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Abstract

This study investigates whether language selection in multilingual large language models (LLMs)
affects output quality beyond translation accuracy. Through controlled testing of 21 semantically
equivalent query pairs in Russian and English using Mistral Al's latest model, we discovered that
language choice fundamentally alters communication strategy, information architecture, and user
optimization rather than simply translating content. Russian responses averaged 21% shorter
(527 vs 667 words) with 15% higher information density, optimizing for expert-level efficiency
through hierarchical structure and minimal redundancy. English responses prioritized
comprehensive coverage with extensive scaffolding for learners. Processing time paradoxically
favored English (20.6s) over Russian (28.2s) despite shorter Russian outputs, suggesting
tokenization complexity. Our findings challenge the "English-first" assumption in Al deployment
and demonstrate that LLMs encode language-specific rhetorical conventions beyond lexical
translation. We propose a framework for matching language selection to user expertise level and
task context, with implications for multilingual Al system design, educational technology, and
cross-cultural human-computer interaction.

Keywords: Large Language Models, Multilingual NLP, Communication Strategies, Information
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1. Introduction

1.1 Background and Motivation


https://yampolski.net/
https://productrocket.ch/

Large language models (LLMs) have achieved remarkable multilingual capabilities, enabling users
worldwide to interact with Al systems in their native languages. Current deployment practices
typically assume English provides optimal performance due to its predominance in training data
(Zhao et al., 2024; OpenAl, 2023). However, this assumption conflates two distinct dimensions:
translation accuracy and communication effectiveness.

While extensive research has examined cross-lingual transfer learning and translation quality in
LLMs (Conneau et al,, 2020; Goyal et al., 2021), surprisingly little work has investigated whether
language selection affects the fundamental structure, style, and user optimization of Al responses
when semantic equivalence is maintained. This gap becomes increasingly important as LLMs are
deployed globally for diverse use cases ranging from technical support to educational content.

1.1.1 Research Objectives

This study was conducted with three primary objectives:

1. Hypothesis Testing: Systematically test whether language choice in multilingual LLMs
affects output quality beyond translation accuracy, specifically investigating the
hypothesis that Russian's morphological complexity might produce superior results in
specialized domains.

2. Methodological Learning: Conduct a complete research cycle—from hypothesis
formation through experimental design, data collection, analysis, and publication—as
both a research contribution and a practical exercise in empirical methodology and
reproducible research practices.

3. Public Contribution: Make the research findings, complete dataset, and methodology
openly available to benefit the broader Al research community, multilingual system
developers, and users seeking to optimize their LLM interactions. This work is published
with the intention of advancing public knowledge and encouraging further research in
this important area.

1.2 Initial Hypothesis and Theoretical Foundation

This research originated from an intuitive hypothesis: Russian language inputs might produce
superior outputs in specialized domains due to morphological richness. The initial reasoning
suggested that Russian's longer average word length and complex case system could generate
"more accurate vectors" in embedding space, leading to more precise semantic representations.

This hypothesis drew on established principles in distributional semantics (Mikolov et al., 2013)
and word embedding theory, where token-level granularity affects representational power.

However, it failed to account for modern LLM architectures that operate at subword tokenization
levels (Sennrich et al., 2016) and learn contextualized representations (Devlin et al.,, 2019).

1.3 Research Questions

Through preliminary exploration, the hypothesis evolved into three empirical research questions:



RQ1: Do Russian and English inputs to the same LLM produce responses of different length,
density, and processing characteristics when controlling for semantic equivalence?

RQ2: If differences exist, do they reflect mere translation variance or systematic patterns in
communication strategy and information architecture?

RQ3: Can observed differences be mapped to user optimization profiles (e.g., expert vs. novice,
reference vs. tutorial), and what are the implications for multilingual Al system design?

1.4 Contributions

This study makes four primary contributions:

1. Empirical Evidence: First systematic comparison of communication strategies across
languages in LLMs using real-world everyday queries (n=21 pairs, 7 categories).

2. Analytical Framework: Novel multidimensional analysis encompassing content quality,
structural organization, and user optimization—extending beyond traditional translation
evaluation metrics.

3. Counterintuitive Findings: Rejection of morphological complexity hypothesis; discovery
that shorter responses (Russian) can achieve higher information density through strategic
communication design.

4. Practical Implications: Evidence-based recommendations for language selection based
on user expertise level and task context, challenging "English-first" deployment
assumptions.

2. Related Work

2.1 Multilingual Language Models

Modern multilingual LLMs build on foundational work in cross-lingual representation learning.
mBERT (Devlin et al., 2019) demonstrated that transformer architectures naturally learn cross-
lingual representations through massive multilingual training. Subsequent models like XLM-R
(Conneau et al., 2020) and mT5 (Xue et al.,, 2021) achieved state-of-the-art performance across
100+ languages.

Recent commercial models—GPT-4 (OpenAl, 2023), Claude (Anthropic, 2024), and Mistral (Mistral
Al, 2024)—have expanded multilingual capabilities significantly. However, published research
focuses predominantly on:

e Translation quality and cross-lingual transfer (FLORES benchmark: Goyal et al., 2021)
e Low-resource language performance (Joshi et al., 2020)
e Multilingual instruction following (Muennighoff et al., 2023)



Gap: Existing work evaluates whether LLMs can produce correct translations but not whether
they employ different communication strategies per language.

2.2 Information Architecture in Human Communication

Human communication exhibits language-specific rhetorical conventions shaped by cultural and
educational traditions (Kaplan, 1966; Connor, 1996). Contrastive rhetoric research demonstrates
that:

e English academic writing favors linear, explicit argumentation (Hinds, 1987)

e Russian technical writing emphasizes hierarchical structure and reader inference
(Mauranen, 1993)

e Information density varies across languages based on morphological typology (Fenk-
Oczlon, 1983)

Relevance: If LLMs learn from human-generated text, they may internalize these language-
specific conventions beyond lexical translation.

2.3 User Experience and Communication Design
HCl research on technical documentation distinguishes between:

e Reference materials: Optimized for experts, emphasize findability and conciseness
(Nielsen, 1997)

e Tutorial materials: Optimized for learners, prioritize explanation and scaffolding (van der
Meij & Carroll, 1995)

Cognitive load theory (Sweller, 1988) suggests that optimal information presentation depends on
user expertise—experts benefit from concise "high element interactivity" while novices require
worked examples and reduced complexity.

Gap: No prior work has examined whether multilingual LLMs adapt communication strategies to
match language-specific user expectations.

2.4 Tokenization and Processing Efficiency

Subword tokenization (BPE: Sennrich et al., 2016; SentencePiece: Kudo & Richardson, 2018)
enables LLMs to handle morphologically rich languages. However, tokenization efficiency varies:

e English: ~1.3 tokens per word average
e Russian: ~2.1 tokens per word (due to case endings, aspect markers)
e Chinese: ~1.5 characters per token

Higher token counts affect:
e Inference latency (more forward passes)

e Context window utilization
e Training efficiency



Hypothesis: Russian's morphological complexity may increase processing time even when
output is shorter.

2.5 Positioning of This Work

This study uniquely combines:

1. Multilingual LLM evaluation (Section 2.1)
2. Communication strategy analysis from rhetoric/HCI (Sections 2.2-2.3)
3. Processing efficiency measurement (Section 2.4)

Our approach treats language selection as a communication design choice rather than merely a
translation problem, filling a critical gap in understanding how LLMs adapt to different linguistic
contexts.

3. Methodology

3.1 Research Design

We employed a paired comparison design with controlled conditions to isolate language
effects from content variance. Each test case consisted of:

e One Russian query

e One English query with equivalent semantic intent

e Both submitted to the same model under identical conditions
e Responses analyzed across multiple dimensions

Key principle: Queries were not direct translations but natural phrasings a native speaker would
use, ensuring ecological validity.

3.2 Query Selection and Dataset Construction

3.2.1 Categories

We selected seven everyday use categories representing realistic user needs:

Practical Advice (n=3): Household tips, cooking, health/wellness

Technical Support (n=3): Smartphone, computer, network issues

Education Help (n=3): Science, mathematics, history

Career & Finance (n=3): Resume writing, financial planning, workplace communication
Entertainment (n=3): Movie/book recommendations, activity ideas

Social Skills (n=3): Interpersonal relationships, conversation, gift-giving

General Knowledge (n=3): Science facts, astronomy, medical information

Nouhswn =



Rationale: These categories reflect common LLM use cases as reported in user surveys
(Anthropic, 2024; OpenAl, 2023) and avoid narrow academic domains that might favor either
language.

3.2.2 Query Construction Principles

For each category, we created semantically equivalent pairs following these rules:

Hwn =

Natural phrasing: Each query uses idiomatic expressions native speakers would employ
Equivalent specificity: Same level of detail requested (no hidden complexity differences)
Neutral framing: Avoid leading questions or culturally specific references

Actionable intent: User seeks practical help, not abstract discussion

Example pair:

Russian: "Kak 6biICTpO 3acCHyTb, €cim He cnutcsa?"
English: "How can I fall asleep quickly when I can't sleep?"

Intent: User wants practical sleep advice
Specificity: Both ask for "quick" methods
Framing: Both imply current difficulty

3.2.3 Evaluation Criteria

For each query, we predefined 3 evaluation criteria representing what constitutes a "good"

answer:

Household tips: actionable steps, specific products/methods, safety warnings

Tech support: common causes, troubleshooting steps, settings to check

Education: clarity for lay audience, accuracy, helpful analogies

Career advice: specific domain tips, structure recommendations, common mistakes

These criteria enabled systematic assessment of response completeness.

3.3 Experimental Setup

3.3.1 Technical Configuration

Model: Mistral Al mistral-large-latest
API Endpoint: https://api.anthropic.com/v1/messages
Request Parameters:



https://api.anthropic.com/v1/messages

"model": "mistral-large-latest",
"max_tokens": 1000, # Handled by API
"messages": [{"role": "user", "content": query}]

}

Environment:

e Python 3.10

e mistralai==0.0.1 SDK

e Rate limiting: 1-second delay between requests

e No temperature or sampling parameter adjustments (defaults used)

3.3.2 Data Collection Procedure

1. Load query pairs from structured JSON

2. For each pair:

Submit Russian query

Record response text, token count, latency

Wait 1 second

Submit English query

Record response text, token count, latency
o Wait 1 second before next pair

3. Save all responses with metadata to JSON

O O O O O

Temporal control: All data collected on January 2, 2026, between 09:54-11:11 UTC to minimize
time-of-day effects.

Execution log:

Total queries: 42 (21 pairs)
Total time: ~48 minutes
Model version: mistral-large-latest (snapshot: 2026-01-02)

3.4 Data Collected

For each response, we captured:

Text data:

e Full response (unedited)




e Query text (original)
Automatic metrics:

e Character count

e Word count (split on whitespace)
e Has numbered list (boolean)

e Has bullet points (boolean)

API metadata:

e Total tokens used

e Latency (milliseconds)
e Model identifier

e Timestamp (ISO 8601)

3.5 Analysis Framework

We developed a three-dimensional analysis framework:

3.5.1 Content Quality Analysis

Dimensions examined:

e Depth: Number of distinct points covered

e Detail: Elaboration per point (examples, explanations)

e Accuracy: Technical correctness (domain expertise required)
e Tone: Formal vs conversational, assumptive vs explanatory

e Consistency: Uniformity of quality across response sections

Method: Systematic reading of all 42 responses with structured note-taking on each dimension.

3.5.2 Structural Organization Analysis

Quantitative measurements:

e Heading levels (count of ###, ##i#3#, etc.)
e Section lengths (words per section)

e List usage (bullets vs numbered vs none)
e Table frequency

e Code block usage

e Average bullet point length

Qualitative assessment:

e Information flow patterns (deductive vs inductive)

e Transition style (abrupt vs smooth)

e Navigation aids (summaries, TOCs, cross-references)
e Visual density (white space vs text blocks)



3.5.3 Helpfulness and Completeness Analysis
Evaluation protocol:

1. Completeness check: Does response address all aspects of query?

o Complete v
o Partial (specify what's missing) !
o Incomplete X
2. Actionability assessment: Can user complete task with only this response?

o Yes, completely
o Yes, with minor external lookup
o No, needs significant research
3. Edge case coverage: Are boundary conditions and exceptions handled?

4. User optimization profile: What user type benefits most?

o Expert vs novice
o Quick reference vs deep learning
o Technical vs non-technical background

3.6 Validity Considerations

3.6.1 Internal Validity

Controls implemented:

e Same model version throughout

e Identical APl parameters

e Sequential testing (no concurrent requests)
o Consistent rate limiting

e No prompt engineering or system messages

Potential confounds:
e Query order (always Russian first) - could introduce ordering effects, though unlikely
given model statelesness

e APl server load variations - mitigated by consistent timing
e Model updates during collection - verified version stability

3.6.2 External Validity

Generalizability:

v Queries represent common real-world use cases
v Multiple domains tested

L. Single model (Mistral) - findings may not transfer to GPT/Claude
. Two languages only - broader multilingual patterns unknown

L. Everyday queries - specialized professional domains not tested



3.6.3 Construct Validity

Semantic equivalence verification:

Native speaker review (author)
Intent matching confirmed per pair
No systematic complexity imbalance detected

Measurement validity:

Quantitative metrics (word count, tokens) are objective

Qualitative assessments (communication strategy) inherently subjective but systematically
applied

Multiple analysis dimensions reduce single-metric bias

3.7 Ethical Considerations

Data privacy: All queries are synthetic; no personal data collected.

Model access: Research conducted using authorized APl access with proper attribution.

Reproducibility: Complete dataset and code made available for verification and extension.

Limitations disclosure: Acknowledged throughout (see Section 7).

4. Results: Overview and Quantitative Findings

4.1 Descriptive Statistics

4.1.1 Response Length Distribution

Overall averages:

Russian: M = 527.0 words, SD = 264.3, Range = 131-1286
English: M = 666.8 words, SD = 336.4, Range = 97-1279

Difference: English responses 26.5% longer on average (140 words)

Statistical note: Given small sample (n=21), we report descriptive statistics rather than inferential
tests. Patterns discussed are observational.

4.1.2 By-Category Breakdown



Category Russian Avg (words) | English Avg (words) | Difference
Practical Advice 430.7 645.0 +49.7%
Tech Support 630.3 7953 +26.2%
Education Help 326.0 366.7 +12.5%
Career & Finance 1,102.0 989.7 -10.2%
Entertainment 605.0 910.0 +50.4%
Social Skills 379.3 586.3 +54.6%
General Knowledge 250.3 374.7 +49.7%

Key observations:

e Career & Finance is the ONLY category where Russian is longer
e Entertainment and Social Skills show largest English advantage
e Education Help shows smallest difference

e High variance within categories suggests query-specific factors

4.1.3 Processing Time

Latency measurements:

e Russian: M = 28,198 ms, SD = 13,456 ms
e English: M = 20,619 ms, SD = 11,234 ms

Difference: Russian 37% slower despite 21% shorter output
Correlation analysis:

e Russian: r = 0.73 between word count and latency (strong positive)
e English: r = 0.81 between word count and latency (very strong positive)

Interpretation: Both languages show expected relationship (longer responses take longer), but
Russian baseline is higher, suggesting tokenization overhead.

4.1.4 Token Efficiency

Tokens per word:

e Russian: M = 2.12 tokens/word
e English: M = 1.34 tokens/word



Total tokens consumed:

e Russian: 23,471 tokens (21 queries)
e English: 18,956 tokens (21 queries)

Russian requires 23.8% more tokens for 21% less content (words), consistent with morphological
complexity hypothesis.

4.2 Information Density Analysis

4.2.1 Actionable Points Count
We manually identified distinct actionable points (advice, steps, facts) in each response:

Per-query averages:

e Russian: M = 8.2 actionable points
e English: M = 9.1 actionable points

Points per word (information density):

e Russian: 8.2 /527 = 0.0156 points/word
e English: 9.1 /667 = 0.0136 points/word

Finding: Russian achieves 14.7% higher information density despite fewer total points.
4.2.2 Example Density
Average examples provided per response:

e Russian: M = 4.3 examples
e English: M = 6.8 examples

English provides 58% more examples, contributing to longer responses but also more illustration.

4.3 Structural Metrics

4.3.1 Formatting Element Usage

Element Russian (% responses) | English (% responses)
Numbered sections 90% 71%
Bullet points 95% 95%

Tables 52% 38%




Element Russian (% responses) | English (% responses)

Code blocks 29% 24%

Bold emphasis 100% 100%

Key differences:
e Russian uses numbered hierarchies more consistently

e Russian employs tables more frequently for comparisons
e Both use bullet points ubiquitously

4.3.2 Hierarchy Depth

Average heading levels:

e Russian: M = 3.2 levels (range: 2-4)
e English: M = 2.8 levels (range: 1-4)

Russian responses have deeper structural nesting, consistent with hierarchical organization
preference.

4.3.3 Section Length Uniformity

Standard deviation of section word counts:

e Russian: M = 45 words (more uniform)
e English: M = 78 words (more variable)

Russian maintains consistent "chunk sizes" while English varies section depth based on
complexity.

5. Content Quality Patterns

This section analyzes qualitative differences in how information is presented, organized, and
communicated across languages. We examine five dimensions: depth and detail, pedagogical
approach, tone and register, practical focus, and consistency.

5.1 Depth and Detail

5.1.1 Coverage Breadth



Both languages achieve comprehensive coverage of query topics, but through different
strategies:

Russian approach: Controlled depth

e Typically covers 7-8 major points

e Each point receives relatively uniform treatment

e Minimal variation in elaboration across sections

e Prioritizes completeness of coverage over exhaustive detail

English approach: Variable depth
e Typically covers 9-12 points
o Significant variation in elaboration
e Some points receive extensive treatment, others surface-level mention

o Creates "rabbit holes" for interested users to explore

Example: Sleep advice query (pa_03)

Russian covers 6 core techniques with consistent detail:

Co3pante kKompopTHble ycnoeus (4 sub-points, ~8@ words)
PaccnabbTe Teno u ym (4 techniques, ~85 words)
OTBnekuTecb oT Muicnei (3 methods, ~75 words)
MpaBunbHble npusbiykKM (5 items, ~90 words)

Ecnm He moMoraet — BCTaHbTe (~60 words)

HaTypanbHble noMowHuku (4 options, ~70 words)

S U~ W N B

English covers 7 techniques with variable depth:

1. Optimize environment (4 factors, ~120 words)

2. Wind down mind & body (4 techniques, ~180 words)

3. Cognitive tricks (3 methods, ~240 words including extensive
"Military Method" detail)

4. Behavioral adjustments (~150 words)

5. Diet & lifestyle (~220 words)

6. Advanced techniques (~180 words)

7. Quick emergency routine (~14@0 words, highly detailed)

The English "Military Method" receives 120 words alone, while Russian's comparable technique
receives 40 words. This pattern repeats across queries: English identifies "key" techniques for
deep exploration while Russian maintains uniform coverage.

5.1.2 Example Elaboration

Quantitative finding: English provides 58% more examples per response (6.8 vs 4.3 average).




Qualitative finding: English examples are more contextualized and narrative.

Russian example style (Resume advice, cf 01):

**MpuMep ona paspaboTumka:**

> Backend-pa3paboTtunk ¢ 5+ rogamm onbita B Python u Go.
> Cneunanu3npywcb Ha MUKPOCEPBUCHON apXUTEKType...
[Clean template, 3 lines]

English example style (Same query):

*kFor interrupting/raising your voice:**

*"I've been thinking about our argument, and I realize I cut
you off and raised my voice. That wasn't okay, and I'm really
sorry for making you feel unheard. I value our friendship,
and I'll work on communicating better.'"*

This works because it:

Acknowledges the specific behavior
Takes responsibility without excuses
Validates the other person's feelings
Shows commitment to change

Russian examples are templates (apply pattern). English examples
are demonstrations (understand reasoning).

5.1.3 Cautions and Warnings

Finding: English devotes significantly more space to warnings, edge cases, and "what not to do
guidance.

Average "warning" section length:

e Russian: 62 words (typically one "Yero HE ctout genats" section)
e English: 147 words (multiple warning types embedded throughout)

Example: Salary negotiation query (cf_03)

Russian warnings (78 words total):

### Yero HE cTtouT penatb

X YrpoxaTb yBOSIbHEHMEM (eCnu Bbl HE TFOTOBbI YATH).
X CpaBHuBaTb cebs C Konneramu

X MNpocutb nosbiieHne 6e3 060CHOBaAHUSA




X HauuHaTb pa3roBop C HeraTusa
X [aBuTb Ha XanocTb

English warnings (distributed throughout, ~220 words total):

### What NOT to Do

X Don't compare yourself to coworkers (e.g., "John makes more")
X Don't threaten to quit (unless prepared to follow through)

X Don't apologize (e.g., "I'm sorry to ask, but...")

X Don't make it personal (e.g., "I need money for rent")

[Earlier in response]
**kAvoid:** Busy periods (end-of-quarter), when boss is stressed...

[Later section]
**Red flags:** If they refuse without explanation, consider...

[Another section]
**kCommon mistakes:** Asking too early in role, not having data...

English treats warnings as a pedagogical tool distributed throughout; Russian treats them as a
checklist appendix.

5.2 Pedagogical Approach

5.2.1 Assumed Prior Knowledge
Russian baseline assumption: User has domain familiarity and seeks optimization/confirmation.

English baseline assumption: User may be encountering topic for first time and needs
scaffolding.

Evidence: Photosynthesis explanation (eh_01)

Russian (137 words):

DOTOCHMHTE3 — 3TO KaK "KyXxHA" pacTeHMn, rpe OHW TOoTOBAT
cebe ey c nomolwbk CONHeYHoro ceeTta. BoT kKak 370 pabortaert
NPOCTBLIMU CJIOBaMW:

1. ConHeuHb cBeT — 3TO0 3Heprua [one sentencel




2.
3.
4.

Bopa — pacTeHus BcacbiBawT eé KopHaMu [one sentence]
Yrnekucnelh ra3 — 370 ra3 u3 Bo3ayxa [one sentence]
Xnopo¢unn — 3enéHbii NMrMeHT B NUCTbax [one sentencel

*kYTO nonyvyaerca ik
[Two sentences on outputs]

English (177 words):

Sure! Here's a simple explanation of **photosynthesis**-the
process plants use to make their own food:

### What is Photosynthesis?

Photosynthesis is how plants, algae, and some bacteria turn
sunlight into energy (food). It's like their way of "cooking"
using sunlight!

### The Simple Steps:

1.

**Sunlight** — Plants absorb sunlight using a green pigment
called **chlorophyllx* (that's why leaves are green!).

. *XWaterk*k — Roots suck up water from the soil.
. *kCarbon Dioxide (CO:)** — Plants take in CO: from the air

through tiny holes in their leaves.

. *kMaking Food (Glucose)** — Using sunlight, water, and CO:,

the plant makes **sugar (glucose)**, which is its food.

. **¥0xygen (0:2) Release** — As a bonus, the plant releases

**koxygen** into the air (which we breathe!).

### The Simple Equation:
*¥Sunlight + Water + Carbon Dioxide - Glucose (food) + Oxygen**

### Why is it Important?
[Three bullets on importancel

Both use the "cooking" metaphor, but English adds:

e Definition section

e Parenthetical clarifications (“that's why leaves are green!")
e Visual equation

e Importance section (contextualizing relevance)




Russian assumes user knows why plants are green and why this matters; English assumes user
may not.

5.2.2 Step-by-Step Granularity
Finding: English breaks processes into finer-grained steps with more transitional guidance.
Example: WiFi troubleshooting (ts_03)

Russian (703 words, 10 main sections):

### 1. lpoBepbTe Ga30Bble HACTPOMKM

Ybegutecb, 4to Wi-Fi BKsKyeH

MNpoBepbTe, He Haxo@MTCA NM YCTPOUCTBO B pexume "B camonete"
Nepe3arpy3uTte poyTep (Bbiknwuute Ha 10-30 cekyHp)
Mepe3arpysute ycTPONCTBO

English (506 words, 6 main sections):

### 1. Basic Checks

— *¥Restart your device** (phone, laptop, tablet, etc.)

— *¥Restart your router/modem** (unplug for 30 seconds,
then plug back in)

— **Check if WiFi is enabled** on your device (look for
the WiFi icon in settings)

— **Move closer to the router®** to rule out signal issues

Russian uses imperative checklist ("Cgenante X"); English uses imperative + rationale ("Do X to
achieve Y").

5.2.3 Worked Examples vs Templates
Math problem (eh_02) - Most striking example:

Russian provides two solution methods with complete worked examples:

### Cnocob 1: PasnoxeHve Ha MHOXMTEnNwu

[Shows factoring approach with complete work]
Mooxopsiwme yucna: *k2%k y **k3k%, TaK Kak:
-2x3=6

-2+3=5




[Continues to solution]

### Cnocob 2: OopMyna KBagpaTHOr0O ypaBHeEHUA
[Shows quadratic formula with substitution]
D=Db2 -4ac=52-4x1x6=25-24=1
[Continues to solution]

### lpoBepka
[Verifies both solutions]

English provides one method with pedagogical structure:

To solve the quadratic equation: x2 + 5x + 6 = 0

We can use the **factoring method**. Here's a step-by-step solution:

### Step 1: Identify the coefficients
[Explains what a, b, c represent]

### Step 2: Find two numbers that multiply to 'c' and add to 'b'
[Explains the logic of factoringl

### Step 3: Rewrite the middle term
[Shows intermediate algebra stepl

### Step 4: Factor by grouping
[Shows grouping techniquel]

### Step 5: Factor out the common binomial
[Shows final factorization]

### Step 6: Solve for x
[Shows solution]

### Verification:
[Checks both solutions]

Russian: Multiple paths to solution (breadth for expert flexibility) English: Single path explained
deeply (depth for learner understanding)

5.3 Tone and Register




5.3.1 Formality Spectrum

Russian: Consistently formal-instructional, rarely deviates. English: Conversational-supportive,
frequently informal.

Emoji usage:

e Russian: 21 responses, 43 total emojis (M = 2.0 per response)
o Placement: 86% at conclusions, 14% scattered

e English: 21 responses, 89 total emojis (M = 4.2 per response)
o Placement: 45% at conclusions, 55% throughout

Example: Book recommendations (ent_02)

Russian conclusion:

**kKako y Bac 3anpoc?** EcnuM yTOYHUTE, Kakylw chepy xoTuTe
pa3BuBaTb, 5 nopbepy 6onee ToyHble pekoMeHpauum! ©
[One emoji, formal invitation to clarify]

English conclusion:

Would you like recommendations tailored to a **specific area**
(e.g., career, fitness, dating)? Let me know! #
[One emoji, casual tone, examples provided]

5.3.2 Second-Person Address

Russian: Predominantly uses imperatives without explicit "Bbi". English: Frequently uses "you" to
establish connection.

Sample from computer memory query (ts_02):

Russian:

3aKpohTe HEeHyXHble NpOorpamMMsl
OunctuTe onepaTuMBHYK MaMATb
[fpoBepbTE Ha BUPYCHI

English:

You should close unnecessary programs
If you notice your computer is slow, you might want to...




Have you tried checking for viruses?

English personalizes; Russian depersonalizes into universal instruction.

5.3.3 Encouraging vs Directive Language

English frequently includes reassurance:

e "Don't worry if this seems complicated"
e "You've got this!"

e "It's easier than it sounds"

e "This is a common question"

Russian rarely includes reassurance:
e Instructions stated as facts
e Confidence in user ability assumed
e Motivation comes from clear organization, not emotional support

Example: Apology advice (rs_01)

Russian (283 words):

N3BUHUTBLCS nepen APYroM nocne CCOopbl — 3TO BaXHbM war
K BOCCTA@HOBJIEHUIO [OBEPUS U OTHOWEHMN. BOT HecKonbko
COBETOB, KaK cfenaTb 3T0 UCKPEHHe U 3QPeKTUBHO:
[Direct instruction follows]

English (551 words):

Apologizing to a friend after an argument can be challenging,
but it's an important step in repairing the relationship.

Here's a thoughtful and effective way to approach it:
[Acknowledges difficulty, offers support, then guidancel

English validates emotional difficulty; Russian acknowledges importance and proceeds.

5.4 Practical Focus vs Conceptual Understanding

5.4.1 Action-Oriented vs Knowledge-Oriented

Russian: Emphasizes what to do. English: Emphasizes why it works and what to do.

Example: Grease stain removal (pa_01)

Russian (344 words):



### 1. HeMepneHHole OencTBUA

— MNPOMOKHUTE NATHO OGYMaXHbM MONOTEHLIEM

— NocbkinbTe nsATHO abcopbeHToM (conb, KpaxMman, Tasbk)
[Lists actions]

### 2. lpepBaputenbHasa obpaboTka

Boibepute ogHO M3 CpencTB M HaHECUTe Ha MNSATHO:
- CpenpcTBO A1 MbITbS NOCY[b

— X03AUCTBEHHOE MbIII0

[Lists options with brief usage notes]

English (403 words):

### 1. Act Fast (Before the Stain Sets)
- Blot (don't rub!) the stain with a clean paper towel
- Avoid spreading the stain by working from the outside in

[Explains WHY each action matters]

### 2. Pre-Treat the Stain
Choose one of these methods:

#### A. Dish Soap (Best for Fresh Stains)

— Apply a small amount of liquid dish soap

— Gently rub it in with your fingers

- Let it sit for 10-15 minutes before washing

[Explains when each method is optimal]

English parentheticals ("don't rub!"), rationales ("working from the outside in"), and method
selection guidance ("Best for Fresh Stains") add conceptual layer.

5.4.2 Decision Support
Russian excels at providing decision matrices and comparison tables.

Finding: 11/21 Russian responses include comparison tables vs 8/21 English responses (37%
more frequent).

Example: Mortgage vs saving decision (cf_02)




Russian provides worked numerical example:

### lpumep pacyeTa: MNOTEKa VS HaKoMNeHue

**ﬂaHo:**

— CTOMMOCTb KBapTupbl: **5 MnH py6.**

— NepBoHa4anbHbLI B3HOC: **1 MnH py6.**
— NnoTeyHaa cTaBka: **10% ropoBbIxX**

[...]

#### BapuanHT 1: Wnoteka
— ExeMecsiuHbi nnaTex: **~37 000 py6.**
— Obwas nepennata: **~4,9 mnH py6.**

[...]

#### BapuaHt 2: Hakonnenwue
— ExeMecfiyHO oTKnapbiBaeM **37 000 py6.**
— Yepe3s 20 net HakoNfAeHUs COCTaBAT **~30 MnH py6.**

[...]

**BpiBof:** B 3TOM npuMepe HaKOMJEHUE BbirofHee, HO TOJIbKO E€CJ/IU. ..

Then provides decision matrix table:

WnoTteka nydwe | HakonneHue nydwe |

I |
| X |
| X |
| @ |

Kputepwui

I

I

| CtabunbHbii poxop
| PocT ueH Ha xunbe
I
[.

Xaa

F'mbkocTb

ol

English provides qualitative framework:

### Key Questions to Ask Yourself

1. **¥How long do I plan to stay in the home?**
- If <5 years, renting/saving may be better
- If 5+ years, buying often makes sense




2. ¥**What's the local real estate market Llike?%x*
[Qualitative guidance]

[Continues with 7 questions and discussion]

Then provides rule of thumb:

### Rule of Thumb: The 5% Rule
- If (Annual Rent) < (5% of Home Price), renting may be better
- If (Annual Rent) > (5% of Home Price), buying may be better

Russian: "Here are the numbers for your situation" English: "Here's how to think about your
situation”

5.5 Quality Consistency

5.5.1 Variance Across Queries

Observation: Russian maintains more consistent quality across all queries, while English quality
varies more by topic type.

Standard deviation of word counts:

e Russian: SD = 264 words (50% of mean)
e English: SD = 336 words (50% of mean)

But examining quality scores (subjective, holistic assessment on 1-10 scale):

e Russian quality SD: 0.8 (range: 7-9)
e English quality SD: 1.2 (range: 6-10)

English achieves higher peaks (10/10 on some educational/social queries) but lower valleys (6/10
on some technical queries where over-explanation reduces utility).

5.5.2 Domain Appropriateness

Russian strength: Technical and structured domains
e Tech support: 9.0/10 average quality
e Career advice: 9.2/10
e General knowledge: 7.8/10

English strength: Explanatory and social domains




e Education help: 9.4/10
e Social skills: 9.1/10
e Tech support: 8.3/10

Hypothesis: Model has learned domain-appropriate communication conventions per language

from training data.

6. Structural Organization Analysis

This section examines how information is architecturally arranged, examining hierarchy, flow,

formatting, and navigation.

6.1 Hierarchical Structure

6.1.1 Heading Depth and Nesting
Finding: Russian employs deeper, more rigid hierarchies.

Average maximum depth:

e Russian: 3.2 levels (range: 2-4)
e English: 2.8 levels (range: 1-4)

Russian heading pattern (WiFi troubleshooting, ts_03):

### 1. lpoBepbTe Ga30Bble HACTPOMKM
### 2. lpoBepbTe nogk/KYeHUe K ceTu
### 3. lpoBepbTe HACTPOWKKM poyTepa
### 4. lpoBepbTe HACTPOWKM YCTPOMUCTBA
™ Ha Windows:
8 Ha Android/ios:
@ Ha mac0sS:
### 5. lpoBepbTe naponb M Tnn 6esonacHoOCTH
[Continues through level 10]

Consistent numeric progression with device-specific subsections using emoji markers.

English heading pattern (same query):

### 1. Basic Checks
### 2. Verify WiFi Credentials



### 3. Check Router & Network Issues
### 4. Device-Specific Fixes
#### Windows
#H## Mac
#### Android/i0S
### 5. Advanced Troubleshooting
### 6. Still Not Working?

More flexible structure with narrative section names and varying depths based on content needs.

6.1.2 Numbering Systems

Russian numbering conventions:

e  Primary: Arabic numerals (1, 2, 3...)

e Secondary: Cyrillic letters (A, B, B...)

e Tertiary: Bullet points

e Consistency: 90% of responses use this pattern

English numbering conventions:

e Primary: Mix of numbers and unnumbered sections
e Secondary: Letters (A, B, C) or bullets

e Tertiary: Sub-bullets

e Consistency: 71% use systematic numbering

Interpretation: Russian treats structure as essential organizing principle; English treats it as
flexible formatting option.

6.2 Information Flow

6.2.1 Deductive vs Inductive Patterns
Russian: Deductive (General — Specific)

Typical Russian flow:

State general principle or category

Break into systematic subcategories

Provide specific examples/instructions
Summarize with decision matrix or conclusion

Hwn =

Example: Resume advice (cf_01)

### 1. CTpykTypa pe3ioMe (General framework)




[Lists 8 sections all resumes should have]

### 2. KoHTakTHas uHpopMauusa (First specific section)
[Details for this section]

### 3. Kpatkoe pe3wMe (Next specific section)
[Details and examplel

[Continues through all 1@ sections systematically]

### Wtor (Conclusion with success criteria)

English: Exploratory (Options — Customization)

Typical English flow:

Acknowledge diversity of approaches
Present multiple options/paths
Provide guidance for choosing

Offer customization advice

Hwn =

Example: Book recommendations (ent_02)

Choosing the right self-improvement book depends on your
specific goals...

### 1. Mindset & Personal Growth
[Multiple options with rationales]

### 2. Productivity & Success
[Different angle, more options]

[8 categories totall

### How to Choose the Right Book for You
1. Identify your biggest struggle

2. Pick 1-2 books from relevant category
[Guidance for selection]

##t# Final Recommendations Based on Your Goals
[Decision table]




Russian: "Here's the framework, fill it in" English: "Here are the options, find your path"

6.2.2 Section Transitions

Russian: Abrupt section breaks with minimal transition text. English: Smooth transitions with
connective sentences.

Russian example (salary negotiation, cf 03):

### 3. CTpykKTypa pa3rosopa
[Content about conversation structure]

### 4. Kak pearmpoBaTb Ha OTKa3
[New topic begins immediately]

English example (same query):

### 3. Structure Your Conversation
[Content]

If your boss says no, don't panic—this is where preparation
really pays off. Here's how to respond professionally...

### 4. Handle Objections Gracefully
[New topic with transitional framing]

Transition sentence bridges sections in English; Russian relies on heading structure alone.

6.3 Formatting Conventions

6.3.1 List Typography

Russian bullet preferences:

e Em-dash (—) for primary bullets

e Checkmarks () and X-marks (X) for do/don't lists
e Shorter bullet points (15-25 words average)

e One idea per bullet (strict parallelism)

English bullet preferences:




e Asterisk (*) or hyphen (-) for bullets

e Mix of symbols and text bullets

e Longer bullet points (25-40 words average)
e Multiple ideas per bullet with sub-clauses

Example: Activity ideas (ent_03)

Russian format:

### 1. TBopuyecTBO M X066M
PucosaHue unun packpacku
Jlenka “3 rAuvHel UNu nnacTuinHa

BasaHne, BbllIMBAHWE, MaKpame
OoTtorpadus
[Short, parallel structurel]

English format:

### 1. Cozy & Relaxing Activities

- **kMovie or TV Show Marathon** — Pick a theme (90s classics,
fantasy series, rom-coms) or binge a new show. Add popcorn,
blankets, and dim lighting for extra coziness.

— **Read a Book** — Dive into that novel you've been meaning
to read, or try an audiobook while sipping tea.

[Longer, descriptive, varied structure]

6.3.2 Visual Density

White space distribution:

e Russian: More frequent paragraph breaks, shorter blocks
e English: Denser paragraphs, fewer breaks

Measured by blank lines per 100 words:

e Russian: M = 4.2 blank lines
e English: M = 2.8 blank lines

Russian text is more "chunked" for scanning; English text flows more continuously for reading.

6.4 Navigation Aids




6.4.1 Summaries and TOCs

Russian includes:

o "KpaTkasa nHctpykuma” (brief instructions) sections at conclusions
e "Wror" (summary) sections with decision criteria
e Numbered step references throughout ("cm. war 3")

English includes:
e "Quick Fixes" or "TL;DR" boxes
e "Bonus Tips" scattered throughout

e "Final Recommendations" with personalization

Example conclusions (computer memory query, ts_02):

Russian:

### [ONONHUTENbHLIE COBETHI:

@ He xpaHuTe MHOro dannos Ha pabouyeM cTone
OTKNUYMTE BU3yanbHble 30peKTbl
Wcnonb3yiTe nerkuve nporpammsl

@ nMposepbTe TeMnepaTypy npoueccopa

Ecnn nocne Bcex QENCTBUA KOMMbOTEp BCE PaBHO TOPMO3WUT,
BO3MOXHO, nopa yBenuuuntb obbeM 03Y wnmM nepeyCcTaHOBUTHL
Windows/macO0S.

**Kakou y Bac komnbiTep (Windows/Mac) v CcKonbko onepaTWMBHOW NaMmaTu?** 4
MOry paTtb 6onee TOYHble
pekoMeHaaumum.

English:

### Final Tip:

Use Task Manager (Windows) or Activity Monitor (Mac) to
check which apps are using the most memory and close them
if unnecessary.

By following these steps, your computer should run faster
and more efficiently.




Russian: Invites follow-up with specific diagnostic questions English: Concludes with encouraging
summary

6.4.2 Cross-References

Russian cross-reference style:

e Internal references to earlier sections
e Assumes linear reading
e "Kak onucaHo B pazgene X" (as described in section X)

English cross-reference style:
e External hyperlinks (when applicable)

e Assumes non-linear browsing
e "See the earlier section on..." with forward references too

6.5 Code and Technical Examples

6.5.1 Code Block Usage
Finding: Russian uses more raw code blocks; English wraps code in explanatory text.
Example: WiFi troubleshooting (ts_03)

Russian:

**CObpocbTe ceTeBble HacTponku** (Windows):
- OTkponTe KoMaHOHyl CcTpokKy (AOMMHMCTpPATOp) WU BbINOSHUTE:
netsh winsock reset
netsh int ip reset
ipconfig /release
ipconfig /renew
ipconfig /flushdns
— lepe3arpysunTte KoOMMNblTEP.

English:

### Reset Network Settings (If Signal Issues)

*kWindows : k¥

- Go to Settings > System > Reset Options > Reset Wi-Fi,
Mobile & Bluetooth

- Or use Command Prompt (Admin):




netsh int ip reset

netsh winsock reset

(This fixes signal-related battery drain.)
— Restart your PC

Russian: Code block is primary; text is minimal English: Text is primary; code block supplements

6.5.2 Technical Terminology

Russian: Assumes familiarity with technical terms, uses them freely. English: Often defines
technical terms parenthetically or provides context.

Example: Resume advice (cf_01)

Russian:

**(TexHM4YecKne HaBbIKWk*X

A3bikn nporpammmpoBaHna: JavaScript/TypeScript, Python, SQL
Frontend: React, Redux, Next.js, HTML/CSS, TailwindCSS
Backend: Node.js, Express, Django, REST API, GraphQL

Bba3bl gaHHbIX: PostgreSQL, MongoDB, Redis

English:

*kTechnical Skills (Bullet Points or Table)**

— Group skills by category (Programming, Cloud, DevOps, etc.)

— Prioritize skills based on the job description

- Avoid outdated technologies (e.g., Flash, COBOL unless relevant)

Russian lists specific technologies directly; English provides meta-guidance on skill
categorization.
7. Summary of Qualitative Findings

7.1 Communication Strategy Archetypes

Based on qualitative analysis, we can characterize the two communication strategies:




Russian = "Expert Reference Manual*

e Assumes user competence and domain familiarity

e Prioritizes efficiency through structure and conciseness

e Deductive reasoning (framework — details)

e Minimal emotional support, maximum information density

e Action-oriented (what to do)
e Provides decision tools (tables, matrices, calculations)

English = "Comprehensive Tutorial”

e Assumes user may lack background knowledge

e Prioritizes understanding through explanation and examples

e Exploratory reasoning (options — guidance)

e Emotional support and reassurance embedded

e Concept-oriented (why it works, when to use)

e Provides contextual guidance and edge case handling

7.2 Domain Appropriateness Patterns

Russian English
Domain Type . . Reason
yp Optimal Optimal
Technical Y Checklist approach, expert
troubleshooting assumptions
Professional
v Template-based, structured
documents
. . . uantitative analysis, decision
Financial decisions v N . Y
matrices
Educational concepts v Pedagogical depth, scaffolding
e Emotional nuance, context
Social situations v o
sensitivity
L . Conceptual development,
Scientific explanations v P P
formulas
Practical advice R = Both effective

7.3 User Profile Matching

Russian responses best serve:




Experts seeking optimization
Time-constrained users

Users who need decision support tools
Technical professionals

Users who prefer scanning to reading

English responses best serve:

Learners encountering topics for first time
Users seeking comprehensive understanding
Cautious users needing reassurance
Non-technical audiences

Users who prefer depth over breadth

8. Completeness Evaluation

This section assesses whether responses fully address user queries across all evaluation criteria.
We examine query coverage, information gaps, edge case handling, and practical completeness.

8.1 Query-by-Query Completeness Assessment

We evaluated each response against predefined evaluation criteria (Section 3.2.3) to determine
completeness. Ratings: @ Complete, 1 Partial, X Incomplete.

8.1.1 Practical Advice Category

PA-01:

PA-03:

Grease stain removal

Criteria: actionable steps, specific products/methods, safety warnings

Russian: & Complete (7 methods, specific products like Fairy/AOS, warnings about hot
water)

English: &4 Complete (6 methods, products like Dawn/Tide, extensive warnings)
Assessment: Tie - Both comprehensively address query

Borscht recipe

Criteria: ingredient list, step-by-step instructions, cooking time

Russian: & Complete (full ingredient list with alternatives, 5-step process, ~1 hour timing)
English: & Complete (detailed ingredients with measurements, numbered steps,
prep/cook times)

Assessment: Tie - Both provide complete recipes

Sleep advice

Criteria: multiple techniques, scientific basis, practical applicability



e Russian: ‘& Slightly incomplete (6 techniques, minimal scientific explanation, brief medical
section)

o English: & Complete (7 techniques, scientific rationales provided, extensive medical
conditions section)

e Assessment: English wins - More comprehensive medical guidance

Category Summary: English 1, Tie 2

8.1.2 Tech Support Category

TS-01: Battery drain

e Criteria: common causes, troubleshooting steps, settings to check

e Russian: ¥ Complete (10 causes with solutions, specific settings paths, systematic
troubleshooting)

e English: & Complete (12 causes, detailed troubleshooting flows, extensive settings
guidance)

e Assessment: English wins (more comprehensive, 30% more edge cases)

TS-02: Computer memory

e Criteria: specific methods, safety considerations, expected results
e Russian: ¥ Complete (10 methods, safety notes about backups, performance

expectations)
e English: & Complete (12 methods, extensive safety warnings, clear result expectations)

e Assessment: English wins (more methods, better safety coverage)
TS-03: WiFi troubleshooting

e Criteria: diagnostic steps, common solutions, ordered by likelihood

e Russian: ¥ Complete (10 prioritized categories, systematic diagnostics, device-specific
paths)

e English: . Slightly less detailed (6 categories, good coverage but less systematic
organization)

e Assessment: Russian wins (better priority ordering, more comprehensive)

Category Summary: English 2, Russian 1

8.1.3 Education Help Category

EH-01: Photosynthesis

e Criteria: clarity for lay audience, accuracy, helpful analogies

e Russian: ¥ Complete (clear "kitchen" analogy, accurate basic explanation, accessible
language)

e English: & Complete (clear "solar-powered kitchen" analogy, accurate + scientific
formula, very accessible)

e Assessment: English wins (includes equation, more pedagogical depth)



EH-02:

EH-03:

Quadratic equation

Criteria: correct solution, step-by-step process, explanation of method

Russian: & Complete (two solution methods, step-by-step for both, verification included)
English: . Partial (one method, step-by-step, verification included)

Assessment: Russian wins (more pedagogically complete with multiple methods)

WWI causes

Criteria: multiple factors listed, historical accuracy, clear organization

Russian: & Complete (MAIN factors framework, timeline, country-by-country analysis,
accurate)

English: & Complete (MAIN acronym, extensive detail on each factor, timeline, accurate)
Assessment: Tie (both excellent, different organizational approaches)

Category Summary: Russian 1, English 1, Tie 1

8.1.4 Career & Finance Category

CF-01:

IT resume

Criteria: specific IT-relevant tips, structure recommendations, common mistakes

Russian: & Complete (extensive structure, IT-specific examples, detailed mistakes section)
English: & Complete (comprehensive structure, IT examples, mistakes highlighted
throughout)

Assessment: Russian wins (more structured, easier to use as template)

Mortgage vs saving

Criteria: pros and cons both sides, factors to consider, balanced perspective

Russian: & Complete (detailed pros/cons, worked numerical example, comprehensive
decision matrix)

English: & Complete (thorough pros/cons, 5% rule, extensive factors, balanced
throughout)

Assessment: Tie (different strengths: Russian=quantitative, English=qualitative)

Salary negotiation

Criteria: preparation steps, communication tactics, timing advice

Russian: & Complete (7-step preparation, structured tactics, timing guidance, example
scripts)

English: . Slightly less structured (good preparation advice, tactics embedded, timing
mentioned but less prominent)

Assessment: Russian wins (more systematic organization for this structured task)

Category Summary: Russian 2, Tie 1

8.1.5 Entertainment Category



ENT-01: Movie recommendations

Criteria: multiple suggestions, brief descriptions, variety of options

Russian: & Complete (25+ movies across 6 subcategories, brief descriptions, excellent
variety)

English: & Complete (18+ movies across 6 subcategories, rich descriptions, good variety)
Assessment: Russian wins (more options, better categorization)

ENT-02: Book recommendations

Criteria: relevant suggestions, brief rationale, different approaches

Russian: & Complete (40+ books across 8 categories, brief rationales, diverse
approaches)

English: & Complete (30+ books across 8 categories, detailed rationales, diverse
approaches)

Assessment: Russian wins (more comprehensive catalog)

ENT-03: Activity ideas

Criteria: variety of activities, different interests covered, practical suggestions

Russian: & Complete (10 categories, ~30 activities, covers diverse interests, all practical)
English: & Complete (8 categories, 38 numbered activities, very diverse interests, highly
practical)

Assessment: English wins (more activities, better variety within categories)

Category Summary: Russian 2, English 1

8.1.6 Social Skills Category

RS-01:

RS-03:

Apology advice

Criteria: empathetic approach, concrete steps, dos and don'ts

Russian: X Good but brief (7 steps, concrete but minimal emotional guidance, brief
dos/don'ts)

English: & Complete (6-step framework, extensive emotional guidance, detailed
examples, comprehensive dos/don'ts)

Assessment: English wins (more emotionally nuanced, better for social context)

Conversation starters

Criteria: practical openers, context consideration, follow-up tips

Russian: & Complete (8 techniques, context-specific examples, follow-up guidance)
English: & Complete (6 categories with multiple openers each, extensive context
guidance, detailed follow-ups)

Assessment: English wins (more nuanced social awareness, broader context coverage)

Gift ideas

Criteria: appropriate suggestions, budget considerations, workplace-appropriate



Russian: & Complete (categorized by relationship/hobby, budget implicit in examples,
workplace notes)

English: & Complete (categorized comprehensively, budget mentioned, workplace
appropriateness clear)

Assessment: Tie (both provide appropriate, complete guidance)

Category Summary: English 2, Tie 1

8.1.7 General Knowledge Category

GK-01:

Why sky blue

Criteria: scientifically accurate, understandable explanation, appropriate detail level
Russian: ** Good but basic (accurate Rayleigh scattering explanation, clear, somewhat
brief)

English: & Complete (accurate with formula, very clear explanation, perfect detail level,
additional facts)

Assessment: English wins (includes mathematical basis, more complete scientific
explanation)

Planets in solar system

Criteria: factually correct (8 planets), proper order optional, clear listing
Russian: & Complete (8 planets listed in order, dwarf planets mentioned, clear)
English: & Complete (8 planets in order, dwarf planets explained, very clear)
Assessment: Tie (both perfectly complete)

Virus vs bacteria

Criteria: key differences explained, examples provided, accurate biology

Russian: & Complete (7 difference dimensions, examples throughout, accurate biology,
comparison table)

English: & Complete (6 difference dimensions, extensive examples, accurate biology,
detailed tables)

Assessment: Tie (both excellent, Russian more structured, English more detailed)

Category Summary: English 1, Tie 2

8.2 Overall Completeness Scorecard

Summary across all 21 queries:

Result Russian English Ties

Wins




Result Russian English Ties

Tech (1), Education (1), Tech (2), Education (1), Social (2),

) (M

Categories | Career (2), Entertainment GK (1), Practical (1), Entertainment | Distributed

Completeness rates:

e Russian: Fully complete on 17/21 queries (81%)
e English: Fully complete on 19/21 queries (90%)

Finding: English provides marginally more complete responses overall, but Russian excels in
structured/technical domains.

8.3 Information Gap Analysis

8.3.1 What Russian Responses Omit
Systematic analysis of missing elements in Russian responses:

1. Emotional/Social Context (4 queries affected)

e Apology advice: Minimal emotional validation
o Conversation starters: Less social anxiety acknowledgment
e Sleep advice: Limited mental health discussion
e Salary negotiation: Less coverage of workplace psychology

Example: Apology advice (RS-01)
e Russian: 283 words, focuses on mechanics of apologizing
e Missing: Emotional preparation, anxiety management, repair timeline expectations
e English: 551 words, includes all of above
2. Medical/Safety Warnings (3 queries affected)
e Sleep advice: Brief "when to see doctor" section
e Grease stain removal: Minimal safety precautions for chemical methods
e Battery drain: Less emphasis on fire hazard from swollen batteries
Example: Sleep advice (PA-03)
e Russian medical section: 68 words, lists 4 conditions briefly
e English medical section: 187 words, detailed symptoms, when to seek help, specific

conditions

3. Beginner Context (5 queries affected)



e Photosynthesis: Assumes basic biology knowledge

e Computer memory: Assumes familiarity with operating system concepts
e Resume writing: Assumes understanding of hiring process

e  WiFi troubleshooting: Assumes network knowledge

o Sky explanation: Less foundational physics context

4. Edge Case Coverage (3 queries affected)

e Battery drain: Fewer hardware failure scenarios
e Mortgage decision: Less discussion of market volatility scenarios
e Gift ideas: Less guidance for difficult relationships

5. Time/Budget Specifics (2 queries affected)

e Activity ideas: Less specific time estimates
e Gift ideas: Budget ranges implied but not explicit

8.3.2 What English Responses Omit
Systematic analysis of missing elements in English responses:

1. Decision Frameworks (4 queries affected)

e Mortgage decision: No worked numerical examples with user's numbers
e Computer memory: No clear priority ordering of methods

e Resume writing: Less tabular comparison of options

o Gift ideas: No systematic budget matrix

Example: Mortgage decision (CF-02)

e English: Provides qualitative "5% rule" and questions to consider
e Missing: Actual calculation with example numbers showing math
e Russian: Full worked example with specific 5 million ruble scenario

2. Quick Reference Summaries (5 queries affected)

e Sleep advice: No condensed checklist at end

e Battery drain: Lengthy without scannable summary

e Book recommendations: No quick "top 5" list

e Activity ideas: 38 items but no "start here" guidance

e Conversation starters: Extensive but no pocket reference

3. Systematic Prioritization (3 queries affected)
e  WiFi troubleshooting: Solutions not ordered by likelihood
e Computer memory: Methods not ranked by effectiveness

e Book recommendations: Alphabetical not by impact/popularity

4. Technical Precision (2 queries affected)



e Math problem: Only one solution method vs Russian's two
e Resume writing: Less specific about file formats, naming conventions

5. Conciseness for Experts (affecting most queries)

e English responses average 26% longer, which benefits learners but may frustrate experts
seeking quick answers
¢ Information density 15% lower means more reading for same information

8.4 Edge Case and Failure Mode Coverage

8.4.1 Edge Case Handling

Definition: Edge cases are non-standard situations, boundary conditions, or exceptions to
normal scenarios.

Quantitative measurement: Count of "if", "when", "unless", "except" conditionals per response.

Conditional density:

e Russian: M = 3.8 conditionals per response
e English: M = 6.2 conditionals per response

English covers 63% more edge cases on average.
Example: Battery drain troubleshooting (TS-01)

Russian edge cases (3 mentioned):

- Ecnun notepsdete paboTty unu poxon ynapert
— Ecnu wncnonb3yeTe nnasawwas CTaBKa
- Ecnu tenepoH o4veHb CTapbin

English edge cases (8 mentioned):

- If you lose your job

— If your phone is 2+ years old

- If battery health below 80%

— If phone overheats frequently

- If battery swells (fire hazard!)

- If phone shuts down at 30-50% charge
— If using fast charging in heat

- If in cold weather (body heat helps)




English anticipates more failure scenarios and provides contingency guidance.

8.4.2 Failure Mode Discussion
"What if this doesn’t work" guidance:

Russian approach:

e Typically one concluding statement: "Eciv nocne Bcex gencteuii npobaema ocraérca...” (If

after all actions problem remains...)
e Directs to professional help
e Assumes user will iterate independently

English approach:
e Multiple checkpoints throughout: "If X doesn't work, try Y"
e Detailed "When to see a professional” sections with specific symptoms

e Provides diagnostic flowchart logic

Example: WiFi troubleshooting (TS-03)

Russian failure handling:

Ecnu nocne Bcex waros npobneMa ocTanacb — CKopee BCero,
HeucnpaBeH poyTep unu Wi-Fi-Mopgynb ycTpomncTBa.
[One sentence at end]

English failure handling:

### Still Not Working?

Test with another device (to rule out router issues)

Try a wired connection (if possible) to see if WiFi-specific
Contact your ISP if router itself isn't working

Factory reset the router (last resort—check manual)
[Structured troubleshooting at end PLUS embedded throughout:
"If X doesn't work, move to next step"]

9. Actionability Assessment

This section evaluates how readily users can execute advice without additional research.




9.1 Task Completion Without External Lookup

We assessed each response: Can user complete task using ONLY this response?

Coding scheme:

1.
2.

Yes, completely - All necessary information provided

Yes, with minor lookup - May need to Google one specific thing (e.g., exact menu path
on their OS version)

No, significant research needed - Major gaps require external information

9.1.1 Results by Language

Completeness Level | Russian English
Yes, completely 14/21 (67%) | 16/21 (76%)
Minor lookup 6/21 (29%) 4/21 (19%)

Significant research 1/21 (5%) 1/21 (5%)

Finding: English enables complete task execution 9% more often.

9.1.2 Queries Requiring External Lookup

Russian "minor lookup" cases (6 total):

Uk wn =

Resume writing: May need to look up specific LaTeX templates mentioned
Mortgage decision: User must find their actual market rates

Book recommendations: May want to preview books before purchasing
Gift ideas: Need to check specific product availability/prices
Photosynthesis: If wanting deeper dive into chlorophyll chemistry

Sky color: If wanting mathematical derivation of Rayleigh scattering

English "minor lookup" cases (4 total):

Hwn =

Both

Mortgage decision: Need personal financial numbers

Book recommendations: Want to see book covers/previews
Resume writing: May want specific ATS software details
Gift ideas: Check current prices

"significant research” cases (1 each, same query):

Virus vs bacteria: Both responses excellent but if user needs prescription medicine info,
must consult doctor

9.2 Immediacy of Action



How quickly can user start taking action after reading response?

Measurement: Does response provide immediate first step that requires no preparation or
external resources?

9.2.1 Immediate Action Rate

Russian: 18/21 queries (86%) provide immediate actionable first step English: 17/21 queries
(81%) provide immediate actionable first step

Finding: Russian slightly more action-oriented, though difference is small.
Example where Russian enables faster action: Query: Computer memory clearing (TS-02)

Russian immediate first action:

### 1. 3aKpoOMTEe HEHYXHble MPOorpamMmbl M NpPOLECCHI
- OTkponTe Oucnetyep 3apmay (Ctrl + Shift + Esc)
[User can do this RIGHT NOW]

English more contextual opening:

Clearing memory (RAM) and optimizing your computer can help
improve performance, especially if your system feels slow...
[Background context before action]

### 1. Close Unnecessary Programs
[Action finally appears after context]

Russian: 0 seconds to action English: ~15 seconds to action (after reading context)

9.2.2 Step Clarity and Specificity
Evaluated: Are steps specific enough to execute without interpretation?

Russian specificity examples:

- OTkponTe Oucnetyep 3apmad (Ctrl + Shift + Esc)
[Specific: exact key combination]

- YcTaHoBUTe pa3Mep ¢awna nogkaykum B 1,5-2 pa3za 6onbwe obbema 03Y
[Specific: exact multiplier given]




— 06HoBUTe ppaviBep Wi-Fi-apantepa ([OucneTtyep yCTpPOUCTB -
CeTteBble apanTtepbl » NKM Ha Wi-Fi - O06HOBMTL ppamnBep)
[Specific: exact path with arrows]

English specificity examples:

— Press Ctrl + Shift + Esc to open Task Manager
[Specific: exact key combination]

- Set virtual memory to 1.5-3x your RAM
[Specific: range given]

- Update WiFi driver: Right-click This PC > Properties >
Device Manager > Network adapters > Right-click WiFi > Update
[Specific: exact path with navigation]

Both languages provide highly specific, executable steps when giving technical instructions.

9.3 Assumed Competency Analysis

What baseline knowledge/skills does each response assume user possesses?

9.3.1 Technical Assumption Differences

Russian assumes:

e User knows basic computer navigation (can find Settings, Control Panel)
e User understands technical terminology without definition

e User can interpret file paths and system messages

o User will seek clarification for unfamiliar terms independently

English assumes:

e User may not know basic navigation (provides "Settings > System > ..." paths)
e User may need technical terms explained (provides definitions/context)

e User needs reassurance when encountering error messages

e User wants clarification embedded in text

Example: Resume writing advice (CF-01)

Russian uses terms without definition:




— TexHu4yeckune HaBbiku: Python, REST API, GraphQL, CI/CD,
Kubernetes, AWS
[Assumes reader knows these technologies]

English provides context:

— Technical Skills: List programming languages, frameworks,
and tools. Example: "Python, REST APIs (for web services),
GraphQL (query language), CI/CD (continuous integration),
Kubernetes (container orchestration), AWS (cloud platform)"

[Provides clarifying context in parentheses]

9.3.2 Domain Knowledge Assumptions

By category:

Category Russian Assumption Level | English Assumption Level | Gap
Tech Support Intermediate-Advanced Beginner-Intermediate Large
Career Advice Intermediate Beginner-Intermediate Medium
Education Intermediate Beginner Large
Practical Beginner Beginner Small
Entertainment Beginner Beginner None
Social Intermediate Beginner Medium
General Knowledge | Intermediate Beginner Medium

Finding: Russian consistently assumes higher baseline knowledge, particularly in technical and
educational domains.

10. User Optimization Profiles

This section identifies which user types benefit most from each language's responses.



10.1 Expert vs Novice Utility

10.1.1 Expert User Scores

We evaluated each response for expert utility on 1-10 scale:

e 10 = Perfect for experts (efficient, no redundancy, advanced options)
e 1 = Frustrating for experts (over-explanation, condescending)

Russian expert utility: M = 9.0/10 across all queries
e High scores (9-10): Tech support, career advice, all educational queries, finance
e Medium scores (7-8): Social skills (experts want nuance, not just efficiency)
e Low scores (6): None
English expert utility: M = 7.8/10 across all queries
e High scores (9-10): Practical advice, some career queries
e Medium scores (7-8): Most categories
e Low scores (5-6): Tech support (too much hand-holding), basic education (over-

explained)

Finding: Russian better serves experts across most domains (1.2 point advantage).

10.1.2 Novice User Scores

Evaluated for novice utility (1-10 scale):

e 10 = Perfect for beginners (clear, non-threatening, comprehensive)
e 1 = Intimidating for beginners (assumes too much, dense)

Russian novice utility: M = 7.3/10

e High scores (8-9): Practical advice, entertainment

e Medium scores (7-8): Most categories

e Low scores (5-6): Tech support (assumes OS familiarity), education (minimal scaffolding)
English novice utility: M = 9.1/10

e High scores (9-10): Education, social skills, practical advice, most tech support

e Medium scores (7-8): Career advice, general knowledge

e Low scores (6): Finance (still somewhat complex despite effort)

Finding: English significantly better serves novices (1.8 point advantage).

10.2 Reference vs Tutorial Value

10.2.1 Reference Material Quality



Can response be bookmarked and used repeatedly as quick reference?

Russian reference value: M = 9.1/10

e Excellent structure for scanning

e Consistent formatting enables quick location of needed section
e Summary tables provide decision support

e Minimal narrative improves scan-ability

English reference value: M = 7.6/10

e Narrative structure harder to scan

e Information embedded in paragraphs not easily extracted
e Richer content but harder to relocate specific facts

e Better as one-time read than repeated reference

Example: Users wanting to quickly re-check "what temperature is best for sleep?" can scan
Russian section headers easily. English requires re-reading paragraphs.

10.2.2 Tutorial/Learning Material Quality
Can response be used to deeply understand a topic?

Russian tutorial value: M = 7.4/10

e Good for learning procedures (how to do X)

e Less good for learning concepts (why X works)

e Examples help but minimal conceptual scaffolding
e Expert learners benefit, novices may struggle

English tutorial value: M = 9.3/10
e Excellent for conceptual understanding
e Progressive disclosure: simple — complex
e Examples extensively explained

e Suitable for wide range of learner levels

Finding: English provides 1.9 point advantage for tutorial learning; Russian provides 1.5 point
advantage for reference use.

10.3 Time-Constrained vs Deep-Dive Users

10.3.1 Quick-Answer Optimization
Average time to extract key information (subjective estimate based on word count and structure):

Russian: M = 47 seconds

e Shorter text (527 words average)



e Scannable structure with clear headers
e Key points bolded/numbered
e Calculation: ~527 words + 200 wpm reading speed x 1.5 scanning factor = 47s

English: M = 83 seconds

e Longer text (667 words average)

e More narrative structure requires reading vs scanning

e Key points embedded in paragraphs

e Calculation: ~667 words + 200 wpm reading speed x 2.5 reading factor = 83s

Finding: Russian enables 43% faster information extraction for time-constrained users.

10.3.2 Deep Understanding Optimization
For users wanting to thoroughly understand topic:

Russian provides:

e Multiple solution methods when applicable (math, troubleshooting)
e Structured comparison tables for decision-making

e Focused coverage without distraction

o Efficient path to competence

English provides:

e Extensive conceptual background
e More examples and edge cases

e Emotional/social context

e Comprehensive path to mastery

User testimonial simulation:

e Time-constrained expert: "Russian gave me exactly what | needed in 60 seconds"
e Curious learner: "English helped me understand not just what to do but why"

10.4 Technical vs Non-Technical Users

10.4.1 Technical User Satisfaction Estimation
Based on technical queries (tech support, math, resume writing):

Russian technical user satisfaction: 9.2/10

e Assumes technical literacy
e Uses precise terminology
e Provides advanced options
e No condescension



English technical user satisfaction: 8.1/10
e Good coverage but some over-explanation
e Defines terms technical users already know

e Still valuable but less efficient

Gap: 1.1 points in favor of Russian for technical audiences

10.4.2 Non-Technical User Satisfaction Estimation
Based on same technical queries:
Russian non-technical user satisfaction: 6.8/10

e Can be intimidating

e Assumes knowledge non-technical users lack

e Fewer reassurances
e May require external lookup of terms

English non-technical user satisfaction: 9.0/10
e Very accessible
e Explains all terminology
e Provides reassurance

e Extensive hand-holding

Gap: 2.2 points in favor of English for non-technical audiences

11. Synthesis: Helpfulness Scorecard

11.1 Multi-Dimensional Helpfulness Matrix

Combining all dimensions analyzed:

Dimension Russian Score | English Score | Winner | Margin
Query Completeness | 8.1/10 8.7/10 English | +0.6
Task Actionability 8.2/10 8.8/10 English | +0.6
Information Density | 9.2/10 7.4/10 Russian | +1.8
Edge Case Coverage | 7.5/10 8.9/10 English | +1.4




Dimension Russian Score | English Score | Winner | Margin
Expert Utility 9.0/10 7.8/10 Russian | +1.2
Beginner Utility 7.3/10 9.1/10 English | +1.8
Reference Value 9.1/10 7.6/10 Russian | +1.5
Tutorial Value 7.4/10 9.3/10 English | +1.9
Time Efficiency 9.0/10 7.2/10 Russian | +1.8
Technical User Fit 9.2/10 8.1/10 Russian | +1.1
Non-Tech User Fit 6.8/10 9.0/10 English | +2.2

Overall Weighted Average:

e Russian: 8.35/10 (optimal for experts, reference use, efficiency)
e English: 8.54/10 (optimal for learners, comprehensiveness, accessibility)

Margin: English +0.19 (negligible difference in overall quality)

11.2 Contextual Recommendations

Based on comprehensive analysis, language selection should match user context:

11.2.1 Choose Russian When:

v User has domain expertise or intermediate knowledge v Time is constrained (need answer in
<60 seconds) v User needs reference material for repeated consultation v Task is
structured/technical (troubleshooting, professional documents) v/ User prefers scanning to
reading v Decision support tools (tables, calculations) are valuable v User wants multiple
solution approaches

11.2.2 Choose English When:

v User is encountering topic for first time v Conceptual understanding is priority (not just task
completion) v User needs reassurance and emotional support v Task has social/emotional
dimensions v User values comprehensive edge case coverage v User prefers narrative
explanation to checklist v Safety warnings and medical guidance are critical

11.2.3 Either Language Works Well When:



=~ Query is straightforward practical advice = User has moderate familiarity with topic = Task is
entertainment/consumption (recommendations) = Information is factual without procedural
complexity

11.3 The Communication Strategy Trade-Off

Fundamental tension identified:

Russian optimizes for: Efficiency x Density x Structure

e Philosophy: "Give users 80% of what they need in 50% of the time"
e Trade-off: May require follow-up for remaining 20%
e Best for: Iterate-and-refine workflows

English optimizes for: Completeness x Understanding x Accessibility

e Philosophy: "Give users 95% of what they need even if it takes 2x the time"
e Trade-off: May overwhelm with information
e Best for: One-stop comprehensive solution

Neither is objectively superior. Optimal choice depends on:

User expertise level

Time constraints

Learning vs doing orientation
Task complexity and domain
Need for reference vs tutorial

e wNn =

11.4 Practical Implications Summary
For users:

e Experiment with both languages for complex queries
e Match language to your current mental state (rushed? — Russian; curious? — English)
e Bookmark Russian responses for reference, read English responses for learning

For developers:

e Don't assume English is always optimal

e Consider user expertise detection to recommend language
e Enable language switching mid-conversation

e Test communication strategies independent of language

For researchers:
e Communication strategy is a dimension separate from language

e User optimization is measurable and meaningful
e "Quality" depends fundamentally on context



e Multilingual models encode cultural communication conventions

12. Discussion and Theoretical Implications

12.1 Rejection of the Morphological Complexity Hypothesis

Our initial hypothesis posited that Russian's morphological richness would produce superior
outputs through more accurate vector representations. This hypothesis is decisively rejected by
our findings:

Counter-evidence:

1. Response length: Russian responses averaged 21% shorter (527 vs 667 words),
contradicting the prediction that "longer words = more content"

2. Tokenization overhead: Russian required 24% more tokens (2.12 vs 1.34 tokens/word)
but produced less total content, indicating inefficiency rather than advantage

3. Processing time: Russian took 37% longer despite shorter outputs, suggesting
computational burden rather than benefit

4. Domain independence: Advantages appeared in structured domains (career, tech) but
not narrow specialized domains as predicted

Why the hypothesis failed:

e Modern LLMs operate on subword tokenization (BPE, SentencePiece), not whole words—
morphological complexity is decomposed before embedding

e Vector accuracy depends on training data quality and distribution, not word length

e Semantic precision comes from contextual attention mechanisms, not token-level

granularity
e The model learns communication strategies from human text patterns, not linguistic

properties per se

12.2 The Communication Strategy Framework

Core finding: Language selection affects communication strategy architecture, not translation
quality.

12.2.1 Two Distinct Rhetorical Paradigms

Our analysis reveals two coherent, internally consistent communication strategies:
Russian Strategy: Expert Reference Optimization

Characteristics:

e Deductive information flow (framework — specifics)
¢ High information density (15% more per word)



Hierarchical structure (avg 3.2 levels deep)
Minimal redundancy and elaboration
Assumes user competence

Decision support through tables/matrices
Action-oriented (what to do)

Theoretical basis:

Aligns with Russian technical writing traditions emphasizing structure and reader
independence (Mauranen, 1993)

Reflects high-context communication preference (Hall, 1976)

Optimizes for expert schema activation (Sweller's CLT, 1988)

English Strategy: Comprehensive Tutorial Optimization

Characteristics:

Exploratory information flow (options — guidance)
Lower information density but higher total coverage
Flexible structure (avg 2.8 levels deep)

Deliberate redundancy for reinforcement

Scaffolds learning for novices

Contextual guidance and edge cases
Concept-oriented (why it works)

Theoretical basis:

Aligns with Anglo-American expository writing emphasizing explicit linear development
(Kaplan, 1966)

Reflects low-context communication preference (Hall, 1976)

Optimizes for novice knowledge construction (van der Meij & Carroll, 1995)

12.2.2 Cultural Communication Conventions in Training Data

Hypothesis: LLMs learn language-specific rhetorical conventions from training data distribution.

Evidence supporting this hypothesis:

1.

Consistency across domains: Strategy differences persist across all 7 categories,
suggesting systematic rather than random variation

Domain-appropriate adaptation: Russian excels in technical domains where structure is
valued; English excels in educational/social domains where explanation is valued—
matching cultural document type conventions

Formatting conventions: Russian's preference for numbered hierarchies and tables
reflects Russian technical documentation standards; English's narrative flow reflects
Anglo-American tutorial conventions

Assumed expertise levels: Russian assumes intermediate knowledge baseline; English
assumes beginner baseline—matching cultural educational approaches



Mechanism: During training, the model observes that Russian technical documents tend to be
structured and concise, while English tutorials tend to be expansive and explanatory. It
internalizes these patterns as language-specific communication strategies.

Implication: This is not a translation problem but a learned association between language and
communication style.

12.3 Information Architecture as Language-Dependent Feature

Novel contribution: Information architecture is not language-neutral but language-specific in
LLM outputs.

12.3.1 Structural Encoding
Quantitative evidence:

e Russian uses numbered sections 90% vs English 71%

e Russian uses tables 52% vs English 38%

e Russian maintains uniform section lengths (SD=45 words) vs English variable (SD=78
words)

e Russian achieves 3.2 level depth vs English 2.8

Interpretation: Russian responses are architected as databases (hierarchical, tabular) while
English responses are architected as narratives (sequential, flowing).

Cognitive implications:

e Russian structure facilitates random access (jump to any section)
e English structure facilitates linear reading (follow narrative thread)
e Neither is "better"—they serve different cognitive access patterns

12.3.2 Visual Information Design

White space analysis:

e Russian: 4.2 blank lines per 100 words (more "chunked")
e English: 2.8 blank lines per 100 words (more "dense")

Finding: Russian optimizes for scanning (Gestalt grouping through spacing), English optimizes
for reading (text continuity).

This aligns with Nielsen's web usability research (1997): expert users prefer scannable content,
novice users prefer readable content.

12.4 User Optimization as Emergent Property

Surprising finding: The model appears to optimize for different user archetypes per language
without explicit instruction.



12.4.1 Implicit User Modeling

Russian responses implicitly assume:

e User has domain familiarity

e User values time efficiency over completeness

e User can independently seek clarification

e User prefers structured reference over narrative tutorial

English responses implicitly assume:

User may lack background knowledge

User prioritizes understanding over speed
User needs embedded clarification

User prefers narrative tutorial over checklist

Where this assumption comes from:

e Training data distribution: Russian Stack Overflow answers may be more concise; English
Khan Academy tutorials may be more expansive

e Cultural expectations: Russian educational system may emphasize independence; Anglo-
American system may emphasize scaffolding

e Document type conventions: Russian technical manuals may assume expertise; English
help documentation may assume novice users

12.4.2 Expertise Calibration
Measured through assumed knowledge analysis:

Russian baseline assumption = intermediate user (can navigate OS, understands technical terms)
English baseline assumption = beginner user (needs Ul paths, definitions provided)

Gap: ~1.5 expertise levels (on 1-5 scale from novice to expert)

Implication: Choosing language effectively selects user persona the model optimizes for.

12.5 The Efficiency-Completeness Trade-off
Fundamental tension identified:
Cannot simultaneously maximize:

1. Information density (points per word)

2. Comprehensive coverage (total points)

3. Accessibility (clarity for novices)

Russian positioning: Maximizes (1), achieves (2), sacrifices (3) English positioning: Maximizes
(2) and (3), sacrifices (1)

Trade-off curve:



Efficiency «-» Completeness
Russian: [|||]]|]||]|-——-] 80% efficient, 85% complete
English: [|]||]|]|]|-———- ] 60% efficient, 95% complete

User preference depends on:

e Time constraints (tight — prefer efficiency)
e Familiarity (low — prefer completeness)

e Task criticality (high — prefer completeness)
e Repeat use (frequent — prefer efficiency)

12.6 Implications for Al System Design

12.6.1 Challenge to "English-First" Paradigm
Current practice: Al systems default to English, assuming it maximizes performance.
Our evidence: English maximizes comprehensive coverage but not efficiency or expert utility.

Recommendation: Match language to user context:

e APl documentation — Russian strategy (experts need reference)
e Beginner tutorials — English strategy (novices need scaffolding)
e Emergency instructions — Russian strategy (time-critical)

e Educational content — English strategy (learning-focused)

12.6.2 Communication Strategy as Controllable Parameter
Vision: Decouple communication strategy from language.

Implementation idea:

Prompt: "Explain photosynthesis"
+ Style: "expert-reference" - Russian-style response in any language
+ Style: "beginner-tutorial" - English-style response in any language

Benefits:
e Users get preferred style regardless of language
e Multilingual users aren't forced to choose between native language and preferred style

e System can adapt style to detected user expertise

Technical path:




e Style conditioning in prompt engineering
e Fine-tuning on style-labeled datasets
e Retrieval-augmented generation with style-specific examples

12.6.3 Adaptive User Interfaces

Proposal: Al systems should detect user expertise and adapt communication strategy
accordingly.

Signals for expertise detection:

e Query complexity and technical terminology use

e Interaction history (expert users ask follow-ups, novices accept first answer)
e Task completion speed (experts scan, novices read thoroughly)

o Error patterns (experts make sophisticated mistakes, novices basic ones)

Adaptive response:

e Detected expert — Switch to Russian-style (concise, structured)
e Detected novice — Switch to English-style (comprehensive, explanatory)
e Uncertain — Offer choice: "Would you like a quick reference or detailed explanation?"

13. Limitations and Validity Considerations

13.1 Single-Model Limitation

Scope: This study examined only Mistral Al's "mistral-large-latest" model.

Unknown: Whether findings generalize to:

o GPT-4 / GPT-4.5 (OpenAl)

e Claude 3.5 Sonnet / Opus (Anthropic)
e Gemini Pro / Ultra (Google)

e LLaMA 3/ 3.1 (Meta)

Possibility: Different models may have different training data distributions or architectural biases
affecting language-specific behaviors.

Mitigation: Study design is replicable across models. Future work should test multiple models
systematically.

Confidence in generalization: Moderate to High

e Rationale: All modern LLMs train on similar web corpora (CommonCrawl, Wikipedia,
GitHub, Books)
e Cultural communication conventions exist independent of model architecture



e If findings replicate across 2-3 major models, high confidence in generalization

13.2 Limited Language Pair
Scope: Only Russian-English comparison.
Unknown: Patterns for other language pairs:
e Morphologically complex: Finnish, Hungarian, Georgian
e Logographic: Chinese, Japanese
e Agglutinative: Turkish, Korean
e Other Indo-European: German, French, Spanish

Speculation:

e German might show Russian-like structure (German technical writing is famously precise)
e Japanese might show extreme context-sensitivity (high-context culture)
e French might balance structure and elaboration (Cartesian clarity + Latin expressiveness)

Future work: Systematic cross-linguistic comparison with 10+ languages.

13.3 Sample Size Constraints

Data: 21 query pairs (42 total responses)

Statistical power: Insufficient for inferential statistics; findings are descriptive and observational.
Patterns: Consistent across categories but small n per category (3 queries each).

Confidence levels:

e High confidence: Overall patterns (response length, structure, density)
e Medium confidence: Category-specific patterns
e Low confidence: Individual query anomalies

Improvement: Scale to 100+ query pairs across 15+ categories for robust statistical testing.

13.4 Everyday Query Bias
Scope: Queries represent common user needs (practical advice, tech support, etc.).

Not tested: Specialized professional domains:

e Medical diagnosis

e Legal analysis

e Scientific research

e Financial trading

e Engineering calculations



e Academic writing
Possibility: Specialized domains may show different patterns due to:

e Domain-specific terminology conventions
e Professional documentation standards
e Regulatory requirements (e.g., medical disclaimers)

Expectation: Russian advantage may be larger in technical specializations; English advantage
may persist in teaching/learning contexts.

13.5 Subjective Quality Assessment
Method: Author conducted qualitative analysis without inter-rater reliability testing.

Risk: Personal biases may influence:

e Quality scoring (1-10 scales)

e Completeness assessment VENS)

e User profile matching

e Communication strategy characterization

Mitigation attempts:

e Structured evaluation frameworks

e Systematic application across all queries

e Multiple analysis dimensions (not single metric)
e Extensive examples provided for transparency

Improvement: Future work should include:
e Multiple raters for inter-rater reliability
e User studies with native speakers of each language

e A/B testing with real users
e Task completion metrics

13.6 Temporal Validity
Snapshot: Data collected January 2, 2026 with "mistral-large-latest” at that time.
Decay: Model updates may change behaviors:

e Training data updates

e Fine-tuning adjustments

e Architectural improvements

e Policy changes

Shelf life: Findings likely valid for 6-12 months; replication recommended annually.



13.7 Platform and Context Effects

Context: Queries submitted via APl without system messages or conversation history.

Unknown: Effects of:

e Different system prompts

e Conversational context (multi-turn dialogue)

e User personalization (if model has user history)

e Platform-specific modifications (Claude.ai vs APl vs mobile app)

Assumption: Zero-shot, context-free querying represents "neutral" baseline but may not reflect
real user experience.

13.8 Translation Equivalence Challenges

Method: Semantically equivalent queries, not direct translations.

Risk: Subtle meaning differences may affect responses independent of language strategy.
Example:

e Russian: "Kak 6bicTpo 3acHyTb, ecamn He cnntca?" (implicitly: already in bed, can't sleep)
e English: "How can | fall asleep quickly when | can't sleep?" (could mean: preparing for
bed)

Mitigation: Author (fluent in both languages) validated semantic equivalence for each pair.

Improvement: Native speaker validation panel for query pairs.

13.9 Lack of User Validation

Gap: No actual users tested responses to validate helpfulness scores.
Reliance: Author's subjective assessment of what would help different user types.

Unknown:

e Do real experts prefer Russian-style responses?
e Do real novices prefer English-style responses?
e Are time efficiency estimates accurate?

e Do users switch languages based on context?

Critical future work: User studies with:

e Expert and novice users

e Task completion metrics

e Preference surveys

e Time-to-solution measurements



e Satisfaction ratings

13.10 Causality Limitations
Finding: Russian and English responses differ systematically.

Cannot prove: What causes these differences

e Training data distribution?

e Cultural communication conventions?
e Linguistic properties?

e Model architecture?

¢ Optimization objectives?

Correlation established; causation speculative.
Experimental path: Would require:

e Controlled training data experiments

e Ablation studies

e Style transfer techniques
e Cross-lingual prompting experiments

14. Future Research Directions

14.1 Immediate Extensions
1. Multi-Model Replication

e Test GPT-4, Claude, Gemini, LLaMA with identical query pairs
e Assess whether patterns are model-specific or general
e Expected timeline: 3-6 months

2. Expanded Language Set

e Add German, French, Spanish, Chinese, Japanese, Arabic
e Test hypotheses about morphological complexity, writing systems, cultural conventions
e Expected timeline: 6-12 months

3. User Validation Study

e Recruit native speakers (50+ per language)

e Measure task completion, satisfaction, preference
e A/B test between language conditions

o Expected timeline: 6-9 months



4. Specialized Domain Testing

e Medical, legal, engineering, academic queries
e Assess whether everyday patterns hold in professional contexts
e Expected timeline: 3-6 months

14.2 Theoretical Investigations
5. Causal Mechanism Studies

e Analyze training data distributions

e Identify language-specific document types

e Correlation analysis: document type prevalence vs response characteristics
e Expected timeline: 12+ months

6. Cross-Lingual Prompting

e Prompt in one language, request response in another

e Test: "Answer in English with Russian communication style"
e Assess style-language separability

e Expected timeline: 3-6 months

7. Neuroscience of Communication Styles
e fMRI studies: brain activation patterns reading Russian-style vs English-style
e Hypothesis: Russian-style activates efficiency/scanning networks; English-style activates

comprehension/narrative networks
e Expected timeline: 18+ months (requires collaboration)

14.3 Applied Al Development
8. Style-Conditioned Language Models
e Fine-tune models on style-labeled datasets
e Enable explicit style selection: "expert-reference" vs "beginner-tutorial”
e Decouple style from language
e Expected timeline: 6-12 months
9. Adaptive Communication Systems
e Build expertise detection from interaction patterns
e Dynamically adjust communication strategy
e Real-world deployment and A/B testing
e Expected timeline: 12-18 months

10. Multilingual Documentation Tools

e Automated generation of documentation in multiple languages



e Preserve cultural communication conventions per language
e Translation + style adaptation
e Expected timeline: 12+ months

14.4 Broader Implications Research
11. Educational Technology Applications

e Adaptive tutoring systems matching explanation style to learner level
e Cross-cultural learning platform design
e Expected timeline: 18+ months

12. Cross-Cultural Communication

e Study human responses to LLM communication styles
e Russian users reading English-style vs Russian-style

e Preference vs effectiveness trade-offs

e Expected timeline: 12-18 months

13. Linguistic Relativity in Al
e Does language shape Al "thought" patterns?

e Sapir-Whorf hypothesis for LLMs
e Expected timeline: 24+ months (theoretical depth)



15. Conclusion

15.1 Summary of Findings

This study investigated whether language selection in multilingual LLMs affects output quality
beyond translation accuracy. Through systematic analysis of 21 everyday query pairs in Russian
and English using Mistral Al, we discovered fundamental differences in communication strategy,
information architecture, and user optimization.

Primary findings:

1. Hypothesis rejection: Russian's morphological complexity does not produce superior
outputs through "more accurate vectors." Russian responses were 21% shorter and
required 24% more tokens, contradicting the original hypothesis.

2. Communication strategy differentiation: Language selection triggers distinct rhetorical
paradigms:

o Russian = Expert Reference Manual (concise, structured, efficient)
o English = Comprehensive Tutorial (expansive, narrative, accessible)
3. Information architecture as language feature: Russian responses employ deeper
hierarchies (3.2 vs 2.8 levels), more tables (52% vs 38%), and higher information density
(15% advantage) while maintaining scannable structure.

4. User optimization profiles: Russian optimizes for experts (9.0/10 utility), time-
constrained users, and reference material needs. English optimizes for novices (9.1/10
utility), learners, and comprehensive coverage needs.

5. Domain-specific performance: Neither language is universally superior. Russian excels
in technical/structured domains (troubleshooting, professional documents, financial
analysis). English excels in educational/social domains (concept explanation, interpersonal
advice, beginner guidance).

6. Efficiency-completeness trade-off: Russian delivers 80% of needed information in 50%
of the time; English delivers 95% of needed information in full reading time. User
preference depends on context.

15.2 Theoretical Contributions

1. Communication strategy as emergent property

We demonstrate that LLMs learn language-specific rhetorical conventions from training data, not
through explicit programming. This has implications for understanding how cultural
communication patterns propagate through Al systems.

2. Challenge to translation-centric evaluation

Current multilingual LLM research focuses on translation accuracy. We show that translation
quality is orthogonal to communication effectiveness—both languages translate accurately but
communicate differently.



3. Information architecture as analytical dimension

By analyzing structural organization (hierarchy, flow, formatting), we reveal a dimension of LLM
behavior previously overlooked. Information architecture is not language-neutral but culturally
encoded.

4. User optimization without explicit instruction

Models implicitly tailor responses to different user archetypes per language without user profiling
or explicit conditioning. This suggests emergent audience awareness learned from document-
type distributions in training data.

15.3 Practical Implications
For Al users:

e Experiment with multiple languages for complex queries, even if fluent in one

e Match language to your current need: Russian for quick reference, English for deep
learning

e Recognize that "best" language depends on your expertise level and time constraints

For Al developers:

e Abandon "English-first" as universal optimization strategy

e Implement language recommendation based on detected user expertise

e Consider enabling explicit style control independent of language

e Test multilingual performance across communication dimensions, not just translation
accuracy

For educators and content creators:

e Leverage language-specific strengths: Russian-style for advanced learners, English-style
for beginners

e Consider offering both styles regardless of content language

e Design adaptive systems that detect learner needs and adjust style accordingly

For researchers:

e Expand evaluation beyond accuracy to include communication effectiveness

e Study cultural communication patterns in training data as source of model behaviors

e Investigate causality: what training data features produce which communication
strategies?

15.4 Final Reflection

This research began with a hypothesis about linguistic properties (morphology) affecting
computational representations (vectors). It ended with a finding about cultural conventions
(communication strategies) encoded in Al systems through statistical learning.



The deeper insight: Language in LLMs is not merely a translation layer but a cultural interface.
When we choose a language, we're not just selecting a vocabulary—we're selecting a
communication tradition with embedded assumptions about audience, purpose, and
effectiveness.

The irony: We sought to prove Russian's superiority through technical properties (token length,
vector accuracy). We discovered instead that superiority is context-dependent and non-
technical—it depends on who the user is, what they need, and how they learn.

The implication: As Al systems become increasingly multilingual, we must recognize that
language diversity is not a problem to be solved through better translation but an opportunity to
serve diverse user needs through culturally-appropriate communication strategies.

The future: Imagine Al systems that ask not "What language do you speak?" but "How do you
want information delivered?" Imagine choosing "Russian-style conciseness" in English, or
"English-style elaboration" in Russian. Imagine adaptive systems that recognize when you're
learning versus doing, and adjust their communication strategy accordingly.

This study takes a first step toward that future by demonstrating that language and
communication strategy are separable dimensions—and that recognizing this separation opens
new possibilities for truly user-centered Al design.

15.5 Closing Statement

In testing the hypothesis that Russian produces "better" outputs, we discovered something more
valuable: there is no single "better" way to communicate information. There are only more or less
appropriate ways for specific contexts, users, and purposes.

The question is not "Which language should Al use?" but rather "Which communication strategy
serves this user's needs in this moment?"

By revealing the rich diversity of communication strategies embedded in multilingual LLMs, we
hope to inspire Al development that celebrates and leverages this diversity rather than seeking to
eliminate it in pursuit of a false universality.

Language is not a barrier to overcome—it is a resource to utilize.

End of Research Paper
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Appendix A: Scripts and Dataset

Scripts and complete query dataset are available at: https://github.com/nikitaycs50/LLM-
Language-Performance-Research/tree/main/scripts

Appendix B: Data / Results

Response data and evaluation results are available at: https://github.com/nikitaycs50/LLM-
Language-Performance-Research/tree/main/data
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