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Abstract

The paper presents a novel artificial intelligence001
evaluation methodology grounded in the prin-002
ciples of the classic Turing test. We propose003
the Turing-test Interview Emulation (TiE)004
framework, which simulates a structured dia-005
logue for the behavioral assessment of model006
capabilities. In contrast to the original test, our007
methodology employs a sequential question-008
answer format across diverse thematic cate-009
gories, requiring the model to maintain dia-010
logue context and perform comparative analy-011
sis of candidate responses. The model is tasked012
not with selecting a single correct answer but013
with identifying the most appropriate option014
from several alternatives, thereby complicating015
the decision-making process and introducing016
an additional reasoning step. The paper intro-017
duces both text and multimodal versions of the018
TiE dataset in English and Russian. Using this019
benchmark, we conduct a comprehensive com-020
parative evaluation of a range of open-source021
and proprietary large language models (LLMs)022
and vision-language models (VLLMs).023

1 Introduction024

The paper “Computing Machinery and Intelligence”025

(1950) presents Turing’s foundational exposition026

of the well-known imitation game, commonly re-027

ferred to as the Turing Test (Turing, 2021). This028

test is often interpreted as a benchmark for a ma-029

chine’s ability to engage in plausible dialogue, lead-030

ing to frequent claims of its "passing" by various031

conversational systems. The original formulation,032

however, establishes critical constraints: the judge033

must be aware that one participant is a machine,034

and the human participant must aim to help the035

judge discern the truth. Emerging from the sem-036

inal 1930s discourse on computability and mind037

(fueled by the works of Gödel, Herbrand, Church,038

Kleene, Rosser, and Turing himself), the test is039

theoretically grounded in the Church–Turing prin-040

ciple (Copeland, 1997). At its core, it is a com-041

parison of the problem-solving capabilities of two 042

systems: the human mind and a machine under 043

evaluation. The formal completeness of natural 044

language allows the judge to formulate any task, 045

thereby testing the functional equivalence of these 046

systems. While selecting appropriate dialogue re- 047

sponses is one valid task, the judge’s scope is un- 048

bounded, ranging from solving logical puzzles and 049

anagrams to evaluating humor, spatial reasoning, 050

or causal inference. 051

Despite the remarkable progress of modern 052

Large Language Models (LLMs), it remains pos- 053

sible to identify specific problem classes where 054

they perform significantly worse than non-expert 055

humans, though constructing such discriminative 056

tasks presents a non-trivial challenge. This persis- 057

tent gap is evidenced by the rapid, continual emer- 058

gence of new benchmarks. The act of "passing" 059

one benchmark often merely reveals the next layer 060

of capability disparity, prompting the community 061

to devise yet another, more challenging test (for 062

example, Humanity Last Exam (Phan et al., 2025)). 063

This work leverages this foundational understand- 064

ing to design targeted, multi-modal evaluations that 065

probe these persistent gaps in machine intelligence. 066

To this end, we present the Turing-test Inter- 067

view Emulation (TiE), a novel evaluation frame- 068

work that simulates the conversational dynamics of 069

a full Turing test interview. The associated dataset 070

emulates a coherent, multi-turn dialogue where 071

a subject is presented with a series of questions 072

spanning diverse thematic categories relevant to 073

the test’s core constructs. Crucially, the dialogue 074

is stateful: questions may presuppose context from 075

earlier exchanges, requiring the maintenance of 076

discourse coherence. 077

The principal contributions of this work are 078

threefold: 079

• We propose a novel methodology for AI eval- 080

uation based on dialogue-emulated Turing- 081

imitation tests. 082
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• We introduce and publicly release 1 the TiE083

datasets, comprising both text-based and mul-084

timodal versions, available in English and Rus-085

sian to facilitate broader investigation.086

• We provide a comprehensive comparative087

evaluation and analysis of a range of088

open- and closed-source large language mod-089

els (LLMs) and vision-language models090

(VLLMs) using the proposed benchmark.091

2 Related work092

Alan Turing’s thought experiment (1950) (Turing,093

2021) became a programmatic episode in the field094

of AI. The question of the ability of LLM to pass095

the Turing test in one form or another is regularly096

raised; this is due to the popularity of the test.097

Among the most recent works, one can recall (Mu-098

rugesan, 2025), (Carlson, 2025), the work on the099

"reverse Turing test" (Sejnowski, 2023).100

TURINGBENCH (Uchendu et al., 2021) oper-101

ationalizes the classical Turing Test, evaluating102

a model’s global human-likeness through open-103

ended, adversarial human-judged conversations.104

DialogBench (Ou et al., 2024) decomposes human-105

like dialogue into 12 specific, task-based capa-106

bilities for granular diagnostic evaluation. X-107

TURING (Wu et al., 2025) extends this paradigm108

into a long-term, multimodal "stress test," assessing109

sustained coherence and engagement over extended110

interactions. Collectively, they progress from test-111

ing holistic imitation to diagnosing discrete skills112

and, finally, to evaluating persistent, complex con-113

versational intelligence.114

However, a significant gap exists for equivalent,115

comprehensive evaluation resources in Russian.116

Existing open datasets primarily consist of anno-117

tated conversational collections, such as Telegram118

dialogues with relevance labels (Petrov, 2023), or119

tests focused on narrow facets like dialogue role120

tracking. These do not constitute a holistic, task-121

oriented evaluation framework. This scarcity ex-122

tends to the spoken domain; although high-quality123

corpora of spontaneous Russian speech exist 2, they124

are typically proprietary and not accessible for open125

academic research.126

1All examples from the development set are publicly avail-
able with their corresponding answers and can be used for
few-shot evaluation or as example of the task. The test set is
kept private to mitigate the risk of data contamination.

2https://defined.ai/datasets/
russian-spontaneous-dialogue#
russian-spontaneous-dialogue-form

3 Methodology 127

3.1 Idea 128

We draw inspiration from the applied reinterpreta- 129

tion of Alan Turing’s “imitation game”. The focus 130

is no longer on determining whether a system can 131

be mistaken for a human, but on whether an LLM 132

can act as a reliable and useful conversational agent. 133

Our benchmark evaluates the model’s ability to pro- 134

duce responses that are coherent, context-sensitive, 135

goal-directed, and appropriate to the user’s intent. 136

This shift reflects current practical demands: in 137

real-world applications, the key criterion is not the 138

identity of the interlocutor but the quality and utility 139

of the interaction. Thus, we prioritize communica- 140

tive adequacy over surface-level human mimicry, 141

assessing how well a model can handle diverse 142

intents, domains, and dialogue dynamics. Accord- 143

ingly, success is defined not by whether a model 144

appears human-like, but by whether it can consis- 145

tently meet users’ communicative needs. 146

Communicative adequacy is a complex construct 147

that requires not only standard knowledge but also 148

pragmatic and cultural awareness, including the 149

ability to navigate spontaneous topic shifts and fluc- 150

tuating conversational tones (e.g., from serious to 151

playful). It involves sustaining dialogue by provid- 152

ing contextually fitting responses, even when no 153

definitively correct answer exists. 154

3.2 Datasets 155

This work introduces three distinct datasets: 1) a 156

text-based test set (available in English and in an 157

adapted Russian version), 2) an audio dataset (pre- 158

sented in Russian), and 3) a visual test set. All 159

datasets share a common methodological frame- 160

work, detailed in the following section. 161

The TiE task is structured as a fully-formed, in- 162

structional dialogue. Each conversational turn is 163

appended to the model’s previous response, thereby 164

constructing a continuous context (see Algorithm 165

1). The dialogue context is composed of the previ- 166

ous questions and the answer options chosen by the 167

model in prior steps. Crucially, the context does 168

not contain information about all possible answer 169

options for the current step. 170

Within this format, the model is required to eval- 171

uate the given answer options and select the more 172

appropriate one, based on a holistic assessment 173

of both. This design inherently assumes that the 174

model retains and utilizes the entire dialogue his- 175

tory, which may include references to earlier ex- 176

2

https://defined.ai/datasets/russian-spontaneous-dialogue#russian-spontaneous-dialogue-form
https://defined.ai/datasets/russian-spontaneous-dialogue#russian-spontaneous-dialogue-form
https://defined.ai/datasets/russian-spontaneous-dialogue#russian-spontaneous-dialogue-form


Algorithm 1: Sequential TiE dialog con-
struction.

Input :Dialogue with questions {qn}Nn=1, options
{On}Nn=1, evaluation prompt P , evaluated
model LLM

Output :Per-turn records: inferred choice ôn (and
optionally raw output yn)

H ← ∅ // accumulated history shown to the
evaluated LLM

for n← 1 to N do
q ← qn; O ← On

x← P ∥ (q,O, H)
y ← LLM(x) // free-form text output
ô← AnswerExtractor(y)
save(n, q, ô, y)
H ← SimplePrompt ∥ (q,On)

changes. A distinctive feature of the dataset is177

its departure from binary correctness; instead, it178

requires the model to process and comparatively179

judge both provided options to determine the most180

suitable response.181

Throughout the dialogue, the dataset explores182

three main aspects, which are also established in183

its metadata:184

• The length of the model’s context and mem-185

ory. Each question in the dataset is tagged186

with a use_context metadata flag. A value187

of “True” signifies the question is context-188

dependent, while “False” denotes it is self-189

contained and can be asked in isolation.190

• Turing imitation: core reasoning capabilities191

for sustaining adequate dialogue. Each utter-192

ance in the dataset is annotated with a binary193

turing_imitation flag in its metadata. The194

distribution of this label is intentionally im-195

balanced within each dialogue, reflecting the196

natural, non-uniform occurrence of such ut-197

terances in spontaneous human conversation.198

Such categories3 are:199

1. sentiment — emotional coloring;200

2. intent — the intentions of the partici-201

pants in the dialogue or the characters202

described in the question;203

3. style — the style of the text; for exam-204

ple, it belongs to the clerical style, certain205

authors’ style, etc.;206

4. humor — the presence of humor, the207

ability to determine how funny the text208

is;209

5. irony — irony and its detection;210

3all categories are identical for the three datasets of dif-
ferent modalities; where there are differences, the modality-
specific tags are listed separated by "/".

6. facts — factual accuracy, honesty; 211

7. profanity — profane/obscene vocabu- 212

lary; 213

8. adult_content content for the adults, 214

sensitive topics; 215

9. text_metrics / text′n′pic_metrics / 216

text′n′audio_metrics — simple sym- 217

bolic/mathematical operations, count the 218

number of letters, consonants, vowels, 219

voiced, deaf, count words with the letter 220

"o", solve the simplest mathematical ex- 221

ample given in the text or digital form, 222

etc.); 223

10. language_structure / 224

language′n′audio_structure / 225

language′n′image_structure— 226

ability to perceive word forms and 227

structural-formative relations in a 228

sentence: inflections, text consistency, 229

spelling/syntax, etc.; 230

11. topic_modelling — ability to determine 231

the subject of the text; 232

12. multilanguage — cross-lingual and 233

multilingual tasks; 234

13. algorithmic_transformations — 235

different text shifters, sorting characters, 236

adding/removing parts, duplications, and 237

so on. 238

• Category: the ability of the model to distin- 239

guish between the basic classes of problems 240

that are necessary to solve the emulation of 241

the Turing test. The category is consistently 242

annotated meta-data for each utterance across 243

all three datasets, with its classes explicitly 244

balanced per dialogue. 245

1. world – knowledge about the world; 246

2. math — symbolic calculations, mathe- 247

matics, logic; 248

3. memory — activation of the directed 249

long-term memory function of the model, 250

including some information and a ques- 251

tion in memory, extracting some infor- 252

mation from long-term memory; 253

4. reasoning — conclusions, causal rela- 254

tionships; 255

5. strings — operations with strings: ana- 256

grams, sub-sequence counting, etc.; 257

6. spell — questions related to spelling and 258

the composition of words; 259

7. gamesandrules — the ability to handle 260

systems based on rules: games, includ- 261

ing chess problems, traffic rules, puzzles, 262
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and similar systems;263

8. sound — text questions on sound modal-264

ity and audio form of words, sounds, ac-265

cents, rhyme, and audio on text;266

9. shape (questions on associative connec-267

tions, “awareness” of the forms of the268

real world through symbolic systems and269

graphic objects);270

10. lexis (knowledge of the language sys-271

tem, linguistic knowledge, word forma-272

tion: hyperonyms/hyponyms, kinship273

terms, etc;274

11. emotion — emotion recognition;275

12. ethics — ethical tasks;276

13. trap — trick questions, contextual or277

logical-linguistic traps leading to the278

wrong answer, knocking off the course279

of the dialogue.280

3.3 Datasets creation281

The datasets statistics is presented in Table 1.282

Text The text dataset was created from scratch283

by two professional editors using linguistic games,284

jokes, memes, set phrases, and elements of the285

cultural code, with Russian-specific references286

adapted for English-speaking users (the prelimi-287

nary translation was done by the “deepl” library 4).288

The dataset was manually compiled by internal289

experts (the details of the dataset creation are pre-290

sented in the Appendix A.2).291

Audio The audio for TiE-Audio tasks was gen-292

erated using original scripts, authored by special-293

ists, and recorded in-house. To ensure realism,294

background noise was incorporated from public295

datasets, as well as from custom studio and con-296

trolled field recordings. The scripts were voiced297

by 9 non-professional speakers, selected to max-298

imize the diversity of vocal characteristics, and299

supplemented by 2 synthetic voices. The synthetic300

voices were generated using a proprietary voice301

synthesis platform. The resulting audio was then302

post-processed in the REAPER digital audio work-303

station (DAW)5. Within REAPER, the vocal tracks304

were enhanced using the DAW’s native flanger ef-305

fect, followed by parametric equalization for pre-306

cise spectral refinement. A summary of the voice307

characteristics (gender, timbre, prosody, etc.) for308

all dialogue participants is provided in Table 4 in309

the Appendix.310

4deepl library
5https://www.reaper.fm/

Vision Images for the picture dataset, collected 311

via a crowdsourcing bot within the same commu- 312

nity, were required to be original photographs that 313

were not found online. Thus, the TiE-Vision dataset 314

was constructed using both photographs of real situ- 315

ations and images that contain allusions to cultural 316

elements such as popular song lyrics, common id- 317

iomatic expressions, and scenarios from anecdotes 318

and established narratives. All images were resized 319

to be at most 1920 pixels on the largest side and wa- 320

termarked with the 90% transparent organization 321

logo. 322

Table 1: Structural and quantitative characteristics of
the TiE benchmark datasets. N/Dial. = Number of
dialogues; N/Quest. = Number of questions in one
dialogue; Ans.Options = answer options (2 or 4);
Modality = the dataset class, text-based of multimodal.

Name N/Quest N/Dial. Ans. Options Modality
TiE-Text 500 10 2 Text (Ru/En)
TiE-Vision 500 3 4 Text + Image
TiE-Audio 500 3 4 Text + Audio

3.4 Evaluation Procedure 323

We propose to evaluate models using the lm-eval 324

framework 6 (Gao et al., 2024; Biderman et al., 325

2024), an established open-source codebase. Since 326

lm-eval does not natively support the TiE evalua- 327

tion protocol, we additionally provide a dedicated 328

TiE-adapter a fully compatible evaluation harness 329

that replicates the required functionality 7 that sup- 330

ports two key evaluation modes: LLM-as-a-judge 331

(see also 5.1 for reference) and regex-based an- 332

swer extraction. In this work, we use the genera- 333

tive protocol: the model generates until EOS, af- 334

ter which the required discrete answer is extracted 335

either by parsing or by a judge model; this is cru- 336

cial because each answer is appended to the dialog 337

history for subsequent turns, and including full 338

unconstrained generations (e.g., long reasoning) 339

would inflate context length and introduce noise 340

that can degrade scores. Context size is controlled 341

either via tokenizer max_length/truncation or, more 342

conveniently, by the number of previous questions 343

included in the custom runner (with an analogous 344

parameter for media size in multimodal variants). 345

Metrics are reported as Accuracy/Exact Match, 346

where EM is computed on the extracted discrete 347

options, making the evaluation robust to superficial 348

formatting differences. 349

6https://github.com/EleutherAI/
lm-evaluation-harness

7to be released publicly upon publication
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4 Evaluation350

Baselines Table 2 summarizes the baseline model351

suite used in the experiments. We evaluate 17352

instruction-tuned LLMs spanning a wide range of353

scales (2B–685B parameters) and context capaci-354

ties, and covering text-only as well as multimodal355

(text+image, text+audio, and text+image+audio)356

settings. Model selection was driven by two con-357

straints: (i) ensuring sufficient coverage of each358

modality (at least several representative models per359

modality) and (ii) prioritizing systems with demon-360

strated Russian-language competence, since three361

of the four dataset variants are Russian. To anchor362

the benchmark against strong contemporary sys-363

tems, we additionally include a small set of closed-364

source proprietary models with state-of-the-art text,365

vision, and audio understanding. For text datasets,366

we use system instruction that essentially provides367

the same information about answer format that the368

user prompt.369

Metrics We report baselines on four TiE datasets370

with three scores per model: EM / RegExp EM /371

Judge EM. EM is a strict Exact Match between the372

raw generation and the target answer. RegExp EM373

extracts an option from the generation8 and then ap-374

plies strict EM. Judge EM uses an LLM-as-a-judge375

(see also 5.1 for reference) to score the genera-376

tion against each answer option, selects the highest-377

probability option as the predicted answer, and then378

applies strict EM. For Audio and Image datasets,379

the text-only LLMs are evaluated by removing the380

multimodal content from input data and keeping the381

textual dialogs scaffold. RegExp and Judge scores382

are provided to separate capability from instruction-383

following/formatting.384

Results The Table 3 demonstrates the baseline385

results for all four TiE datasets. Human perfor-386

mance (see Appendix A.3 for details) is high across387

all datasets (0.75 audio, 0.77 image, 0.95 text-ru,388

0.984 text-en), leaving substantial headroom. The389

data proves being strong resistant to overfitting (the390

variance of the metrics between the separate dialogs391

within one dataset is < 0.03). Because Audio/Im-392

age are 4-way multiple choice, scores near 0.25393

correspond to random guessing, and many mod-394

els, including several multimodal systems, clus-395

ter around this level on Audio after Regexp/Judge396

8We use rather simple patterns: \b([ABCD])\b for letter
options, \b([12])\b for digit options. If no matches are
found, put “-1” as a fallback option

normalization, suggesting that the audio tasks are 397

rather hard for the models. Audio also shows 398

large formatting/instruction-following gaps: mod- 399

els such as Ultravox, Idefics3, and Phi-3.5-vision 400

have near-zero raw EM but rise to ~0.25 under any 401

post-processing, implying they often produce free- 402

form answers that fail strict option-token matching. 403

In contrast, Image exhibits a clearer capabil- 404

ity separation: the strongest multimodal models 405

(gemini-2.0-flash ~0.73 and gpt-4o ~0.705 raw 406

EM) substantially outperform text-only LLMs eval- 407

uated without images. The text-only baselines typ- 408

ically sit around ~0.25–0.35 on Image, indicating 409

limited inference from the dialog scaffold alone. 410

Mid-tier multimodal VLMs (e.g., Qwen3-VL-8B, 411

Qwen2.5-Omni) fall between these groups, while 412

some smaller multimodal models show improve- 413

ments mainly after extraction, again pointing to 414

output-format issues. 415

For the binary text datasets, the language con- 416

trast is stark. Text Ru yields high raw EM for 417

top models (e.g., gemini ~0.916, gpt-4o ~0.895, 418

deepseek-v3.2 ~0.871), whereas Text En has raw 419

EM of 0 for all listed models and only reaches 420

random guessing chances under post-processing 421

(~0.48–0.51). Which is mainly caused by genera- 422

tion artifacts like excessive punctuation or wrong 423

answers (see example of English prompt in Ap- 424

pendix A.4). Since Text Ru and Text En are trans- 425

lations, this pattern indicates strong language- and 426

instruction-following sensitivity in the Russian set- 427

ting rather than a purely content-driven difficulty 428

shift, which makes sense. 429

5 Diagnostic Analysis 430

The experiments are set up to make the key vari- 431

ables in the research questions explicitly control- 432

lable in a dialog setting. By encoding each turn 433

with the accumulated chat history and sweeping 434

context_size, we treat “growing context” as a di- 435

rect experimental factor (RQ1). The dataset labels 436

attribute context effects along two axes: unified 437

task categories (to compare communicative func- 438

tions; RQ1.1) and Turing-imitation facets (to re- 439

late performance to human-likeness phenomena; 440

RQ1.2). Finally, because longer histories inher- 441

ently include more interlocutor involvement (per- 442

sona/stance/argumentation) and previous model 443

outputs, the same manipulation exposes when in- 444

teractional structure helps or confounds model suc- 445

cess (RQ1.3). 446
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Model Context Length Modalities Parameters Link Paper

gemini-2.0-flash-001 1000k Text, Image, Audio N/A models/gemini-2.0-flash N/A
gpt-4o 128k Text, Image N/A models/gpt-4o (Hurst et al., 2024)
Qwen3-VL-8B-Instruct 262k Text, Image 9B Qwen/Qwen3-VL-8B-Instruct (Yang et al., 2025)
Qwen3-VL-2B-Instruct 262k Text, Image 2B Qwen/Qwen3-VL-2B-Instruct (Yang et al., 2025)
Qwen3-4B-Instruct-2507 262k Text 4B Qwen/Qwen3-4B-Instruct-2507 (Yang et al., 2025)
Qwen2.5-Omni-7B 32k Text, Image, Audio 11B Qwen/Qwen2.5-Omni-7B (Xu et al., 2025)
Qwen2.5-Omni-3B 32k Text, Image, Audio 6B Qwen/Qwen2.5-Omni-3B (Xu et al., 2025)
ultravox-v0_4 131k Text, Audio 8B fixie-ai/ultravox-v0_4 N/A
ultravox-v0_3 131k Text, Audio 8B fixie-ai/ultravox-v0_3 N/A
Phi-3.5-vision-instruct 131k Text, Image 4B microsoft/Phi-3.5-vision-instruct (Abdin et al., 2024)
Idefics3-8B-Llama3 131k Text, Image 8B HuggingFaceM4/Idefics3-8B-Llama3 (Laurençon et al., 2024)
Olmo-3-7B-Instruct 65k Text 7B allenai/Olmo-3-7B-Instruct N/A
gpt-oss-20b 131k Text 22B openai/gpt-oss-20b (OpenAI et al., 2025)
T-lite-it-1.0 32k Text 8B t-tech/T-lite-it-1.0 N/A
gemma-3-4b-it 131k Text, Image 4B google/gemma-3-4b-it (Team et al., 2025)
Meta-Llama-3.1-8B-Instruct 131k Text 8B meta-llama/Llama-3.1-8B-Instruct N/A
deepseek-v3.2 163k Text 685B deepseek-ai/DeepSeek-V3.2 (DeepSeek-AI et al., 2025)

Table 2: Summary of baseline model specifications and architectural characteristics.

Model ruTiE Audio ruTiE Image ruTiE Text En ruTiE Text Ru

Human Baseline 0.75 0.77 0.984 0.95

gemini-2.0-flash-001 0.11 / 0.181 / 0.044 0.73 / 0.703 / 0.605 0.0 / 0.492 / 0.492 0.916 / 0.916 / 0.917
gpt-4o 0.055 / 0.077 / 0.028 0.705 / 0.69 / 0.623 0.0 / 0.489 / 0.489 0.895 / 0.896 / 0.896
Qwen3-VL-8B-Instruct 0.257 / 0.265 / 0.261 0.393 / 0.399 / 0.408 0.0 / 0.498 / 0.498 0.805 / 0.806 / 0.807
deepseek-v3.2 0.159 / 0.239 / 0.13 0.338 / 0.392 / 0.333 0.0 / 0.481 / 0.481 0.871 / 0.872 / 0.874
Qwen3-4B-Instruct-2507 0.255 / 0.263 / 0.264 0.349 / 0.36 / 0.351 0.0 / 0.486 / 0.487 0.777 / 0.777 / 0.781
Meta-Llama-3.1-8B-Instruct 0.257 / 0.259 / 0.259 0.313 / 0.32 / 0.32 0.0 / 0.495 / 0.496 0.729 / 0.73 / 0.732
gemma-3-4b-it 0.254 / 0.269 / 0.263 0.311 / 0.327 / 0.319 0.0 / 0.506 / 0.507 0.683 / 0.695 / 0.697
T-lite-it-1.0 0.137 / 0.158 / 0.148 0.316 / 0.331 / 0.328 0.0 / 0.483 / 0.483 0.776 / 0.802 / 0.804
gpt-oss-20b 0.174 / 0.183 / 0.175 0.326 / 0.331 / 0.331 0.0 / 0.214 / 0.217 0.865 / 0.866 / 0.872
Olmo-3-7B-Instruct 0.235 / 0.259 / 0.257 0.253 / 0.269 / 0.271 0.0 / 0.494 / 0.494 0.577 / 0.578 / 0.579
Qwen2.5-Omni-3B 0.121 / 0.166 / 0.187 0.203 / 0.237 / 0.24 0.0 / 0.498 / 0.5 0.696 / 0.706 / 0.707
ultravox-v0_4 0.037 / 0.263 / 0.245 0.099 / 0.192 / 0.197 0.0 / 0.496 / 0.497 0.729 / 0.73 / 0.732
ultravox-v0_3 0.044 / 0.249 / 0.217 0.099 / 0.192 / 0.197 0.0 / 0.496 / 0.497 0.729 / 0.73 / 0.732
Qwen3-VL-2B-Instruct 0.163 / 0.241 / 0.241 0.027 / 0.231 / 0.248 0.0 / 0.504 / 0.506 0.621 / 0.622 / 0.627
Qwen2.5-Omni-7B 0.166 / 0.166 / 0.191 0.27 / 0.273 / 0.297 0.0 / 0.172 / 0.178 0.758 / 0.76 / 0.76
Idefics3-8B-Llama3 0.008 / 0.257 / 0.257 0.035 / 0.345 / 0.345 0.0 / 0.489 / 0.493 0.0 / 0.701 / 0.703
Phi-3.5-vision-instruct 0.0 / 0.251 / 0.251 0.0 / 0.265 / 0.265 0.0 / 0.492 / 0.496 0.0 / 0.6 / 0.604

Table 3: Performance evaluation of the baselines using different Exact Match (EM) criteria: 1) raw EM, 2) EM after
regex-based normalization, and 3) EM with human adjudication.

Research Questions
RQ1: How does the incremental accumulation of
dialog context influence the performance of language
models across diverse communicative tasks?

RQ1.1: Does extended context uniformly
improve performance, or are there specific
task categories (e.g., reasoning, memory, in-
tent detection) where its impact is negative
or negligible?

RQ1.2: How does model performance cor-
relate with the Turing emulations of the di-
alogue as context length increases?

RQ1.3: To what extent does the interlocu-
tor’s involvement (e.g., persona consistency,
argumentative turns) within the growing
context serve as a catalyst or a confounding
factor for model success?

447

5.1 Experimental Setup 448

We ran experiments on four dataset variants: Rus- 449

sian text, English text, and multimodal Russian 450

in image and audio forms, repeating runs while 451

varying context_size (how much prior dialog his- 452

tory is shown), model_name (the evaluated LLM), 453

and media_size (image resolution or audio sam- 454

ple rate, included to control for modality scaling 455

and better isolate other effects). Each run used 456

an LLM-as-a-judge setup: the judge model9 re- 457

ceives the question, a target answer option, and 458

the model’s free-form generation, and returns a 459

probability that the generation matches the target; 460

for multiple-choice tasks, we call the judge once 461

per option and select the closest option, avoid- 462

ing brittle parsing while keeping generative out- 463

puts. All runs were merged into one table and 464

9The model was taken from (Chervyakov et al., 2025). See
huggingface.co/MERA-evaluation/MERA_Answer_judge
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analyzed with a GLM 10 (Gill et al., 2019) to esti-465

mate coefficients and significance for the factors.466

We also fit separate GLMs per dataset to study467

language/modality-specific patterns. The target468

variable is EM score for each question (binary),469

the explanatory variables are model_name (name470

of the LLM), modality (one of “audio”, “im-471

age”, “text_ru”, “text_en”), context_size (size472

of the history the LLM can observe), media_size473

(size in pixels or sample rate of the multi-474

modal content), turing_imitation (Turing test-475

like categories, common among four datasets),476

unified_category (unified question categories,477

common among four datasets), use_context (in-478

dicator whether the question requires knowing479

the history of previous questions). The Binomial480

model also includes intercept. Clustering by indi-481

vidual questions was modeled.482

5.2 Relative Influence of Model Factors: Wald483

Statistics484

The Figure 3 shows joint Wald χ2 for each main485

term by modality (symlog scale), revealing strong486

modality–factor differences. The size of the di-487

alog history (context_size) dominates every-488

where, but it is much larger in text (especially489

English, then Russian) than in image/audio, indi-490

cating that a longer dialog history matters most491

when the input grows purely as text. The indica-492

tor of questions requiring knowledge of the pre-493

vious questions (use_context) is also mainly a494

text effect (large for Russian/English, smaller for495

audio, near-zero for image), suggesting that the496

single-turn to multi-turn shift changes the task pri-497

marily in linguistic settings. The unified ques-498

tion category (unified_category) remains sub-499

stantial across modalities, again strongest in text,500

meaning coarse question types consistently mod-501

ulate difficulty. The Turing Test-like category502

(turing_imitation) is strong in text and visi-503

ble in multimodal Russian, while the extreme En-504

glish value likely reflects an unstable estimate (e.g.,505

sparse categories/separation or the effect is ab-506

sorbed by some other factor), so its magnitude507

should be interpreted cautiously.508

5.3 Turing-Imitation Associations509

The Figure 1 breaks the Turing-imitation term into510

categories and shows their joint Wald χ2 by modal-511

ity on a symlog scale. The main pattern is stark:512

10statsmodels.org/stable/glm.html

text (ru/en) carries more category signal (often 513

χ2 ≈ 100 − 102), while image and audio show 514

less interdependence, implying that these Turing- 515

like distinctions meaningfully separate outcomes 516

mainly in linguistic settings. Several categories 517

are consistently strong in text (e.g., intent, multi- 518

language, and text metrics), suggesting robust con- 519

versational phenomena that affect human-likeness 520

judgments. The figure also shows language asym- 521

metries, most notably profanity (and adult con- 522

tent) being far more influential in English than 523

Russian, plausibly due to stronger English-centric 524

safety/alignment behavior and lexical cue cover- 525

age. Overall, category effects appear dominated by 526

linguistic variation, whereas multimodal runs are 527

likely driven more by media/grounding factors than 528

by these fine-grained Turing-imitation categories. 529

5.4 Unified Categories Impact 530

The Figure 2 shows the joint Wald χ2 for unified 531

question categories by modality (symlog scale). 532

The main result is that category effects are driven 533

primarily by text: most categories have a sizeable 534

effect in textual Russian/English datasets, while 535

image and audio show relatively smaller effects, 536

suggesting that coarse content type explains much 537

more variance when the evidence is primarily lin- 538

guistic. In text, categories like spell, sound/rhymes, 539

and shape/features stand out, consistent with strong 540

sensitivity to surface-form and descriptive reason- 541

ing demands in Turing-style dialogs. There are also 542

language asymmetries — e.g., world (and lexis) ap- 543

pears stronger in English, while some affective/in- 544

teractional categories (e.g., emotions) look rela- 545

tively stronger in Russian — plausibly reflecting 546

differences in training coverage, lexical resources, 547

and cultural/idiomatic grounding across languages. 548

In Image, category importance is small yet slightly 549

elevated for categories like shape/features (and to 550

a lesser extent sound/rhymes), which plausibly re- 551

flects residual grounding demands tied to describ- 552

ing attributes rather than pure world knowledge. In 553

audio, effects are also tiny and noisier, with faint 554

signals in more form-sensitive categories such as 555

spell/strings/lexis, consistent with speech pipelines 556

(ASR/normalization) reducing orthographic cues 557

and compressing category separability. 558

6 Conclusion 559

This paper introduces the Turing-test Interview Em- 560

ulation (TiE), a novel evaluation framework that 561

7
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Figure 1: Joint Wald χ2 statistics for Turing-imitation category effects estimated by the GLM, shown separately
for audio, image, Russian text, and English text dataset variants (symmetric-log scale). Bars quantify the relative
importance of each imitation facet within a modality; black markers indicate categories with p < 0.05.

Figure 2: Joint Wald χ2 statistics from the fitted GLM for unified question-category effects, stratified by dataset
modality (audio, image, Russian text, English text) and plotted on a symmetric-log scale. Bars indicate the relative
contribution of each category to explaining metric variance within each modality; black markers denote categories
significant at p < 0.05.

Figure 3: Joint Wald χ2 statistics for the main GLM
terms reported separately for audio, image, Russian text,
and English text dataset variants (symmetric-log scale).
Bars summarize each term’s relative importance within
a modality; black markers denote effects significant at
p < 0.05.

adapts the classic Turing test into a structured di- 562

alogue format to assess models as adequate con- 563

versational agents. We propose TiE dataset ver- 564

sions in both text and multimodal formats, exem- 565

plified in English and Russian. Through a compar- 566

ative evaluation of leading LLMs and VLLMs, we 567

validate the framework’s utility and analyze how 568

models perform across diverse categories of “im- 569

itation”. Our work establishes a new assessment 570

paradigm that prioritizes contextual reasoning and 571

pragmatic appropriateness, offering both a method- 572

ological framework and empirical insights into cur- 573

rent model capabilities. 574
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Limitations575

The present study acknowledges several method-576

ological and dataset constraints that warrant con-577

sideration when interpreting the results.578

Constrained Dialog Context The core dataset579

comprises dialogs with a fixed context length of580

500 conversational turns. This finite, bounded con-581

text is a significant limitation, particularly for multi-582

modal analyses, as it does not capture the dynamics583

of open-ended, potentially infinite conversations.584

Structural Homogeneity of the Dataset The di-585

alogues’ formats, diversity, and topical range are586

intrinsically constrained by the dataset’s original587

structure and its underlying “Turing test” imitation588

classes. This may limit the generalizability of find-589

ings to more organic, unstructured, or thematically590

varied conversational contexts in practice.591

Subsampling for Domain-Specific Analysis592

While the dataset’s metadata allows for segmen-593

tation into smaller, topic-specific dialogs (e.g., for594

domain-specific evaluations based on 20-question595

samples), this approach inherently fragments the596

conversational flow. Although the integrity of indi-597

vidual segmented dialogs is preserved, this method598

cannot fully replicate performance in the original,599

longer conversational context.600

Evaluation Constraints The experimental runs601

and benchmark assessments were subject to spe-602

cific technical limitations. These include con-603

straints on the maximum image size processed by604

the multimodal components 11 and the use of a lim-605

ited context window, specifically 5-shot examples,606

for in-context learning evaluations. These factors607

directly influence the model’s performance ceiling608

in the reported experiments.609

Ethical Consideration610

The multimodal data (comprising images, audio611

recordings, and texts) was assembled explicitly612

with the consent of the original authors and con-613

tributors. All data were collected for designated614

research purposes under agreed-upon terms, ensur-615

ing respect for creator rights and autonomy. The616

images used in this study were not indiscriminately617

scraped from the public internet. Instead, they were618

11E.g. MLLMs with image comprehension with 256k con-
text length usually to process all 500 questions of a dialog
require the images to be no more than 300 pixels on the longest
side.

sourced from specific, consented collections, con- 619

tributing to a more controlled and ethically sound 620

dataset. 621

Use of AI-Assisted Tools During the preparation 622

of this work, the authors used DeepSeek, ChatGPT 623

and Grammarly for assistance with translation be- 624

tween Russian and English, as well as for improv- 625

ing grammatical clarity and formatting consistency. 626

After using these tools, the authors reviewed and 627

edited the content as needed and take full responsi- 628

bility for the publication’s content. 629
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A Appendix 881

A.1 Examples 882

An example of the TiE dataset is presented below: 883

• instruction: You are given a dialogue that you 884

need to continue. Considering the dialog context, 885

choose the best answer for the last question. 886

{context} 887

{question} 888

1. {choice1} 889

2. {choice2} 890

Which answer is most correct? 891

• context: How many legs does a human have? 892

Two. 893

• question: And what about an ant? 894

• choice1: Six. 895

• choice2: Also two. 896

• outputs (golden answer): 1 897

An example of the Vision-TiE dataset, the trans- 898

lated to English script of the audio: 899

Initial question. 900

(Sound-effects: owl hooting – 4 times, 901

dog barking – 1 time). 902

GIRL’S VOICE. Chatbot, tell me, is it 903

11
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true that these sounds frighten people?904

(The general meaning of the answer op-905

tions: “No, they inspire,” “People cannot906

hear these sounds,” “People don’t care,”907

“Yes, people are scared by such sounds.”)908

Next question.909

GIRL’S VOICE. And if the owl had910

hooted three times as many times, how911

many reasons to be scared would there912

have been?913

(The general meaning of the answer op-914

tions: “Six,” “Twelve,” “Twenty-two,”915

“Twenty-seven.”)916

An example of the TiE-Vision. *The
answers are the transliteration s from
the Russian (Solnze means Sun).

Q u e s t i o n . Hi ! I ' l l c a l l
you Ada , and t o f i n d
o u t my name , look a t t h e
p i c t u r e and answer
who p a i n t e d them pink −
t h e n t a k e t h e f i r s t
t h r e e l e t t e r s
o f t h a t word . So ,
what ' s my name?
A. Hud
B . So l
C . Mal
D. Zack
Answer . B

A.2 Dataset characteristics917

Not forgetting that The Imitation Game is primar-918

ily a game, in forming the dataset, we focused919

on the ludic aspect of dialogue in the broadest920

Eurocentric sense of play (Huizinga, 1971). The921

involvement of the machine in dialogue or poly-922

logue was designed not only according to the prin-923

ciple of developmental-testing dialogue with chil- 924

dren (Fourtassi, 2023; Hassan et al., 2025), but also 925

akin to the classic absurdist-playful dialogues from 926

Lewis Carroll’s fairy tales. The element of surprise 927

is highly significant for the game within communi- 928

cation patterns, and of all types: from intellectual 929

to courtship12. 930

When selecting tasks for textual tests, we ad- 931

hered to the concept of maximum diversity in top- 932

ics and types of play tasks, along with their con- 933

stant variation, in an attempt to lead the interlocutor 934

into a trap, which is characteristic of playful dia- 935

log (the same condition holds for TiE-Vision and 936

TiE-Audio) 937

Furthermore, in TiE-Audio, we followed not 938

only the principle of selecting maximally unex- 939

pected sound clips for recognition but also of em- 940

bedding them within natural speech situations of 941

their occurrence when writing dialogues. This 942

transforms the recognition of each sound from a 943

simple test ("know"/"don’t know") into a puzzle 944

format for recognizing both the sounding object 945

and the situation of its sound ("if it sounds like 946

this and that one was said before this sound, and 947

those one after, then this is the sound of this kind 948

of objects"). 949

When selecting and grouping actors for voic- 950

ing the dialogues (see Table 4), we followed the 951

principles: 952

• To represent in the total sample the most fre- 953

quent voice types based on acoustic charac- 954

teristics (clear, hoarse, husky, nasal, resonant, 955

guttural, metallic) and speech analogs of all 956

characteristic singing voices (from bass to so- 957

prano); 958

• Not to complicate voice recognition within a 959

dialogue excessively for either a human or a 960

machine (i.e., to ensure auditory consistency 961

within each dialogue by avoiding extreme vo- 962

cal contrasts, such as pairing harsh/guttural 963

voices with a weak, unstable one); 964

• To avoid diction and voice defects (rhotacism, 965

sigmatism, aphonia, etc.); 966

• To provide each voice with conditions natural 967

to it in terms of speech tempo, intonation, etc., 968

for maximum dialogue naturalness; 969

• To present each voice not only in its natural 970

mode but also in a playful mode, where the 971

12The dynamic elements of play mentioned Huizinga
(1971), such as the deliberate creation of obstacles, adornment,
surprise, pretence, tension, etc., all belong to the process of
flirting and wooing.
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dialogue character impersonates someone else972

(a historical figure, a fairy tale or anecdote973

character).974

A.3 Human Baseline details975

Human Baseline was conducted on two platforms:976

TagMe 13, Elementary 14. For each of the four977

datasets, only one dialog of 500 questions was la-978

beled due to the dataset’s design, which (i) limits979

annotators’ capabilities to label the datasets 15, and980

(ii) assures that all dialogs within one dataset are981

constructed following the same methodology and982

category distribution. Each dataset was labeled983

with an overlap of 3 annotators. Concerning Inter-984

Annotator Agreement (IAA):985

• TiE Audio - 0.61986

• TiE Image - 0.64987

• TiE Text Ru - 0.85988

• TiE Text En - 0.98989

A.4 English prompt example990

An example of the TiE Text prompt in
English version of the test.

Choose one of t h e p r o p o s e d
answer o p t i o n s f o r t h e l a s t
q u e s t i o n i n t h e d i a l o g u e
below , and w r i t e on ly t h e
d i g i t 1 o r 2 as your answer .
D i a l o g u e :

How many l e g s does a p e r s o n
have ?
1 . Four
2 . Two
Answer : 2

What a b o u t t h e a n t ?
Answer o p t i o n s :
1 . S ix
2 . Two
Answer :

13tagme.sberdevices.ru
14app.elementary.center
15Each annotator is required to label all 500 questions in a

row.

13

tagme.sberdevices.ru
https://app.elementary.center/


Dlg. Char. Origin Gender Voice Timbre & Quality Prosody & Dynamics Perceptual Features
1 Marina N F Mezzo-soprano, smooth, guttural Strong, deep, narrator mode, fast Loud, crisp, clear
1 Kostya N M Bass-baritone, vibrant, chest-voice Medium, deep, conversational, inconstant Loud, fuzzy, soft, muttering
1 Vova N M Tenor, sharp, nasal Medium, shallow, actor mode, fast Loud, crisp, hard, slightly hoarse
1 Prof. Z. S M Tenor-altino, sharp, nasal, metallic Strong, shallow, mechanical, emotionless, slow Quiet, crisp, hard

2 Alya N F Contralto, smooth, chest-voice Strong, deep, narrator mode, slow Loud, crisp, soft, clear
2 Ilya N M Tenor, sharp, nasal Medium, shallow, actor mode, fast Loud, crisp, hard, nasal
2 Slava N M Tenor, sharp, chest-voice Weak, deep, conversational, inconstant Quiet, fuzzy, soft, hoarse
2 Prof. Z. S M Tenor-altino, sharp, nasal, metallic Strong, shallow, mechanical, emotionless, slow Quiet, crisp, hard

3 Fyodor N M Dramatic tenor, sharp, guttural Medium, deep, conversational, slow Loud, crisp, medium-soft, gurgling
3 Sasha N F Soprano, medium-sharp, laryngeal-nasal Medium, shallow, storytelling, fast Quiet, fuzzy, medium-soft, hoarse
3 Taya N F Coloratura soprano, sharp, laryngeal-chest, shrill Strong, deep, command mode, inconstant Loud, crisp, hard
3 Max N M Lyric tenor, smooth, nasal Weak, shallow, conversational, slow Quiet, fuzzy, soft, clear

Table 4: Voice characteristics per dialogue participant. Dlg. = Dialogue, Char. = Character, N = Natural, S =
Synthetic, M = Male, F = Female.
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