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Abstract001

Starting from the hypothesis that knowledge in002
semantic space is organized along structured003
manifolds, we argue that this geometric struc-004
ture renders the space explorable. By travers-005
ing it and using the resulting continuous rep-006
resentations to condition an LLM’s generation007
distribution, we can systematically expand the008
model’s reachable semantic range. We intro-009
duce a framework that requires no modification010
of LLM parameters and operationalizes this011
idea by constructing a conditioning distribu-012
tion from a small set of diverse anchor gen-013
erations. This distribution conditions LLM’s014
generation via an xRAG-style projector (Cheng015
et al., 2024). Our experiments demonstrate that016
this manifold-based conditioning substantially017
increases generative diversity, with direct ben-018
efits for enhancing divergent thinking, a core019
facet of creativity, in language models.020

1 Introduction021

Large language models (LLMs) have become the022

foundation of modern NLP systems, yet their gen-023

erative behavior exhibits a persistent limitation: de-024

spite using stochastic decoding methods such as025

temperature or nucleus sampling, repeated genera-026

tions from the same prompt tend to be semantically027

similar. This lack of variance constrains applica-028

tions that rely on broad exploration of the semantic029

space, including synthetic data generation, brain-030

storming, and divergent thinking tasks.031

A widely adopted strategy for increasing diver-032

sity is to manipulate the context presented to the033

model, for example through paraphrasing, persona034

shifts, stylistic changes, or multi-agent discussions.035

Although effective to a degree, these methods oper-036

ate over a finite (or effectively finite) set of reach-037

able contexts. Because the conditional distribution038

pθ(y | c) associated with each context is known039

to exhibit low variance (Zhang et al., 2025), the040

diversity obtainable by marginalizing over such a041

finite set is inherently limited. Empirically, this 042

manifests as rapid saturation: after only a hand- 043

ful of samples, prompt- and agent-based methods 044

cease to discover new semantic variants. 045

In this work, we propose a different perspec- 046

tive. Instead of relying solely on symbolic prompt 047

manipulations, we introduce a continuous condi- 048

tioning variable in the model’s semantic space. For 049

a given input, we derive a latent representation and 050

modulate the generation context via a multimodal 051

projector, following the xRAG mechanism (Cheng 052

et al., 2024). Crucially, this conditioning operates 053

directly in the token-embedding space of the LLM 054

and therefore requires no fine-tuning of the underly- 055

ing model. By exploring this continuous manifold, 056

we enable the model to access semantic variations 057

that are unattainable through prompt engineering 058

alone. 059

A central challenge is determining how to sam- 060

ple the latent variable. We show that classical la- 061

tent models such as VAEs (Kingma and Welling, 062

2014) are ill-suited for this task due to a topologi- 063

cal mismatch between their unimodal latent priors 064

and the clustered, multi-component structure of 065

LLM semantic representations (Cai et al., 2021). 066

Instead, we propose an exploration-based construc- 067

tion: we obtain a small number of diverse anchor 068

responses, embed them into semantic space, and 069

define a continuous latent region by interpolating 070

and perturbing these anchors. This approach nat- 071

urally supports geometric search procedures and 072

allows semantic variation to scale beyond the limits 073

of prompt-based methods. 074

Our experimental results demonstrate that contin- 075

uous semantic conditioning substantially increases 076

the variance of generated outputs without compro- 077

mising quality. On the NOVELTYBENCH bench- 078

mark, our method uncovers new semantic classes 079

even at large sampling budgets while maintaining 080

high utility. On the Alternative Uses Test (AUT), 081

a classical measure of divergent thinking, latent- 082
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space exploration yields the highest originality083

scores across all settings, approaching the practical084

upper bound of the scoring scale.085

Contributions. This work makes the following086

contributions:087

• We identify a structural limitation of prompt-088

based and agent-based diversity methods,089

showing that their generative variance is090

bounded by the conditioning context.091

• We introduce a plug-in latent-conditioning092

framework that modulates a LLM distribution093

through continuous exploration in semantic094

space, requiring no modification of model pa-095

rameters.096

• We provide a topological analysis explaining097

why VAE-style latent methods cannot align098

with the clustered geometry of LLM semantic099

activations.100

• We empirically demonstrate substantial gains101

in semantic diversity and divergent thinking102

performance on NOVELTYBENCH and AUT103

task.104

2 Related Work105

A growing line of work has argued that contempo-106

rary LLMs suffer from mode collapse and limited107

semantic variability despite stochastic decoding.108

NoveltyBench (Zhang et al., 2025) introduces a109

benchmark and metric suite specifically designed110

to assess the ability of models to produce multi-111

ple distinct and high-quality responses to a single112

prompt. Instead of relying on surface-level over-113

lap, it clusters outputs into abstract equivalence114

classes and reports diversity in terms of the num-115

ber of occupied classes and their utility. Our work116

adopts this abstraction-based view of diversity and117

builds on NoveltyBench as a primary evaluation118

environment.119

Classical approaches increase variability by mod-120

ifying the decoding procedure, e.g., through tem-121

perature scaling or nucleus sampling. These meth-122

ods flatten the output distribution but do not exploit123

structure across multiple generations and often ex-124

hibit a sharp diversity–quality trade-off. Inference-125

time methods based on diverse beam search (Cho,126

2016; Li and Jurafsky, 2016; Vijayakumar et al.,127

2017; Kulikov et al., 2019) and related decoding128

heuristics similarly operate on the token distribu-129

tion of a fixed conditional pθ(y | c): they ensure130

that hypotheses in a beam differ lexically, but they 131

do not explicitly reason about semantic redundancy 132

between complete responses. Empirical compar- 133

isons with simple temperature tuning suggest that 134

these decoding tweaks only partially alleviate di- 135

versity collapse and can harm quality when pushed 136

too far (Ippolito et al., 2019; Zhang et al., 2021; 137

Peeperkorn et al., 2024; Shur-Ofry et al., 2024). 138

Recent work proposes more principled training- 139

time mechanisms. Early approaches encourage 140

diversity by modifying the maximum-likelihood 141

objective itself: mutual-information objectives dis- 142

courage generic replies (Li and Jurafsky, 2016; Li 143

et al., 2016), unlikelihood losses penalize degener- 144

ate loops and repetitions (Welleck et al., 2020), and 145

smoothing or reshaping the target distribution (e.g., 146

data-dependent Gaussian priors or explicitly dif- 147

fuse targets) biases models toward broader output 148

distributions (Li et al., 2020b; Zhang et al., 2024). 149

More recent preference-based methods encode di- 150

versity directly into the reward or preference model: 151

Diverse Preference Optimization and related objec- 152

tives (Lanchantin et al., 2025; Slocum et al., 2025) 153

and Creative Preference Optimization (Ismayilzada 154

et al., 2025) jointly optimize for quality and variety 155

of generations. In the context of reasoning mod- 156

els, online RL methods further adjust rewards or 157

weighting schemes to encourage exploration of di- 158

verse solution trajectories (Cui et al., 2025; Cheng 159

et al., 2025; Liu et al., 2025; Zeng et al., 2025; 160

Kirk et al., 2024). While effective, all of these 161

techniques require supervised fine-tuning or RL- 162

style updates to the base model, which we explicitly 163

avoid: our goal is to increase diversity without mod- 164

ifying LLM parameters. Our method is therefore 165

complementary to these approaches. 166

A complementary direction explores post-hoc 167

guidance during generation. G2 (Ruan et al., 2025) 168

(Guided Generation) uses an auxiliary classifier to 169

steer the model towards more diffuse response dis- 170

tributions while maintaining task usefulness, and 171

serves as a strong decoding-based baseline in our 172

experiments. Our approach is orthogonal: rather 173

than shaping token probabilities via an external 174

guidance signal, we modify the semantic condition- 175

ing itself by moving along a continuous manifold 176

in embedding space. 177

Beyond generic methods, some work targets 178

diversity in application-specific formats. For in- 179

stance, Holysz et. al. have explored JSON-based 180

prompting schemes to induce structurally diverse 181

outputs in medical scenario (Holysz et al., 2025); 182
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however, such JSON schemas are highly task-183

specific and do not naturally generalize to open-184

ended semantic variation. In contrast, our method185

operates at the level of continuous text embeddings186

and applies uniformly across tasks.187

A long-standing line of research uses variational188

autoencoders to endow language models with a con-189

tinuous latent code controlling generation. OPTI-190

MUS (Li et al., 2020a) and follow-up work (Zhang191

et al., 2023) train VAEs on top of large pretrained192

models to organize sentences in a latent space that193

supports interpolation, traversal, and conditional194

control. These methods, however, require optimiz-195

ing the decoder. This introduces the usual costs196

and risks of model fine-tuning, including potential197

catastrophic forgetting of pretrained semantics. In198

Appendix B we deep dive into this phenomenon.199

xRAG (Cheng et al., 2024) demonstrates that200

LLMs can be conditioned directly through dense201

semantic vectors injected via a multimodal projec-202

tion layer. Their goal, however, is orthogonal to203

ours: xRAG uses embedding-based conditioning204

to compress external documents for efficient RAG,205

keeping the model aligned to retrieved evidence.206

We instead generalize this mechanism to modu-207

late the model’s internal semantic state, treating208

the conditioning vector not as compressed context209

but as a latent variable for controlled exploration.210

Thus, while xRAG establishes that continuous con-211

ditioning is feasible without fine-tuning, our work212

leverages this capability to expand semantic vari-213

ance in generation.214

Our second line of evaluation concerns diver-215

gent thinking and creativity. Recent work has be-216

gun to systematically assess language creativity of217

LLMs and humans using batteries of psychological218

tests. Dinu et al. propose an integrated creativity219

suite (Dinu and Florescu, 2025), including the Al-220

ternative Uses Test (AUT), and report that strong221

LLMs can approach or slightly surpass human per-222

formance under certain conditions. These works223

focus primarily on measuring creativity, not on al-224

gorithmic mechanisms for increasing it. We adopt225

AUT as an evaluation task and interface with an ex-226

isting automatic originality scoring framework (Or-227

ganisciak et al., 2023), which introduced a method228

for automated scoring that demonstrates high align-229

ment with human annotators.230

Multi-agent schemes have been explored as a231

way to enhance creativity and diversity by sim-232

ulating human-like group discussions. Lu et al.233

propose LLM Discussion (Lu et al., 2024), a three-234

phase multi-agent, role-play framework which sig- 235

nificantly improves performance on AUT and other 236

creativity tests compared to single-agent baselines 237

and simpler multi-agent setups. Subsequent sur- 238

veys further document the promise of LLM-based 239

multi-agent systems for creativity. Conceptually, 240

such methods still operate within the prompt-based 241

paradigm: they generate a finite set of discussion 242

contexts and aggregate the resulting outputs. Our 243

analysis shows that, even with sophisticated interac- 244

tion patterns, these methods remain constrained by 245

the low variance of pθ(y | c) for each context and 246

by the finite size of the reachable context set. Our 247

experiments corroborate this: increasing the depth 248

of LLM Discussion yields only marginal gains be- 249

fore diversity saturates. 250

A related line of research studies interpolation- 251

based mechanisms for extending datasets and im- 252

proving coverage of underrepresented regions in 253

feature space. Classical oversampling method 254

SMOTE (Chawla et al., 2002) generate synthetic 255

examples by linear interpolation between nearest 256

neighbors and have been widely and successfully 257

applied to tabular data. Deep variants such as 258

DeepSMOTE (Dablain et al., 2023) extend this idea 259

to learned representation spaces, enabling interpo- 260

lation in latent embeddings learned by neural en- 261

coders in vision domain. Our approach is inspired 262

by these techniques, but extends the paradigm to 263

natural language domain. 264

3 Method 265

3.1 Continuous semantic conditioning 266

We propose approach that adds conditioning with 267

a continuous latent variable defined in a semantic 268

embedding space. For a given input x, an encoder 269

e = E(x) ∈ Rd (1) 270

produces a dense representation related to the task. 271

A latent variable 272

z ∼ qϕ(z | e), z ∈ Rd 273

is drawn from a distribution whose support is re- 274

stricted to a continuous submanifold of the lan- 275

guage manifold associated with e. 276

The latent variable z modulates context construc- 277

tion; a context is formed as 278

c = g(x, z). (2) 279
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Figure 1: Given an input prompt, a base LLM first generates a small set of candidate outputs. These outputs are
encoded into continuous semantic embeddings, forming a local semantic manifold. New vectors are sampled from
this manifold and mapped via a xRAG projector (Cheng et al., 2024) into the LLM’s embedding space. The LLM
then generates new outputs conditioned on these sampled embeddings.

We realize g by mapping z into the input token280

embedding space via a multimodal projector, fol-281

lowing the approach from (Cheng et al., 2024), in282

order to perform conditioning directly in the lan-283

guage semantic space. This allows the method to284

be plugged into an LLM without any fine-tuning of285

the language model. The LLM then generates286

Y ∼ pθ(· | c) = pθ(· | g(x, z)). (3)287

The resulting marginal distribution over outputs is288

p(y | x) =
∫

pθ
(
y | g(x, z)

)
qϕ
(
z | E(x)

)
dz.

(4)289

The conditioning variable is290

z ∈ Zx ⊆ Rd, (5)291

where Zx is a continuous, high-dimensional subset292

of the semantic space induced by the encoder.293

For any feature functional f(Y ), the law of total294

variance gives295

Var[f(Y ) | x] = Ez

[
Var[f(Y ) | x, z]

]
+

+Varz
(
E[f(Y ) | x, z]

)
.

(6)296

In prompt based settings, that we described in Ap-297

pendix A, the analogue of z takes values in a fi-298

nite set Cx or is induced by weak decoding noise,299

which typically yields a small second term. In con-300

trast, the latent-conditioned formulation allows z301

to explore a continuous semantic manifold, so that302

Varz
(
E[f(Y ) | x, z]

)
can be substantially larger.303

3.2 Distribution of conditioning variable 304

To obtain the conditioning distribution qϕ(z | e), 305

we seek a method that enables semantic modulation 306

without fine-tuning the underlying language model, 307

because it is computationally expensive, carries 308

a significant risk of catastrophic forgetting, and 309

often disrupts the delicate balance of pre-trained 310

semantic representations. 311

A natural candidate is to use a variational autoen- 312

coder as the mapping g, since a VAE provides a 313

smooth latent manifold that is easy to sample from 314

safely. However, prior work indicate that VAEs are 315

unsuitable for this setting, as they require training 316

with unfrozen generator (Li et al., 2020a; Zhang 317

et al., 2023). In Appendix B we explain in detail 318

why this alignment cannot be achieved without re- 319

training. 320

Instead, we propose a lightweight exploration- 321

based approach for constructing qϕ(z | e) directly 322

in the semantic space. Although prompt-based 323

methods exhibit limited variance, they are neverthe- 324

less capable of producing several distinct outputs. 325

We treat these outputs as anchor points and embed 326

them into the semantic space, forming a discrete 327

set 328

Ax = {e1, . . . , em}, 329

which serves as a basis for defining the latent region 330

Zx. 331

In our experiments we restrict exploration to 332

interpolation-based families. This choice is moti- 333

4



vated by the use of an encoder trained with con-334

trastive objectives, which tends to organize seman-335

tic classes into approximately convex clusters. As a336

result, interpolation between semantic anchors pro-337

duces stable and meaningful latent variations. Sam-338

pling from qϕ(z | e) is defined explicitly through339

anchor selection and interpolation:340

(i, j) ∼ π, λ ∼ ρ,341

The latent variable is then constructed as342

z = (1− λ)ei + λej .343

That produces a continuous latent region Zx344

spanned by the anchor set Ax.345

We also find considerable potential in using346

random perturbations around anchors and, more347

broadly, meta-heuristic search techniques (e.g.,348

evolutionary exploration or gradient-free manifold349

traversal). These strategies allow qϕ(z | e) to cover350

richer and more diverse semantic regions without351

modifying the LLM itself. Exploring such families352

of search-based latent distributions constitutes a353

promising direction for future work.354

4 Experiments355

Following setup from (Cheng et al., 2024), in all356

experiments we use Mistral-7B-Instruct (Jiang357

et al., 2023) as the underlying language model re-358

sponsible for generating textual outputs. Seman-359

tic representations are obtained using the Mistral360

SRF embedding model (Meng et al., 2024), which361

serves as the encoder producing continuous embed-362

ding vectors used by our exploration distribution363

qϕ(z | e). To instantiate the conditioning func-364

tion g(x, z), we employ the projector introduced365

in (Cheng et al., 2024), which maps latent vectors366

z into the token-embedding space of the LLM.367

4.1 Generation diversity368

We evaluated the ability of our method to generate369

diverse responses on the NOVELTYBENCH bench-370

mark on the curated dataset, which quantifies out-371

put diversity using the Distinct metric. Following372

the benchmark specification (Zhang et al., 2025),373

Distinct is defined as the number of abstract equiv-374

alence classes obtained by clustering semantically375

similar generations. Formally, for a set of k gener-376

ations,377

distinctk :=
∣∣{ci : i = 1, . . . , k}

∣∣,378

where ci denotes the functional equivalence class 379

assigned to the i-th generation. Importantly, these 380

classes are not derived from raw embedding sim- 381

ilarity alone: the benchmark employs a trained 382

classifier to identify conceptual usage categories, 383

ensuring that the metric captures semantic rather 384

than surface-level diversity. 385

Diversity can be trivially increased by producing 386

responses that are uninformative or misaligned with 387

the task. To account for this, we additionally report 388

the Utility metric, which evaluates not only whether 389

a generation belongs to a new equivalence class, 390

but also whether it remains meaningful and useful 391

within the task specification. NoveltyBench defines 392

cumulative utility as 393

utilityk :=
1− p

1− pk

k∑
i=1

p i−1·1
[
ci ̸= cj ∀j < i

]
·ui, 394

where p is the user patience parameter (set to 0.8 395

in the benchmark), 1[·] indicates whether the i-th 396

output introduces a new equivalence class, and ui 397

denotes the utility score assigned to that generation. 398

We evaluate both metrics across multiple gen- 399

eration budgets (10, 15, 20, 25, 30 samples). It 400

is particularly important for diversity to increase 401

with larger sampling budgets, especially in appli- 402

cations such as synthetic data generation, where 403

the marginal gains from additional samples directly 404

translate into broader and more representative cov- 405

erage of the underlying semantic space. 406

As initialization points for defining the anchor 407

set Ax, we used a first generations produced by G2. 408

We selected 30% of the initial outputs for the 10-20 409

sample budgets and 20% for the 25 and 30 budgets. 410

To induce high semantic variability within this 411

region, we employed an aggressive exploration 412

strategy. The choose is motivated by ablation stud- 413

ies. W sampled λ coefficient from intervals: 414

λ ∼ U([6, 10] ∪ [−6,−10]). 415

However, we observed that latent conditioning 416

can occasionally introduce noise and structural drift 417

in the generated outputs, for instance, producing 418

responses that differ from the expected format (e.g., 419

returning a paragraph with seven sentences instead 420

of five). To mitigate this, we introduced an addi- 421

tional alignment step: after generating a candidate 422

response, we submitted it back to the model with 423

an explicit instruction to realign the output to the 424

task specified by prompt. 425
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NoveltyBench (k generations)

Method Metric k=10 k=15 k=20 k=25 k=30

Standard
Distinct (#) 4.37 4.64 5.43 6.20 6.79
Distinct-% (%) 43.7 30.9 27.2 24.8 22.6
Utility 3.62 0.84 0.82 0.78 0.79

In-context
Distinct (#) 7.13 9.35 11.70 12.68 13.31
Distinct-% (%) 71.3 62.3 58.5 50.7 44.4
Utility 2.97 2.81 2.71 2.76 2.71

G2
Distinct (#) 6.21 8.29 10.27 12.04 13.60
Distinct-% (%) 62.1 55.3 51.3 48.2 45.3
Utility 4.52 4.48 4.31 4.33 4.33

Ours (G2 seeds)
Distinct (#) 7.10 10.11 12.31 14.12 16.65
Distinct-% (%) 71.0 67.4 61.6 56.5 55.5
Utility 4.78 4.79 4.56 4.55 4.59

Table 1: Results for different methods across various generation counts (k). Distinct represents the mean number of
distinct partitions, Distinct-% is the percentage of distinct generations (distinct/k × 100%), and Utility is the mean
discounted utility from the scoring pipeline.

4.2 Results426

The results indicate that our latent-conditioning ap-427

proach reliably expands the variance of generated428

outputs across all sampling budgets. As the num-429

ber of generations increases, the method continues430

to uncover new semantic variants rather than col-431

lapsing into repetitive patterns. Importantly, this in-432

crease in variance is not accompanied by any degra-433

dation in usefulness: utility remains consistently434

high, demonstrating that the latent-modulated con-435

texts remain aligned with the underlying task objec-436

tives. Taken together, the findings provide strong437

empirical evidence that continuous conditioning in438

semantic space is an effective and stable mecha-439

nism for enhancing generative diversity while pre-440

serving output quality.441

4.3 Impact of Diverse Generation on442

Divergent Thinking Capabilities443

We examine how increased generation diversity444

translates into improved divergent thinking capabil-445

ities. We laveraged psychological Alternative Uses446

Test (AUT), a classical psychological assessment447

of divergent thinking and creative potential (Lu448

et al., 2024; Silvia et al., 2008; Dinu and Florescu,449

2025). Participants in an AUT task are asked to450

propose unusual and non-obvious uses for every-451

day objects. Responses are traditionally evaluated452

for originality, flexibility, and fluency. We focus on453

core metric, originality (Lu et al., 2024).454

We used the originality scoring framework from455

(Organisciak et al., 2023), which provides auto-456

mated originality ratings (from 1 to 5) aligned with457

human-labeled AUT datasets, using model ocsai-458

4o, which is said by authors to be good for English 459

Alternate Uses scoring. Following the creativity 460

literature (Silvia et al., 2008; Dinu and Florescu, 461

2025), which recommends focusing on only a few 462

ideas, we report: 463

• Top–1 originality: the most original idea, 464

• Top–2 originality: the mean of the two most 465

original ideas, 466

• Top–3 originality: the mean of the three most 467

original ideas. 468

We laveraged dataset from (Lu et al., 2024) 469

For each AUT prompt, we used the output of 470

the multi-turn LLM discussion as the anchor set. 471

Previous work reports that this discussion-based 472

method does not scale (Lu et al., 2024); we con- 473

firmed this in our own setup by running discussions 474

of varying lengths. The best-performing discussion 475

depth was selected, and its output served as both 476

our baseline and our anchor points. 477

We evaluated G2 using the first generations from 478

the LLM discussion as contextual seeds. Our pro- 479

posed method was likewise evaluated using the 480

LLM discussion outputs as anchors. 481

For both methods, we ran 500 generations per 482

approach. 483

We did not apply any alignment step during the 484

AUT experiment. Since the task focuses purely on 485

the originality of semantic content rather than con- 486

sistency of style or structure, additional stylization 487

mechanisms were unnecessary and were therefore 488

omitted. 489
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4.4 Results490

Method Top–1 Top–2 Top–3

LLM Discussion (1 round) 4.17 4.06 3.95
LLM Discussion (3 rounds) 4.57 4.52 4.49
LLM Discussion (5 rounds) 4.58 4.55 4.50
LLM Discussion (7 rounds) 4.58 4.56 4.53

G2 4.93 4.92 4.90

Ours 4.99 4.98 4.95

Table 2: Comparison of AUT originality scores across
discussion-based baselines, G2, and our latent-space
exploration method. Scores are reported as Top–1, Top–
2, and Top–3 originality.

The results highlight three key observations.491

First, increasing the depth of multi-agent LLM dis-492

cussion yields only marginal gains: Top-1 plateaus493

after a few rounds, confirming that this method494

does not scale. Second, expanding the diversity of495

generations has a direct and measurable impact on496

creativity. As illustrated at Figure 2, Top–1, Top–2,497

and Top–3 scores steadily improve as more latent498

samples are drawn, indicating that broader explo-499

ration of the semantic space translates into consis-500

tently more original ideas. Finally, our latent-space501

method achieves the strongest originality across all502

evaluation settings, reaching a Top–1 score of 4.99.503

This value is extremely close to the practical upper504

bound of the AUT scale - 5, effectively demonstrat-505

ing that our method pushes the model’s creative506

capacity to the limits.507

Figure 2: Cumulative originality curves for our latent-
space exploration method. As more latent samples are
drawn, the Top–1, Top–2, and Top–3 originality scores
steadily increase.

5 Ablation Studies508

5.1 Lambda Ablation Study509

Figure 3 shows how the interpolation coefficient λ510

influences diversity and utility. We observed low511

Distinct score at λ = 0.5, indicating that prompt- 512

based anchor generations form a tight semantic 513

cluster: staying close to them yields only minor 514

variations. Increasing λ moves the latent variable 515

outside this region, leading to a sharp rise in diver- 516

sity while maintaining high utility. Performance 517

peaks around λ = 10, showing that broader inter- 518

polation unlocks genuinely new semantic direction. 519

These results directly motivate the sampling range 520

used in our main diversity experiments. 521

5.2 Ablation: Dependence on Anchor Seeds 522

In this experiment we isolate the effect of anchor 523

quality on latent-space conditioning. Instead of 524

the utility metric, we report the mean score of all 525

generations, as utility is highly dependent on first 526

generations. 527

The results in Table 3 show clear dependence 528

on the chosen anchors. Using in-context anchors 529

yields higher Distinct values but noticeably lower 530

mean scores, reflecting the weakness of in-context 531

prompting from earlier experiment: it produces di- 532

verse but low-quality seeds, and our method inher- 533

its this trade-off. Conversely, G2 anchors provide 534

stronger and more coherent starting points, leading 535

to consistently higher mean scores while achieving 536

lower distinct value. 537

6 Discussion 538

Our experimental results demonstrate that the pro- 539

posed method introduces substantially greater vari- 540

ation in generated outputs, and that this variance 541

translates into responses that are both more diverse 542

and fully comparable in quality to those produced 543

by baseline approaches. 544

The lack of scalability observed in LLM discus- 545

sion further confirms our theoretical considerations: 546

because the underlying variance of the conditional 547

distribution is intrinsically low, the model is unable 548

to discover regions of higher originality within the 549

semantic space. Subsequent perturbations intro- 550

duced by additional discussion rounds remain too 551

small to meaningfully expand this variance, leading 552

to rapid saturation. 553

A key insight is that the latent variable we intro- 554

duce is not a randomness, it is a variable that has 555

its own context that directly influences the model’s 556

response, analogous to the role of retrieved evi- 557

dence in RAG systems, and this context can be 558

explored geometrically. This makes it possible to 559

apply a wide range of heuristics and metaheuristics 560
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Figure 3: Ablation over λ. Small values keep the latent variable inside the anchor cluster, yielding low diversity;
larger values explore broader semantic regions, improving diversity without harming quality.

NoveltyBench (k generations)

Anchors source Metric k=10 k=15 k=20 k=25 k=30

In-context
Distinct (#) 7.1 10.23 13.24 15.03 17.85
Distinct-% (%) 71.0 68.2 66.2 60.1 59.5
Mean Scores 3.32 3.07 2.81 2.66 2.54

G2
Distinct (#) 7.1 10.11 12.31 14.12 16.65
Distinct-% (%) 71.0 67.4 61.6 56.5 55.5
Mean Scores 3.93 3.58 3.24 2.89 2.82

Table 3: Results for our method with In-context and G2 anchors across various generation counts (k). Distinct
represents the mean number of distinct partitions, Distinct-% is the percentage of distinct generations (distinct/k ×
100%), and Mean Scores is the mean of all generation scores.

to text representations. For example, evolutionary561

crossbreeding can be naturally expressed as a linear562

combination of text embeddings.563

The AUT experiment illustrates this particularly564

clearly: we started from outputs generated by a565

complex agent-based method, and used these re-566

sponses as anchors and further optimized them567

through latent-space exploration. In essence, the568

way we did it in experiment was as an evolutionary569

strategy, where whole population breeds together.570

Taken together, these findings open a new per-571

spective on NLP: tasks traditionally limited by the572

symbolic and contextual nature of natural language573

can now be addressed using classical methods from574

computer science, enabled by the continuous and575

geometrically structured semantic space576

7 Limitations577

We used ChatGPT as a writing assistant to improve578

the clarity and readability of the manuscript. All579

scientific content, experimental design, analysis,580

and conclusions were developed and verified by581

the authors.582

Despite strong results, our approach has several 583

limitations. 584

First, it does not explicitly detect low-quality 585

or out-of-distribution generations. Apart from a 586

heuristic realignment step in some experiments, 587

there is no built-in mechanism for hallucination or 588

factuality control. 589

Second, the exploration distribution qϕ(z | e) is 590

simplistic. We use fixed-range linear interpolations 591

with a scalar λ, ignoring the local geometry of the 592

embedding space (e.g., density, cluster structure). 593

The same λ-range is applied across prompts and 594

tasks, which can lead to under- or over-exploration. 595

Finally, latent moves are restricted to linear com- 596

binations of anchor embeddings and depend heav- 597

ily on the chosen anchors and embedding stack. 598

Weak anchors yield diverse but low-quality gener- 599

ations, and we have not yet evaluated robustness 600

across different LLMs, encoders, or domains. 601
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A Analysis of Prompt-Based Methods 794

A large language model (LLM) is viewed as a con- 795

ditional distribution 796

pθ(y | c), (7) 797

where y denotes the generated output sequence, 798

c denotes the input context (system prompt, user 799

prompt, in-context examples, retrieved documents, 800

etc.), θ are fixed model parameters. 801

For a given task input x (e.g., a user instruction), 802

a deterministic context constructor 803

c = g(x) (8) 804

is applied, and the model generates 805

Y ∼ pθ(· | g(x)). (9) 806

All stochasticity arises from the sampling proce- 807

dure used to decode from pθ (for example, tem- 808

perature sampling or nucleus sampling), while the 809

initial condition is fully specified by the single con- 810

text c, and it is shown that the nature of LLMs 811

makes this distribution have low variance (Zhang 812

et al., 2025). 813

A.1 Prompt transformations 814

Many existing approaches to improve diversity op- 815

erate by applying a finite collection of prompt trans- 816

formations. Let 817

ck = Tk

(
g(x)

)
, k = 1, . . . ,K, (10) 818

denote the transformed contexts obtained from a 819

fixed input x. Methods such as paraphrasing the 820
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instruction, switching personas, or adding stylis-821

tic variations can all be modeled as choosing one822

element from the finite set823

Cx = {c1, . . . , cK}. (11)824

Generation proceeds by first sampling a context825

C ∼ µx, (12)826

where µx is a distribution supported on Cx, and827

then sampling828

Y ∼ pθ(· | C). (13)829

Let D(·) be any functional measuring diversity830

of a distribution over outputs (e.g., entropy or an831

expected semantic distance). The induced marginal832

distribution of Y for a fixed x can be written as833

p(y | x) =
K∑
k=1

µx(ck) pθ(y | ck), (14)834

and therefore835

D
(
p(Y | x)

)
= D

(
K∑
k=1

µx(ck) pθ(· | ck)

)
≤

≤ f
(
K, {pθ(· | ck)}Kk=1

)
,

(15)836

for some problem-dependent upper bound f . In837

particular, the attainable diversity is structurally838

controlled by the finite set Cx and the conditional839

distributions {pθ(· | ck)} that are known to have840

low variance.841

A.2 Iterative in-context prompting842

Iterative schemes such as chain-of-thought prompt-843

ing and self-consistency can be modeled as a se-844

quence of contexts845

c(1) = g(x), y1 ∼ pθ(· | c(1)), (16)846

847
c(2) = h

(
c(1), y1

)
, y2 ∼ pθ(· | c(2)), (17)848

and, in general,849

c(t) = Ht

(
x, y1:t−1

)
, yt ∼ pθ(· | c(t)), (18)850

for t = 1, . . . , T . The final answer is either yT or851

some aggregation of (y1, . . . , yT ).852

This entire procedure can be abstracted as a853

stochastic operator854

Y = Fθ(x, ε), (19)855

where ε collects all randomness introduced by de- 856

coding at each step. For any feature functional f 857

of the output, the variance is given by 858

Var
[
f(Y ) | x

]
= Varε

[
f(Fθ(x, ε))

]
. (20) 859

Empirically, the conditional distributions pθ(· | 860

c(t)) often exhibit low variance (Zhang et al., 2025). 861

As a consequence, this variance Varε tends to re- 862

main modest, reflecting that the system remains 863

effectively driven by the initial condition x together 864

with a relatively weak stochastic perturbation ε. 865

A.3 Agents Will Not Help 866

Multi-agent methods instantiate several LLM 867

agents that exchange messages before producing a 868

final answer. Let 869

c
(1)
i = gi(x), y

(1)
i ∼ pθ(· | c

(1)
i ), i = 1, . . . ,M,

(21) 870

denote the first round of messages. Subsequent 871

rounds update each agent’s context, for example, 872

c
(2)
i = hi

(
x, y

(1)
1:M

)
, y

(2)
i ∼ pθ(· | c

(2)
i ), (22) 873

and so on, until an aggregation module produces a 874

final output Y from all intermediate messages. 875

Again, this can be written in compact form as 876

Y = Gθ(x, ε), (23) 877

where ε encompasses all decoding randomness 878

across all agents and rounds. For any feature func- 879

tional f of the output, 880

Var
[
f(Y ) | x

]
= Varε

[
f(Gθ(x, ε))

]
, (24) 881

and, due to the limited stochasticity of the underly- 882

ing conditional distributions, this variance tends to 883

remain modest. 884

A.4 Conclusion 885

Collecting the above, prompt-based and multi- 886

agent methods can be viewed as operating within 887

the model class 888

Mprompt =
{
pθ(y | c) : c ∈ Cx

}
, |Cx| < ∞,

(25) 889

where Cx contains all contexts reachable from a 890

fixed input x under the given protocol and decod- 891

ing scheme. Since these methods marginalize only 892

over a finite (or effectively finite) set of reachable 893

contexts, the diversity of the resulting output distri- 894

bution is fundamentally constrained. 895
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This limitation is made explicit by the law of896

total variance. For any feature functional f(Y ),897

Var[f(Y ) | x] = Ec∼µx

[
Var

[
f(Y ) | x, c

]]
+

+Varc∼µx

(
E
[
f(Y ) | x, c

])
.

(26)898

First term i s shown to be modest (Zhang et al.,899

2025), and because c ranges only over the finite900

set Cx, the second term is structurally bounded by901

Cx itself and cannot increase beyond the variance902

induced by choosing among these finitely many903

contexts.904

Figure 4 shows graphical comparition of prompt905

based methods with our approach.906

B VAE Projector Leads to OOD Risk907

Let Z ⊂ Rd denote the support of the VAE latent908

distribution used for sampling, and let H ⊂ Rdh909

denote the support of the LLM’s semantic decoder–910

input activations (e.g., first-layer token embed-911

dings). We model semantic clusters in the LLM912

as the path–connected components of high-density913

regions in H .914

Let pZ be the latent density (typically Gaussian),915

and let pH denote the empirical density of decoder916

activations. For a threshold ϵ > 0, define the super-917

level sets918

Zϵ = { z ∈ Z : pZ(z) ≥ ϵ },919
920

Hϵ = {h ∈ H : pH(h) ≥ ϵ }.921

Because pZ is intentionally smooth and unimodal,922

the set Zϵ is a single connected component. In con-923

trast, the decoder-side super-level set decomposes924

into l multiple semantic clusters [literatura]:925

Hϵ =
ℓ⊔

j=1

Dj .926

B.1 Splitting Implies Valley Traversal927

Let a continuous decoder-conditioning map f :928

Z → H represent the process of feeding a sampled929

latent vector into the LLM’s semantic space (e.g.,930

via a multimodal projector). If Zϵ is connected but931

Hϵ decomposes into multiple components, then no932

continuous f can map the single latent region into933

multiple semantic clusters without traversing the934

low-density valleys between them.935

Proposition 1 (VAE Splitting Implies Semantic936

Valley Traversal). Assume the “ground-truth” se-937

mantic assignment would require938

Zϵ −→ Dj1 ∪ Dj2 , Dj1 ∩Dj2 = ∅.939

Let 940

Vτ = {h ∈ H : pH(h) < τ } 941

be the low-density valley set separating decoder 942

clusters, for some τ < ϵ. If a continuous f satisfies 943

f(Zϵ) ∩Dj1 ̸= ∅ and f(Zϵ) ∩Dj2 ̸= ∅, 944

then necessarily 945

f(Zϵ) ∩ Vτ ̸= ∅. 946

Thus any continuous splitting of the single latent 947

component into multiple decoder semantic islands 948

must traverse the valley between them. 949

Sketch. Since Zϵ is path-connected and f is con- 950

tinuous, the image f(Zϵ) is also path-connected. 951

A path connecting a point in Dj1 to one in Dj2 952

must leave Dj1 ∪Dj2 and enter their complement, 953

which is contained in the valley Vτ . Hence f(Zϵ) 954

intersects Vτ . 955

B.2 Out-of-Distribution Risk in VAE 956

Sampling 957

Because a VAE imposes a single, connected latent 958

region from which sampling must cover the entire 959

space, it cannot align its latent topology with the in- 960

herently clustered structure of LLM semantic space 961

(Cai et al., 2021). Any attempt to map a single VAE 962

latent component onto multiple semantic clusters 963

forces the image of latent samples to pass through 964

low-density regions Vτ . In order to change seman- 965

tic space on initial layers of LLM, fine tuning is 966

necessary. 967

12



Figure 4: Graphical comparition of prompt based methods with our approach.
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