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Abstract001

Neural topic models are commonly interpreted002
through short top-word lists, but in embedding-003
based decoders those lists depend on how004
topic–word logits are normalized. In the Em-005
bedded Topic Model (ETM), the default full-006
vocabulary softmax couples all words through007
normalization, so learning signal can be domi-008
nated by low-probability tail words that rarely009
affect topic summaries. We replace the ETM010
decoder softmax with hard Top-k normaliza-011
tion: for each topic, only the k highest-logit012
words participate in normalization, with a tiny013
uniform mixture for numerical safety. This014
decoder-only swap leaves the encoder, in-015
ference network, and training objective un-016
changed. Across three corpora, hard Top-017
k yields higher topic quality (the product of018
NPMI topic coherence and topic diversity),019
with gains driven primarily by increased diver-020
sity. On WikiText-103 with a 20k vocabulary,021
topic quality improves from 0.122 to 0.212 un-022
der the same tuning protocol. A vocabulary023
sweep up to 30k shows the best Top-k configu-024
ration remains above the best softmax baseline025
at every vocabulary size. Gradient diagnostics026
are consistent with Top-k concentrating logit027
updates on the vocabulary head reflected in028
top-word displays, while full softmax allocates029
most gradient mass to the tail.030

1 Introduction031

Topic models remain a practical tool for exploring032

and summarizing large text collections, especially033

when interpretability matters more than prediction.034

In many NLP settings, users rely on topic mod-035

els to obtain human-readable descriptors of latent036

themes, to support exploratory analysis, labeling,037

and qualitative auditing. Neural topic models have038

made this workflow more scalable by combining039

probabilistic structure with amortized inference,040

and embedding-based models in particular offer041

an appealing inductive bias by tying topic struc-042

ture to distributional representations. In practice,043

a common interface between a learned model and 044

a human reader is a small list of top words per 045

topic. Because these lists are often used for inter- 046

pretation and evaluation, the modeling choices that 047

determine which words appear at the top of each 048

topic can strongly affect how useful the method is 049

in practice. Yet many neural topic models use a 050

standard decoder normalization choice, even when 051

it is not selected specifically for the top-word inter- 052

pretability interface. 053

A key choice in embedding-based neural topic 054

models is how topic–word logits are converted into 055

a categorical topic–word distribution. In ETM- 056

style decoders, logits provide a score over the en- 057

tire vocabulary, but the model is interpreted almost 058

entirely through the small head of the resulting dis- 059

tribution (the top-word list). A common choice 060

is full-vocabulary softmax, which couples all vo- 061

cabulary items through normalization; as a result, 062

learning signal is not necessarily concentrated on 063

the head words that define interpretability. This 064

creates a potential mismatch: the human-facing 065

summary depends on a few dozen words, while 066

optimization can allocate substantial gradient mass 067

to the long tail of low-probability words that rarely 068

enter topic displays. 069

We ask whether restricting decoder support can 070

better align learning signal with the head words 071

that define topic interpretability. To test this, we 072

make a controlled decoder-only change to ETM: 073

we replace full-vocabulary softmax with hard Top- 074

k normalization applied independently per topic, 075

so only the k highest-logit words participate in 076

normalization and the rest are masked. We add 077

a tiny uniform mixture term (ε = 10−8) to keep 078

probabilities finite; the encoder, inference network, 079

and training objective remain unchanged under the 080

same tuning protocol and multi-seed evaluation. 081

Contributions. (i) We frame decoder normaliza- 082

tion as an interpretability-critical design choice in 083

embedding-based topic models, motivated by a 084
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head-vs-tail mismatch between top-word inspec-085

tion and full-softmax gradient allocation; (ii) we086

propose hard Top-k normalization as a minimal de-087

coder swap that caps per-topic support to k without088

changing the ETM objective or inference network;089

(iii) we show that Top-k improves topic quality090

across IMDb, 20 Newsgroups, and WikiText, and091

that the advantage persists through a WikiText vo-092

cabulary sweep up to 30k; (iv) we provide mecha-093

nistic analyses (gradient mass and top-word churn)094

that relate the decoder change to optimization be-095

havior and provide evidence that topics can still096

evolve despite non-differentiable Top-k selection.097

Empirically, hard Top-k improves topic quality098

relative to a tuned softmax baseline across all three099

datasets we evaluate, with gains driven primarily100

by higher topic diversity. Coherence changes are101

smaller and can trade off with diversity depend-102

ing on the dataset and hyperparameters. Section 5103

reports the full quantitative results, including com-104

parisons to sparsemax and entmax and sensitivity105

to k and vocabulary size.106

Because hard Top-k explicitly masks low-rank107

words, it raises reasonable concerns about opti-108

mization and convergence: if gradients do not109

flow through cut-off words, do topics become brit-110

tle, freeze early, or fail to explore beyond an ini-111

tial set of top words? We address these concerns112

with mechanistic analyses that directly measure113

gradient behavior and the evolution of top-word114

sets. We quantify how gradient magnitude evolves115

over training and how much gradient mass flows116

through the vocabulary tail versus the topic head,117

and we track the stability and drift of the human-118

interpretable top words using Top-k churn metrics.119

Together, these analyses are intended to connect120

the observed improvements in diversity and topic121

quality to concrete training dynamics, while clari-122

fying how topics can still change substantially over123

training despite sparse per-step support.124

2 Related Work125

Topic modeling has advanced in many directions,126

but we focus on a design choice that directly shapes127

interpretability in embedding-based neural topic128

models: how topic–word logits are mapped into129

a categorical topic–word distribution. This map-130

ping determines the top-word summaries used for131

interpretation and, by construction, determines132

which logits participate in normalization and there-133

fore receive nontrivial gradient signal. We situate134

our work in (i) probabilistic topic models that en- 135

courage sparse topic–word usage, (ii) neural and 136

embedding-based topic models that parameterize 137

topic–word logits, and (iii) alternative output map- 138

pings that alter the support and gradient behavior 139

of categorical distributions. 140

Sparsity via priors and latent structure. Classi- 141

cal probabilistic topic models and their extensions 142

often encourage sparse representations by modi- 143

fying priors or latent structure. Latent Dirichlet 144

Allocation represents each document as a mixture 145

of topics with multinomial topic–word distributions 146

(Blei et al., 2003), and correlated topic models re- 147

place the Dirichlet prior with a logistic normal to 148

model topic correlations (Blei and Lafferty, 2005). 149

Other work promotes sparsity by encouraging nar- 150

row effective supports for topics or terms (Lin et al., 151

2014), including Bayesian formulations that ex- 152

plicitly favor sparse topic–word usage (Chien and 153

Chang, 2014). These approaches induce sparsity 154

through probabilistic structure and regularization in 155

the generative model; in contrast, we study sparsity 156

introduced directly at the decoder mapping from 157

logits to probabilities. 158

Neural and embedding-based topic models. 159

Neural topic models use amortized inference and 160

VAE-style optimization to scale bag-of-words topic 161

modeling with explicit document–topic represen- 162

tations (Miao et al., 2016; Srivastava and Sutton, 163

2017). Embedding-based variants additionally pa- 164

rameterize topics and words in a shared space, pro- 165

ducing topic–word logits via inner products be- 166

tween topic and word embeddings (Moody, 2016; 167

Dieng et al., 2020). In these models, logits are an 168

intermediate representation, while interpretability 169

and standard topic evaluation depend on the cat- 170

egorical distribution obtained after normalization. 171

We leverage this separation to isolate a decoder- 172

side change: we keep the encoder, inference net- 173

work, and training objective fixed and modify only 174

the mapping used to form topic–word distributions 175

from logits. 176

Sparse output mappings. A related line of work 177

changes the softmax transformation itself to pro- 178

duce sparse output distributions with different sup- 179

port and gradient properties. Sparsemax replaces 180

softmax with a projection onto the simplex, yield- 181

ing exact zeros and restricting gradients to the 182

active set under that projection (Martins and As- 183

tudillo, 2016). The entmax family provides a con- 184
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tinuum between softmax and sparsemax and has185

been used as a sparse alternative for NLP output186

distributions (Peters et al., 2019); follow-up work187

targets more efficient computation for large out-188

put spaces (Tezekbayev et al., 2022). Within topic189

modeling, sparse probability mappings have also190

been incorporated into topic-related objectives to191

promote sparse structure (Lin et al., 2019). Our192

approach differs in mechanism and granularity: we193

impose a fixed-cardinality Top-k restriction sepa-194

rately for each topic’s logits, rather than using a195

continuous projection-based mapping, and we an-196

alyze how this per-topic support cap concentrates197

learning signal and influences the evolution of top-198

word summaries in embedding-based topic models.199

3 Method200

3.1 Embedded Topic Model decoder201

We build on the Embedded Topic Model (ETM),202

which represents each topic as a distribution over203

the vocabulary obtained by combining topic em-204

beddings with word embeddings. Let V be the205

vocabulary size, K the number of topics, and L the206

embedding dimension. Let ρ ∈ RV×L be the word207

embedding matrix, where row ρv is the embedding208

of word v, and let αt ∈ RL be the embedding of209

topic t.210

For each topic t, ETM forms topic–word logits211

ℓt ∈ RV by a bilinear form between word and topic212

embeddings:213

ℓt(v) = ρ⊤v αt, v ∈ {1, . . . , V }. (1)214

The baseline decoder converts logits to a topic–215

word distribution ϕt ∈ ∆V−1 using a temperature-216

scaled softmax,217

ϕt(v) =
exp(ℓt(v)/τ)∑V

v′=1 exp(ℓt(v
′)/τ)

, (2)218

where τ > 0 controls distribution sharpness. We219

keep the encoder, variational inference network,220

and training objective fixed throughout.221

3.2 Hard Top-k normalization222

We propose a decoder-side replacement for the223

baseline softmax normalization that restricts nor-224

malization, and thus learning signal, to a small set225

of vocabulary items per topic. Fix a cutoff k. For226

each topic t, let St ⊆ {1, . . . , V } denote the in-227

dices of the k largest logits in ℓt(v). We construct228

a masked distribution by setting all logits outside 229

St to −∞ and applying softmax: 230

ϕ̃t(v) =
exp(ℓt(v)/τ)1[v ∈ St]∑V

v′=1 exp(ℓt(v
′)/τ)1[v′ ∈ St]

. (3) 231

Equivalently, ϕ̃t is a categorical distribution sup- 232

ported only on St, with probabilities proportional 233

to the exponentiated logits within that set. We ap- 234

ply this independently per topic. 235

To avoid zero probabilities and keep log proba- 236

bilities finite, we mix the masked distribution with 237

a small uniform background: 238

ϕt(v) = (1− ε)ϕ̃t(v) + ε · 1

V
, (4) 239

where ε ≥ 0 is a constant. We use ε = 10−8 in 240

all experiments; this term is a numerical safeguard, 241

and in our settings it has a negligible effect on the 242

effective support and top word rankings. 243

3.3 Implementation details 244

Given a logits tensor of shape [V,K], we apply tem- 245

perature scaling, select the top k entries per topic t 246

with topk, construct a boolean mask, set masked 247

out logits to −∞, and compute a softmax to obtain 248

ϕ̃. The Top-k selection itself is non-differentiable: 249

in backpropagation the mask is treated as fixed (i.e., 250

no straight-through estimator is used), so gradients 251

flow only through the logits of the currently se- 252

lected Top-k words. We then apply the uniform 253

mixing (with ε = 10−8 in all experiments) and 254

store log ϕ for numerical stability. This procedure 255

has no effect on the encoder or inference network 256

and can be used as a direct replacement for the de- 257

coder’s full-vocabulary softmax. We choose k and 258

τ using the same search protocol as the baseline. 259

4 Experimental Setup 260

4.1 Datasets and preprocessing 261

We evaluate on three corpora with different vo- 262

cabulary sizes: IMDb reviews (10k vocabulary) 263

(Maas et al., 2011), 20 Newsgroups (4034 vocab- 264

ulary) (Lang, 1995), and WikiText-103 (20k vo- 265

cabulary by default) (Merity et al., 2017). For 266

each dataset, we construct the vocabulary by se- 267

lecting the top V most frequent tokens in the cor- 268

pus, where V is the target vocabulary size for that 269

dataset. All datasets are preprocessed with the 270

same pipeline (details in Appendix A.2). We lower- 271

case text and tokenize with spaCy (Honnibal et al., 272

2020) using en_core_web_sm with the parser and 273
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ρ ∈ RV ×L

Word embeddings
αt ∈ RL

Topic embedding

Logits ℓt ∈ RV

Encoder and objective fixed

Full softmax Top-k masked softmax

support size V
active (non-mix)

support size k

Uniform mix

topic–word distribution
ϕt

Figure 1: Decoder normalization swap: full softmax
vs. hard Top-k masked softmax with uniform mixing to
produce ϕt.

NER disabled. We keep alphabetic tokens only274

and remove spaCy stopwords, then lemmatize to-275

kens; if a lemma has length ≤ 1, we fall back to276

the surface form. We additionally remove Gensim277

stopwords (Řehůřek and Sojka, 2010) and discard278

tokens with length < 3. Documents that become279

empty after filtering are removed. Vocabularies are280

constructed from the top V most frequent tokens281

after preprocessing. Unless otherwise stated, re-282

sults on WikiText use the 20k vocabulary setting;283

additional experiments vary WikiText vocabulary284

size.285

4.2 Model configuration286

Across all datasets and runs, we fix the number of287

topics to K = 128. We compare four decoder map-288

pings for converting topic–word logits into categor-289

ical topic–word distributions: full softmax, hard290

Top-k, sparsemax, and entmax. For Top-k, we use291

the uniform mixture term described in Section 3.2292

with ε = 10−8 in all experiments. For entmax,293

αent denotes the entmax sparsity parameter, with294

αent = 1 recovering softmax and αent = 2 corre-295

sponding to sparsemax.296

4.3 Evaluation metrics297

We report topic diversity (TD), topic coherence298

(TC), and topic quality (TQ). Each metric is com-299

puted from the top N words per topic, and we300

report the average over N ∈ {5, 10, 15}; thus av-301

eraged TQ need not equal averaged TC times av-302

eraged TD. Topic coherence (TC). We use normal- 303

ized pointwise mutual information (NPMI) com- 304

puted from corpus co-occurrence statistics (Bouma, 305

2009; Lau et al., 2014; Röder et al., 2015). Co- 306

occurrence probabilities are estimated using a slid- 307

ing window of size 10 over the tokenized corpus, 308

following common practice in automated topic co- 309

herence evaluation (Lau et al., 2014; Röder et al., 310

2015). For a pair of words (wi, wj), NPMI is 311

NPMI(wi, wj) =
log

p(wi,wj)
p(wi)p(wj)

− log p(wi, wj)
. (5) 312

For a topic represented by its top N words 313

{wt,1, . . . , wt,N}, we define the topic-level coher- 314

ence at N as 315

TCt(N) =
1(
N
2

) ∑
1≤i<j≤N

NPMI(wt,i, wt,j). (6) 316

We define corpus-level coherence at N as the mean 317

over topics, 318

TC(N) =
1

K

K∑
t=1

TCt(N). (7) 319

Topic diversity (TD). For a set of topics, TD 320

is the fraction of unique words among the top N 321

words across all topics: 322

TD(N) =

∣∣∣⋃K
t=1{wt,1, . . . , wt,N}

∣∣∣
NK

. (8) 323

Topic quality (TQ). Following prior work that com- 324

bines coherence and diversity, we define topic qual- 325

ity at N as the product (Dieng et al., 2020): 326

TQ(N) = TC(N) · TD(N). (9) 327

4.4 Experimental protocol 328

For each method and parameter setting, we run 329

five random seeds and report the mean and stan- 330

dard deviation across seeds. When tuning decoder 331

hyperparameters (e.g., temperature τ , the Top-k 332

cutoff k, and the entmax parameter αent), we ap- 333

ply the same multi-seed search procedure for all 334

methods, selecting configurations according to the 335

target metric for that experiment. 336

5 Results 337

5.1 Main comparison across datasets 338

Table 1 reports topic coherence (TC), topic diver- 339

sity (TD), and topic quality (TQ) for four decoder 340

4



Figure 2: Effect of the Top-k cutoff on WikiText-20k.

mappings: full softmax, hard Top-k, sparsemax,341

and entmax. Hard Top-k improves topic quality342

relative to the best tuned softmax baseline on all343

three datasets, with gains most consistently driven344

by substantial increases in topic diversity. On Wiki-345

Text (20k vocabulary), Top-k increases TD from346

0.399 to 0.689 and increases TQ from 0.122 to347

0.212. On 20 Newsgroups, Top-k increases TD348

from 0.382 to 0.680 and improves TQ from 0.083349

to 0.121. On IMDb, Top-k increases TD from350

0.343 to 0.509 and improves TQ from 0.085 to351

0.136. Compared to sparsemax and entmax, Top-k352

is statistically better (two-sided paired exact ran-353

domization test using sign-flip permutations over354

the five random seeds; p < 0.05) in all settings ex-355

cept WikiText-20k, where the Top-k improvement356

over sparsemax is not significant under the same357

test (p ≥ 0.05).358

Changes in coherence are smaller and less uni-359

form than changes in diversity, and sparse output360

mappings can shift the TC–TD balance. For ex-361

ample, on 20 Newsgroups, TC decreases under the362

Top-k configuration that maximizes TQ, while on363

IMDb coherence increases slightly. Overall, these364

results are consistent with Top-k primarily improv-365

ing the distinctiveness of the top words across top-366

ics, with coherence depending more sensitively on367

the dataset and the chosen hyperparameters.368

5.2 Effect of the Top-k cutoff on WikiText369

To characterize the role of the cutoff k, we eval-370

uate Top-k across a range of values on WikiText371

with 20k vocabulary, selecting the temperature τ372

separately for each k to maximize TQ. Figure 2373

shows that Top-k consistently outperforms the full374

softmax baseline across all evaluated cutoffs. Topic375

Quality increases from 0.196 at k = 10 to a peak of376

0.212 at k = 70, with minor fluctuations at interme-377

Figure 3: Vocabulary scaling on WikiText. Best topic
quality (TQ) for Softmax and Top-k as vocabulary size
increases from 5k to 30k.

diate values, and then gradually declines for larger 378

k. The softmax baseline remains at approximately 379

0.122 and does not approach Top-k performance 380

for any k. 381

These results indicate that restricting normaliza- 382

tion to a moderate head set yields the highest topic 383

quality in this setting, while very small or very 384

large cutoffs lead to reduced performance. Impor- 385

tantly, even at the largest cutoffs, Top-k maintains a 386

substantial margin over the softmax baseline, indi- 387

cating that the gains are robust across a wide range 388

of k values. 389

5.3 Vocabulary scaling on WikiText 390

We next test whether the benefits of Top-k persist 391

as vocabulary size increases. For WikiText vocabu- 392

laries of 5k, 10k, 20k, and 30k, we select the best 393

performing configuration for each method by TQ 394

and report the corresponding mean and standard 395

deviation across seeds. Figure 3 shows that Top- 396

k yields higher best TQ than softmax for every 397

vocabulary size considered. 398

At 5k vocabulary, the best softmax configuration 399

achieves a best TQ of roughly 0.130, while Top-k 400

reaches approximately 0.229 with much smaller 401

variability. At 10k, softmax remains near 0.130, 402

whereas Top-k attains about 0.217. At 20k, soft- 403

max drops to roughly 0.122 and Top-k to about 404

0.212, preserving a large gap. At 30k, softmax re- 405

mains near 0.122 while Top-k decreases slightly to 406

approximately 0.197; the variance for Top-k is no- 407

ticeably larger at 30k than at smaller vocabularies. 408

Overall, both methods show decreasing best TQ 409

as vocabulary grows, but Top-k remains consis- 410

5



Table 1: Results on WikiText-20k, 20 Newsgroups, and IMDb. Metrics are mean (std) across five seeds.

Dataset Method k τ αent TC TD TQ

WikiText-20k

Softmax – 0.250 – 0.274± 0.003 0.399± 0.010 0.122± 0.003
Top-k 70 0.250 – 0.307± 0.010 0.689± 0.016 0.212± 0.004
Sparsemax – 2 – 0.254± 0.017 0.816± 0.013 0.208± 0.012
Entmax – 1 1.7 0.235± 0.014 0.833± 0.011 0.196± 0.011

20 Newsgroups

Softmax – 0.250 – 0.243± 0.011 0.382± 0.024 0.083± 0.005
Top-k 25 0.250 – 0.203± 0.014 0.680± 0.004 0.121± 0.005
Sparsemax – 10 – 0.104± 0.006 0.588± 0.013 0.061± 0.004
Entmax – 0.250 1.3 0.136± 0.004 0.554± 0.026 0.075± 0.004

IMDb

Softmax – 0.250 – 0.247± 0.006 0.343± 0.005 0.085± 0.002
Top-k 25 0.250 – 0.268± 0.010 0.509± 0.019 0.136± 0.002
Sparsemax – 4 – 0.024± 0.012 0.674± 0.011 0.016± 0.008
Entmax – 0.250 1.3 0.196± 0.005 0.418± 0.007 0.082± 0.002

tently superior through 30k. The larger variance411

at 30k suggests that sensitivity to hyperparameters,412

initialization, or both increases at the largest vo-413

cabulary size, reinforcing the practical importance414

of selecting sensible k values and tuning protocols415

when scaling vocabularies.416

6 Mechanistic analysis417

Hard Top-k normalization changes the decoder’s418

support by construction: only the k highest-logit419

words per topic participate in normalization (Sec-420

tion 3.2). This raises a direct optimization con-421

cern: if gradients only flow through the active set,422

topics might lock into early top-word choices and423

fail to revise their interpretable summaries over424

training. We address this concern with two com-425

plementary analyses on WikiText with V = 30k426

and k = 50: (i) direct measurements of gradient427

magnitude and where gradients flow in the vocabu-428

lary, and (ii) stability and drift measurements of the429

human-interpretable top word sets over training.430

6.1 Gradient magnitude and tail gradient flow431

We analyze gradient behavior under full softmax432

and Top-k decoding using two complementary433

views, shown in Figure 4. The top panel reports434

the overall scale of gradients during training, while435

the bottom panel shows how gradient mass is dis-436

tributed across the vocabulary.437

The top plot shows the mean absolute gradient438

magnitude over training. Full softmax produces439

substantially larger gradients throughout optimiza-440

tion. The mean |∇| under softmax starts at approx-441

imately 0.047 and gradually decays to about 0.023442

by step 1150. In contrast, Top-k yields gradients 443

that are smaller by roughly a factor of three to six: 444

the mean |∇| begins near 0.0077, briefly increases 445

to an early peak of about 0.013 around step 100, 446

and then stabilizes near 0.0081 by step 1150. This 447

reduction is consistent with Top-k restricting nor- 448

malization to a limited subset of logits, thereby 449

reducing the number of parameters receiving sub- 450

stantial updates at each step. 451

The bottom plot examines where these gradients 452

flow by measuring the fraction of gradient mass 453

assigned to the tail of the vocabulary, defined as all 454

words outside the top 50 ranks within each topic at 455

a given training step. Under full softmax, the tail 456

dominates gradient flow: the tail fraction begins 457

around 0.93, decreases to roughly 0.85 early in 458

training, and then stabilizes between 0.86 and 0.87. 459

Under Top-k with k=50, the tail fraction is zero for 460

gradients with respect to the topic–word logits, by 461

construction: masked-out logits do not participate 462

in the forward pass and we do not backpropagate 463

through the Top-k selection (Section 3.2). We in- 464

clude this plot to make the contrast with softmax 465

explicit and as a check that the measured tail frac- 466

tion matches the masking behavior implied by the 467

decoder. 468

Taken together, these measurements quantify the 469

gradient redistribution induced by masking: at the 470

logit level, Top-k updates only the currently active 471

set, while full softmax distributes gradient mass 472

broadly across the vocabulary, including the long 473

tail. This offers a plausible account of why Top-k 474

tends to increase topic diversity: by emphasizing 475

optimization of the same head words that dominate 476
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(a) Mean absolute gradient magnitude over training

(b) Fraction of gradient mass in the vocabulary tail

Figure 4: Gradient behavior under full softmax and Top-
k: overall magnitude (top) and tail gradient fraction
(bottom).

each topic’s displayed top list, Top-k can encourage477

topic specialization rather than repeatedly adjusting478

many low-probability tail words that rarely affect479

the top-word summaries.480

6.2 Stability versus drift of top word sets481

A second concern is that restricting gradient flow482

to the current top k words might lock topics into483

their initial top word sets and prevent the model484

from discovering better topic signatures. We test485

this using Top-k churn metrics that track how top486

word membership evolves over training. We focus487

on the Jaccard similarity between the current top488

50 set and an “initial” snapshot recorded early in489

training.490

Figure 5 shows that the initial set similarity col-491

lapses rapidly, indicating that the final top word492

sets are not simply those that happen to be highest493

ranked at initialization. The init Jaccard similarity494

starts at 0.29 at step 50 and drops sharply over the495

Figure 5: Init Jaccard similarity of top-50 word sets over
training for Top-k on WikiText-30k (k=50). Shaded
band shows ±1 std across topics.

next few hundred steps (0.14 at step 100, 0.081 496

at step 150, 0.049 at step 200), reaching 0.016 by 497

step 400. After this early phase, the curve remains 498

near zero but continues to decay slowly, ending 499

at 0.0087 by step 1150. This implies that by the 500

end of training, the overlap between the final top 501

50 sets and the initial top 50 sets is only a small 502

fraction of what it was early in training. 503

These dynamics reconcile two seemingly con- 504

flicting properties of hard Top-k. On one hand, 505

masking implies that only a small portion of the 506

vocabulary is updated at each step. On the other 507

hand, the interpretability-relevant top word sets 508

can still change substantially over the course of 509

training. The observed pattern is consistent with 510

an accumulation process in which changes occur 511

primarily near the cutoff boundary: words close 512

to rank k occasionally exchange membership with 513

nearby candidates, and once a word enters the top 514

k it begins receiving learning signal. Although 515

each individual update alters the set only slightly, 516

these rare boundary swaps compound over many 517

steps, yielding large long-range drift even when 518

step-to-step membership changes are small. 519

6.3 Implications for the Top-k mechanism 520

Overall, the gradient and churn analyses are con- 521

sistent with a simple account of the Top-k effects. 522

Full softmax distributes gradient across nearly the 523

entire vocabulary, with most gradient mass flowing 524

through words outside the top list that defines topic 525

interpretability. Hard Top-k restricts gradient flow 526

to the active set at the logit level by construction, 527

so updates focus on the same head region reflected 528

in the displayed topic–words. The churn results 529

provide evidence that topics nonetheless remain 530

7



dynamic: top word sets quickly diverge from early531

snapshots and continue to drift over training via ac-532

cumulated rank crossings near the cutoff. Together,533

these observations connect the decoder change to534

the gains in topic diversity and topic quality ob-535

served in Section 5.536

7 Discussion537

Hard Top-k normalization restricts each topic–538

word distribution to high-logit words, changing539

which items participate in normalization and re-540

ceive learning signal. Because topic inspection541

uses top-word lists, this mapping directly affects542

interpretability. Across datasets, topic quality gains543

are driven mainly by higher topic diversity, yield-544

ing more distinct top-word summaries with fewer545

repeated high-frequency terms. Coherence behaves546

differently: under the configurations that maximize547

topic quality, coherence can decrease (as observed548

on 20 Newsgroups) or increase (as observed on549

IMDb), while on WikiText it remains close. This550

suggests Top-k shifts the balance toward distinct551

topic summaries, and coherence depends on the552

dataset and on the cutoff and temperature. The553

mechanistic evidence in Section 6 suggests an as-554

sociation between the diversity gains and decoder555

updates shifting toward the same high-rank words556

used for topic inspection. Under full softmax, much557

of the logit gradient magnitude is allocated to low-558

probability tail words, whereas hard Top-k con-559

centrates updates on a topic-specific active set; de-560

spite the non-differentiable selection, top-word sets561

continue to evolve through occasional rank cross-562

ings near the cutoff that accumulate over training.563

These dynamics also clarify where Top-k should564

help and where it may not. When topics are con-565

sumed primarily as short top-word lists and inter-566

pretability is the main objective, emphasizing the567

vocabulary head can produce more distinct, human-568

readable topic labels. Conversely, if an application569

depends on probability mass beyond the displayed570

top list (e.g., rare-word coverage or likelihood-571

sensitive downstream use), overly small cutoffs572

can exclude informative mid-rank words and re-573

duce coherence. Vocabulary scaling results further574

suggest that hard Top-k normalization remains ef-575

fective up to 30k vocabulary, but they also highlight576

practical tradeoffs. The advantage in best topic577

quality persists across 5k to 30k, while the best578

cutoff shifts with vocabulary size and with whether579

one optimizes topic quality or coherence. The in-580

creased variance observed at 30k is consistent with 581

greater sensitivity to hyperparameters and noisier 582

boundary movement around the cutoff. Mechanis- 583

tically, this approach differs from sparsity induced 584

by priors in probabilistic topic models (Blei et al., 585

2003; Blei and Lafferty, 2005) and from projection- 586

based sparse output mappings such as sparsemax 587

and entmax (Martins and Astudillo, 2016; Peters 588

et al., 2019): hard Top-k normalization enforces a 589

fixed-cardinality support cap per topic, producing 590

an explicit separation between active and inactive 591

words at each step. For practitioners using ETM- 592

style models, these findings suggest treating the 593

decoder mapping as a tunable design choice: tune 594

k and temperature jointly, monitor the diversity– 595

coherence balance, and pay attention to variability 596

at larger vocabularies. When interpretability is the 597

priority, hard Top-k normalization offers a targeted 598

way to concentrate learning on the words that de- 599

fine topic summaries while still allowing topics 600

to evolve over training. In conclusion, swapping 601

ETM’s full-vocabulary softmax for hard Top-k im- 602

proves topic quality mainly via diversity, while 603

coherence varies with data and tuning. Gradient 604

and churn analyses suggest that Top-k concentrates 605

learning on the vocabulary head reflected in dis- 606

played topic summaries while still allowing topics 607

to evolve. 608

Limitations 609

This study evaluates hard Top-k normalization only 610

within ETM-style decoders and only on three bag- 611

of-words datasets (IMDb reviews, 20 Newsgroups, 612

and WikiText) with fixed topic count (K = 128). 613

This matters because the conclusions may not trans- 614

fer to other topic models, inference setups, or text 615

regimes beyond those tested. As a result, the find- 616

ings should be interpreted as evidence about this 617

specific decoder change rather than a general state- 618

ment about sparsifying output distributions. Read- 619

ers should validate the effect in their own ETM 620

variant and data setting before relying on it. 621

All datasets use a shared preprocessing pipeline 622

(Gensim stopword removal and dropping tokens 623

shorter than three characters) and vocabularies de- 624

fined by top-frequency tokens. This matters be- 625

cause both coherence and diversity are sensitive 626

to tokenization and vocabulary construction, and 627

different preprocessing could change the balance 628

between repeated high-frequency words and rare 629

words. The reported improvements could therefore 630
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depend partly on these choices. A practical check631

is to re-run with the same model and tuning but632

alternative, task-appropriate preprocessing.633

The evaluation focuses on TC (NPMI), TD,634

and their product TQ, averaged over top (N ∈635

{5, 10, 15}). This matters because these metrics636

emphasize top-word summaries and may not cap-637

ture other aspects of topic usefulness, and TQ can638

mask tradeoffs by conflating coherence and diver-639

sity. Consequently, improvements in TQ driven by640

TD do not necessarily imply better semantic coher-641

ence or downstream utility. Readers should inspect642

qualitative topic lists and consider whether the ob-643

served diversity aligns with their interpretability644

needs.645

The mechanistic evidence is limited to gradient646

summaries and churn statistics from specific config-647

urations (e.g., WikiText 30k with (k = 50)). This648

matters because these measurements support a con-649

sistent narrative but do not establish causality or650

exclude alternative explanations for diversity gains.651

As a result, claims about mechanism should be652

taken as suggestive rather than definitive. Readers653

should confirm that similar gradient concentration654

and stability–drift patterns hold in their settings of655

interest.656
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A Additional Implementation and761

Reproducibility Details762

This appendix provides implementation and train-763

ing details for reproducing the experiments in the764

main paper.765

A.1 Datasets and splits766

We use the following public datasets: (i)767

IMDb Large Movie Review dataset (Maas et al.,768

2011), (ii) 20 Newsgroups via the Hugging-769

Face SetFit/20_newsgroups dataset loader, and770

(iii) WikiText-103 v1 via the HuggingFace771

Salesforce/wikitext dataset loader (Merity772

et al., 2017). For each corpus, we train on the773

full set of available documents (that is, we concate-774

nate all official splits when train, validation, and775

test partitions are provided), since our objective776

is unsupervised topic discovery rather than held-777

out prediction. For topic coherence (NPMI), co-778

occurrence statistics are computed from the same779

full-corpus texts after preprocessing.780

A.2 Text preprocessing and tokenization781

All datasets share the same preprocessing pipeline.782

Tokenizer and lemmatizer. We tokenize with783

spaCy (Honnibal et al., 2020) using the English784

model en_core_web_sm, with the parser and NER785

components disabled for speed. Text is lowercased 786

before tokenization. For each token, we keep only 787

alphabetic tokens (tok.is_alpha) and drop spaCy 788

stopwords (not tok.is_stop). Tokens are lem- 789

matized using tok.lemma_; if the lemma length is 790

≤ 1, we fall back to tok.text. 791

Stopwords and short tokens. After 792

spaCy filtering, we apply Gensim stop- 793

word removal (Řehůřek and Sojka, 2010) 794

(remove_stopword_tokens) and drop short to- 795

kens using remove_short_tokens(minsize=3). 796

Documents that become empty after filtering are 797

removed. 798

Vocabulary construction and BoW. For each 799

dataset, we build the vocabulary by selecting the 800

top V most frequent tokens after preprocessing (as 801

described in the main paper). Bag-of-words vectors 802

use raw token counts (not binarized, not TF-IDF). 803

In our experiments, the selected vocabularies are 804

fully covered by the pretrained embeddings used 805

to initialize ρ, so no additional tokens are removed 806

due to missing vectors. 807

A.3 Model configuration 808

Across experiments we set the number of topics to 809

K = 128 and the embedding dimension to L = 50. 810

Encoder (BoW inference network). The en- 811

coder maps a dense BoW vector xd ∈ RV to a 812

diagonal Gaussian posterior over latent topic log- 813

its: 814

q(zd | xd) = N (µd, diag(σ
2
d)). 815

The encoder is a 2-layer MLP with hidden size 512, 816

SiLU activations, and dropout 0.1 applied before 817

linear layers. It outputs µd and logσ2
d via two 818

linear heads. During training we sample using the 819

standard reparameterization trick; at evaluation we 820

use zd = µd. Topic proportions are computed as 821

θd = softmax(zd), 822

Word embeddings. We initialize ρ using 50- 823

dimensional pretrained GloVe vectors trained on 824

Wikipedia 2024 plus Gigaword 5 (11.9B tokens, 825

1.2M vocabulary, uncased) (Pennington et al., 826

2014). The word embedding matrix is frozen dur- 827

ing training. 828

A.4 Training objective and reconstruction loss 829

We optimize the standard VAE objective with re- 830

construction plus KL: 831

L = Lrecon +KL(q(z | x) ∥N (0, I)) . 832
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The KL term is computed in closed form against a833

standard normal prior and averaged over the mini-834

batch.835

BoW reconstruction loss. Given log p(w |836

d) for all vocabulary items and the raw-count837

BoW vector, the reconstruction loss is a length-838

normalized negative log-likelihood per document:839

Lrecon =
1

B

B∑
d=1

(
−
∑V

v=1 xd,v log p(w=v | d)
max(1,

∑V
v=1 xd,v)

)
.840

We use mean reduction over the minibatch.841

A.5 Optimization and stopping842

We train with Adam (learning rate 10−3), batch843

size 256, dropout 0.1, and a maximum of 50 epochs.844

Early stopping uses patience 5 based on the total845

loss (reconstruction plus KL).846

A.6 Hyperparameter tuning protocol847

For the softmax baseline we tune the decoder tem-848

perature:849

τ ∈ {0.10, 0.25, 0.50, 0.75, 1.00, 1.25, 1.50,
2.00, 3.00, 4.00, 5.00, 7.00, 10.00}.

850

For Top-k we tune the cutoff k and temperature851

τ . For the main experiments on IMDb, 20 News-852

groups, and WikiText-20k, we use:853

k ∈ {10, 20, 30, 40, 50, 70, 100},
τ ∈ {0.10, 0.25, 0.50, 0.75, 1.00}.

854

For the WikiText-30k k scaling experiment only,855

we sweep:856

k ∈ {10, 20, 30, 40, 50, 60, 70, 80,
90, 100, 120, 150, 200, 250, 300},

τ ∈ {0.10, 0.25, 0.50, 0.75, 1.00}.
857

For sparsemax we tune the decoder temperature:858

τ ∈ {0.10, 0.25, 0.50, 1.00, 2.00,
3.00, 4.00, 5.00, 6.00, 8.00, 10.00}.

859

For entmax we tune temperature and the entmax860

parameter αent:861

τ ∈ {0.10, 0.25, 0.50, 1.00, 1.25,
1.50, 2.00, 3.00, 4.00},

αent ∈ {1.3, 1.5, 1.7}.
862

For each configuration we run five random seeds863

and report mean and standard deviation. When864

selecting a configuration, we choose the setting 865

that maximizes the target metric for that experiment 866

(e.g., TQ for the main results). We use the same 867

multi-seed tuning procedure for both methods. 868
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