 645

gent language itself rather than merely hypothe- 646

sizing about the relationship between surface-level 647

features and their relationship with the language 648

itself. With the tools and techniques presented in 649

this paper, the field of emergent language is better 650

equipped to explore the nature of human language. 651

7 Limitations 652

We identify the following primary limitations in 653

our work: 654

1. The phrasebook sender and receiver algo- 655

rithms were designed more or less heuristi- 656

cally rather than being motivated by some par- 657
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ticular feature of how the online agents con-658

vey meaning in emergent language. A more659

principled design approach, grounded in how660

the neural network agents express meaning,661

could yield even better performance for the662

phrase-book agents.663

2. We have performed limited qualitative of eval-664

uation of the emergent languages, and in par-665

ticular the strategies used by the online neural666

network agents to generalize without simple667

compositionality. Observing the emergent lan-668

guages more closely is an important step into669

figuring out precisely why morpheme induc-670

tion and/or phrasebook algorithms fail while671

the neural networks succeed.672

3. Although the methods we present are ap-673

plicable to a wide variety of emergent lan-674

guage environments, the empirical evaluations675

were performed with a limited variety of en-676

vironments, so it is not possible to determine677

whether or not the experimental results are678

fully applicable to other environments from679

the presented experiments alone.680

4. The morpheme bijectivity metric is limited681

to the emergent languages that CSAR can682

handle, specifically emergent languages with683

discrete, decomposable observations. While684

CSAR, and thereby morpheme bijectivity,685

could theoretically be expanded, it currently686

cannot be applied to continuous observations.687

8 Ethical Considerations688

We do not identify any ethical considerations or689

potential risks relevant to this work as it constitutes690

basic machine learning and linguistics research us-691

ing synthetic data.692
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A Environment Details801

The following hyperparameters (for the main ex-802

periment) were selected to optimize for online and803

phrasebook agent performance base, in part, on the804

environment and agent ablation experiments. The805

neural network architecture of the online agents is806

as follows:807

• Observation (concatenated one-hot vectors)808

• Sender809

– Feed-forward layer (embedding layer)810

– Tanh activation layer811

– Feed forward layer812

– RNN (w/ Gumbel-Softmax layer) 813

• Message (max length +1 by vocabulary size 814

matrix; last token is an end-of-sentence to- 815

ken.) 816

• Receiver 817

– RNN 818

– Feed-forward layer (embedding layer) 819

– Tanh activation layer 820

– Feed forward layer 821

– Projection layer to observation space 822

• Prediction (same dimension as observation) 823

The offline agents have the same architecture. The 824

offline sender is trained with cross-entropy loss 825

after the bottleneck layer. The offline receiver is 826

trained with mean squared error after the projection 827

layer (like the online receiver). 828

Our environment uses the following hyperparam- 829

eters. 830

accuracy threshold 0.9999; training accuracy 831

value at which next agent reset is performed 832

or training is stopped if all resets have been 833

performed. 834

neural network resets (receiver, receiver); se- 835

quence of resets of sender/receivers after ac- 836

curacy threshold is reached. 837

max epochs 300; epochs after which training is 838

stopped and the trial is considered a failure. 839

observation distribution uniform; distribution 840

from which the values for the attributes are 841

drawn from. 842

n attributes 4; number of attributes in the obser- 843

vation. 844

n values 4; number of distinct values in that each 845

attribute can take. 846

test proportion 10%; proportion of unique obser- 847

vations that are held out from training for the 848

test set to gauge generalization performance. 849

batch size 210; batch size of the neural network 850

agents during training. 851

loss function mean squared error; objective func- 852

tion used for backpropagation during training; 853

the other loss function implemented and tested 854

is cross-entropy loss. 855

learning rate 1.8× 10−3; learning rate for neural 856

network agents. 857

learning rate schedule none; learning rate was 858

left constant during training. 859

n examples per epoch 214; number of examples 860

shown to the neural network agents before 861

checking the accuracy and possibly perform- 862

ing rests or concluding training. 863
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optimizer AdamW; optimizer for the neural net-864

work agents.865

weight decay 1 × 10−10; weight decay applied866

through the optimizer.867

reset optimizer yes; whether or not to reset the868

optimizer’s parameters for the agent that is869

reset as determined by the reset schedule.870

max message length 8; maximum length of the871

message from the sender agent; the final mes-872

sage passed to the receiver is always one token873

longer than the maximum length as the mes-874

sage from the sender is padded with one or875

more end-of-sentence/pad tokens (the same876

token).877

discrete optimization method Gumbel-878

Softmax; the method used for handling879

the discrete nature of the senders methods;880

REINFORCE is another method but was not881

used in the experiments.882

sender RNN cell type GRU; other options in-883

clude Elman (“RNN”) and LSTM.884

receiver RNN cell type as above.885

sender RNN layers 1.886

receiver RNN layers 1.887

sender hidden size 256; number of hidden units888

in the sender’s RNN.889

receiver hidden size as above, mutatis mutandis.890

sender embedding size 128; number of units in891

the embedding (feed-forward) layers in the892

sender.893

receiver embedding size as above, mutatis mu-894

tandis.895

sender n embedding layers 2; number of embed-896

ding layers before the RNN.897

receiver n embedding layers 2; number of em-898

bedding layers after the RNN.899

Gumbel-Softmax straight through no; whether900

or not to use sampled one-hot values for the901

vectors during the forward pass while using902

the categorical values during the backward903

pass.904

Gumbel-Softmax temperature 1.905

vocabulary size 64; number of possible distinct906

types in the message, that is, the size of907

the one-hot vectors forming the message;908

this number includes the reserved end-of-909

sentence/pad token.910

B Alternative Sender Algorithms911

Both implementations of more sophisticated algo-912

rithms for the phrasebook-based sender resulted913

inferior performance. We speculate that the pri- 914

mary reason for this is that the greedy approach of 915

selecting the highest weighted morphemes (which 916

match the desired meaning) and repeating them as 917

much as would fit matches the strategy of convey- 918

ing meaning more than the inductive biases of the 919

more sophisticated approaches. 920

Search This algorithm implemented best-first 921

search where the objective was to account for each 922

component of the observation by selecting a mor- 923

pheme while minimizing the sum of morpheme 924

costs, defined as the negative weight of the mor- 925

pheme assigned by CSAR. 926

Integer Programming In this sender algorithm 927

the meaning of each morpheme is treated as binary 928

vector scaled by the weight given by CSAR for that 929

morpheme. An integer programming solver would 930

then try to maximize the distance per attribute be- 931

tween the correct value and the highest incorrect 932

value by selecting a non-negative number of occur- 933

rences for each morpheme while staying within the 934

max length. 935

C Computing Resources 936

The environment employed for this paper requires a 937

GPU with modest memory requirements (<1GiB). 938

Altogether, the experiments used ∼200GPU-hours 939

on an Nvidia L40S or equivalent. 940

D Qualitative Results 941

Example inventories given in Tables 1 to 3. Ex- 942

ample of messages generated by the neural and 943

phrasebook agents (derived from Table 1) given 944

below: 945

Example 1 Neural sender: "59 59 22 22 2 2 61 946

61 0" interpreted as: 3133. Phrasebook sender: "59 947

59 59 59 22 2 61 61 0" interpreted as: 3133. Used 948

the following morphemes: ("59 59", .1..) ("2", ...3) 949

("22", ..3.) ("61 61", 3...) ("59 59", .1..) 950

Example 2 Neural sender: "25 25 46 62 2 46 2 951

62 0" interpreted as: 0213. Phrasebook sender: "25 952

25 46 46 62 62 2 2 0" interpreted as: 0213. Used 953

the following morphemes: ("25", .2..) ("46", ..1.) 954

("62", 0...) ("2", ...3) ("25", .2..) ("46", ..1.) ("62", 955

0...) ("2", ...3) 956

Example 3 Neural sender: "59 59 62 31 38 62 957

38 31 0" interpreted as: 0122. Phrasebook sender: 958

"59 59 59 59 31 31 62 38 0" interpreted as: 0122. 959
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Form Meaning Weight Proportion

22 2... 8.20 e−1 2.55 e−1
29 .1.. 8.20 e−1 2.55 e−1
47 ...1 8.20 e−1 2.55 e−1
28 .3.. 8.13 e−1 2.51 e−1
40 ..0. 8.13 e−1 2.51 e−1
60 0... 8.13 e−1 2.51 e−1
48 ...2 7.99 e−1 2.42 e−1
7 .0.. 7.99 e−1 2.42 e−1
8 ..2. 7.99 e−1 2.42 e−1
9 ..1. 7.99 e−1 2.42 e−1
61 3... 7.77 e−1 2.29 e−1
3 1... 7.65 e−1 2.55 e−1
54 ...0 7.45 e−1 2.42 e−1
27 ..3. 5.08 e−1 1.99 e−1
15 ...3 5.02 e−1 1.90 e−1
43 .2.. 5.02 e−1 1.90 e−1
2 .2.3 3.30 e−1 6.06 e−2
34 ..3. 1.34 e−1 6.49 e−2
2 .2.. 1.30 e−1 6.06 e−2
2 ...3 1.30 e−1 6.06 e−2
33 1..0 3.92 e−2 8.66 e−3
33 ...0 3.92 e−2 8.66 e−3
33 1... 3.92 e−2 8.66 e−3

Table 1: A typical morpheme inventory.

Used the following morphemes: ("31", ..2.) ("59960

59", .1..) ("62", 0...) ("38", ...2) ("31", ..2.) ("59961

59", .1..)962

Example 4 Neural sender: "30 30 4 2 4 2 35 35963

0" interpreted as: 1003. Phrasebook sender: "30964

30 4 4 2 2 35 35 0" interpreted as: 1003. Used the965

following morphemes: ("30", .0..) ("4", ..0.) ("2",966

...3) ("35", 1...) ("30", .0..) ("4", ..0.) ("2", ...3)967

("35", 1...)968

Example 5 Neural sender: "22 30 22 30 57 19 8969

8 0" interpreted as: 2031. Phrasebook sender: "30970

30 22 22 57 57 8 8 0" interpreted as: 2031. Used971

the following morphemes: ("30", .0..) ("8", 2...)972

("22", ..3.) ("57", ...1) ("30", .0..) ("8", 2...) ("22",973

..3.) ("57", ...1)974

Example 6 Neural sender: "22 30 22 30 38 8 38975

8 0" interpreted as: 2032. Phrasebook sender: "30976

30 22 22 38 38 8 8 0" interpreted as: 2032. Used977

the following morphemes: ("30", .0..) ("8", 2...)978

("22", ..3.) ("38", ...2) ("30", .0..) ("8", 2...) ("22",979

..3.) ("38", ...2)980

E Quantitative Summary of Results981

In Figs. 6 and 7, we illustrate the distributions of982

various quantitative metrics from the main exper-983

iment (Section 4.1) using various metrics defined984

below. With the exception of Inventory size, the985

following are weighted by the normalized preva-986

Form Meaning Weight Proportion

34 ...2 8.26 e−1 2.60 e−1
7 ..0. 8.26 e−1 2.60 e−1
25 ..2. 8.20 e−1 2.55 e−1
36 3... 8.13 e−1 2.51 e−1
43 ...0 8.06 e−1 2.47 e−1
1 ...1 7.99 e−1 2.42 e−1
47 ..1. 7.92 e−1 2.38 e−1
16 .1.. 7.85 e−1 2.34 e−1
40 1... 5.60 e−1 2.08 e−1
58 ..3. 5.46 e−1 1.99 e−1
48 .2.. 4.99 e−1 1.99 e−1
53 0... 4.63 e−1 1.77 e−1
17 17 02.. 3.63 e−1 6.93 e−2
24 24 1.3. 2.55 e−1 4.76 e−2
54 .0.. 2.49 e−1 2.55 e−1
54 ...3 2.44 e−1 2.51 e−1
54 2... 2.39 e−1 2.47 e−1
17 0... 1.52 e−1 6.93 e−2
17 .2.. 1.42 e−1 6.93 e−2
24 ..3. 1.21 e−1 4.76 e−2
24 1... 1.18 e−1 4.76 e−2
34 34 .3.. 1.79 e−2 8.66 e−3
54 .3.. 8.92 e−3 9.09 e−2
47 34 53 .3.. 8.89 e−3 4.33 e−3
43 43 .3.. 8.89 e−3 4.33 e−3
40 34 .3.. 8.89 e−3 4.33 e−3
53 .3.. 7.83 e−3 4.76 e−2
36 43 58 .3.. 1.95 e−3 4.33 e−3
43 47 40 .3.. 1.95 e−3 4.33 e−3
47 .3.. 5.88 e−4 8.66 e−3
25 1 .3.. 3.87 e−4 4.33 e−3
36 .3.. 3.42 e−4 3.46 e−2
25 34 .3.. 3.33 e−4 4.33 e−3
25 .3.. 8.07 e−5 4.33 e−3
7 1 .3.. 6.62 e−5 4.33 e−3
40 .3.. 1.84 e−5 4.33 e−3
34 .3.. 1.84 e−5 4.33 e−3
1 .3.. 3.40 e−6 4.33 e−3

Table 2: An outlier inventory with very poor perfor-
mance.
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Form Meaning Weight Proportion

4 4 ...3 8.33 e−1 2.64 e−1
31 ...0 8.26 e−1 2.60 e−1
40 40 3... 8.20 e−1 2.55 e−1
28 2... 8.20 e−1 2.55 e−1
49 1... 8.13 e−1 2.51 e−1
60 ...1 8.13 e−1 2.51 e−1
17 0... 7.92 e−1 2.38 e−1
41 ...2 7.69 e−1 2.25 e−1
1 1 1 .00. 3.63 e−1 6.93 e−2
26 26 26 .30. 3.63 e−1 6.93 e−2
42 42 42 .10. 3.63 e−1 6.93 e−2
61 61 61 .01. 3.63 e−1 6.93 e−2
15 15 15 .33. 3.47 e−1 6.49 e−2
18 18 18 .31. 3.47 e−1 6.49 e−2
33 33 33 .22. 3.47 e−1 6.49 e−2
43 43 43 .20. 3.47 e−1 6.49 e−2
8 8 8 .11. 3.47 e−1 6.49 e−2
10 10 10 .13. 3.30 e−1 6.06 e−2
13 13 13 .21. 3.30 e−1 6.06 e−2
23 23 23 .32. 3.30 e−1 6.06 e−2
29 29 29 .12. 3.12 e−1 5.63 e−2
38 38 38 .02. 3.12 e−1 5.63 e−2
16 16 16 .03. 2.95 e−1 5.19 e−2
55 55 55 .23. 2.95 e−1 5.19 e−2
61 .0.. 8.22 e−2 3.90 e−2
26 .3.. 7.91 e−2 3.90 e−2
13 .2.. 7.37 e−2 3.46 e−2
10 ..3. 6.67 e−2 3.03 e−2
23 ..2. 6.50 e−2 3.03 e−2
42 .1.. 6.25 e−2 3.03 e−2
8 .1.. 6.25 e−2 3.03 e−2
15 ..3. 5.69 e−2 2.60 e−2
16 ..3. 5.69 e−2 2.60 e−2
33 ..2. 5.54 e−2 2.60 e−2
29 ..2. 5.54 e−2 2.60 e−2
1 .0.. 5.40 e−2 2.60 e−2
18 ..1. 5.20 e−2 2.60 e−2
43 .2.. 4.53 e−2 2.16 e−2
55 ..3. 3.75 e−2 1.73 e−2
38 ..2. 3.66 e−2 1.73 e−2
49 50 ..2. 1.81 e−2 8.66 e−3
41 41 17 .0.. 8.78 e−3 4.33 e−3
49 31 49 .2.. 3.93 e−3 8.66 e−3
41 41 .0.. 3.63 e−3 4.33 e−3
49 49 ..3. 2.19 e−3 4.33 e−3
17 4 ..1. 1.68 e−3 8.66 e−3
17 4 ..2. 1.09 e−3 1.73 e−2
60 60 17 ..1. 1.06 e−3 1.30 e−2
4 ..2. 8.24 e−4 3.46 e−2
17 4 .0.. 8.20 e−4 8.66 e−3
17 17 ..3. 7.76 e−4 2.16 e−2
41 ..0. 7.37 e−4 6.49 e−2
49 49 ..0. 7.04 e−4 4.33 e−3
49 41 49 .1.. 7.03 e−4 8.66 e−3
28 .2.. 6.67 e−4 2.16 e−2
49 60 .0.. 6.15 e−4 4.33 e−3
11 40 ..2. 5.59 e−4 1.73 e−2
41 40 .3.. 5.14 e−4 4.33 e−3
41 49 ..1. 4.97 e−4 1.30 e−2
17 4 .3.. 4.97 e−4 8.66 e−3

Table 3: First 60 entries of inventory with a larger de-
gree of fusionality (multiple atomic meanings per mor-
pheme).

lence6 of the morpheme (how often it occurred in 987

the corpus during induction). 988

Inventory size Number of morphemes in the in- 989

ventory. 990

Vocabulary size Number of distinct form tokens. 991

Inventory entropy Entropy of morphemes by nor- 992

malized prevalence. 993

Form length Mean length of the morphemes’ 994

forms. 995

Meaning size Mean size of the morphemes’ mean- 996

ings. 997

Morpheme bijectivity Defined in Section 4.4. 998

Forms per meaning Mean number of distinct 999

forms which map to a given meaning. 1000

Meanings per form Mean number of distinct 1001

meanings which map to a given form. 1002

Synonymy entropy Entropy of forms conditioned 1003

on a particular meaning (across all meanings). 1004

Polysemy entropy Entropy of meanings condi- 1005

tioned on a particular form (across all forms). 1006

F Environment Ablation Results 1007

The full results for the ablation of the morpheme 1008

induction algorithm and phrasebook agents are 1009

shown in Figs. 8 and 9. 1010

G Phrasebook Agent Ablation Details 1011

Weight method The default method of weighting 1012

morphemes in CSAR is mutual information. Other 1013

methods include provided and tested include: 1014

NPMI Normalized pointwise mutual information 1015

of the form and meaning. 1016

Joint probability The probability of the form and 1017

meaning occurring together in the corpus. 1018

PMIM Pointwise mutual information mass; the 1019

PMI of the form and meaning weighted by the 1020

their joint probability. 1021

Applicability Defined as weighted probability of 1022

the meaning occurring given the form less the 1023

probability of the meaning not occurring given 1024

the form and the meaning occurring given the 1025

form is not present; i.e., p(m, f)p(m|f) − 1026

p(¬m, f)p(¬m|f)− p(m,¬f)p(m|¬f). 1027

Results The full results for the ablation of the 1028

morpheme induction algorithm and phrasebook 1029

agents are shown in Figs. 10 and 11. 1030

6Raw prevalences do not add up to 1 since multiple mor-
phemes can occur in one message, thus we normalize them to
sum to 1 to treat them as a probability measure.
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Figure 6: Histograms of metrics from main experiment.
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Figure 7: Bivariate histograms of selection of metrics from main experiment.
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Figure 8: Phrasebook agents’ test accuracy across morpheme induction and phrasebook agent ablations. *Default
values.
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Figure 9: Phrasebook agents’ test accuracy across morpheme induction and phrasebook agent ablations. *Default
values.
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Figure 10: Phrasebook agents’ test accuracy across morpheme induction and phrasebook agent ablations. *Default
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Figure 11: Phrasebook agents’ test accuracy across morpheme induction and phrasebook agent ablations. *Default
values.
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H Compositionality Metrics1031

Scatter plots and R2 values given in Fig. 12.1032
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Figure 12: Plot of different compositionality metrics vs. phrasebook sender (blue) and receiver (orange) accuracy.
Note the difference in number of points is caused by stratified sampling which keeps a constant number of values
per bucket on the x-axis.
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