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AN ON-DEVICE KAZAKH LANGUAGE AGENT FOR HUMAN–ROBOT INTERACTION 

 
Abstract 

Service and assistive robots deployed in Kazakhstan must understand commands in Kazakh, an 

agglutinative, lower-resource language that general-purpose large language models handle poorly at the small 

scales that fit on a robot’s on-board computer. We present Farabi-0.6B, a 596-million-parameter Kazakh-

centric (Kazakh/Russian/English) language agent obtained by continued pre-training and supervised fine-

tuning of Qwen3-0.6B, and study its use as the language-understanding, retrieval, and action-selection core of 

an intelligent human–robot interface that is small enough to run locally on edge hardware. We make three 

contributions. First, we describe the interface architecture: a Kazakh command is mapped to an intent, the 

agent decides whether to invoke a robot skill, request a missing argument, abstain, or seek confirmation, and 

grounds informational answers in a retrieved manual. Second, we evaluate the language core on a purpose-

built, by-construction simulated robot-command benchmark (300 Kazakh/Russian/English commands across 

five decision categories) and on standardized Kazakh benchmarks. The model maps commands to robot skills 

with 74% skill-selection (95% CI 63–82) and 81% slot-filling accuracy when it acts, and the agentic fine-

tuning improves genuine clarification (62→81%, +19 pp) and out-of-scope abstention (40→56%, +17 pp) 

over a pre-agentic baseline; on standardized Kazakh tasks it far exceeds the same-size base (e.g. Belebele-kk 

34.0 vs 25.5; FLORES en→kk chrF 37.4 vs 0.0). Third, we characterize edge feasibility: the 0.6B model needs 

0.30–1.19 GB for weights and sustains conversational real time – a measured 69–115 tok/s in int4 on an x86 

CPU (and 21 tok/s in fp32), with a projected 57–228 tok/s on named embedded accelerators. We also report 

two honest weaknesses with direct safety implications: the model rarely seeks confirmation before irreversible 

actions (94% violation) and under-routes informational queries to retrieval (4%), which motivates an explicit 

safety-gating layer in the interface rather than reliance on the model alone. 

Keywords: human-robot interaction; Kazakh language; small language model; edge AI; retrieval-

augmented generation; tool calling; agentic control; low-resource NLP. 
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АДАМ МЕН РОБОТТЫҢ ӨЗАРА ӘРЕКЕТТЕСУІНЕ АРНАЛҒАН ҚҰРЫЛҒЫ ІШІНДЕГІ 

ҚАЗАҚ ТІЛІ АГЕНТІ 

 

Аңдатпа 

Қазақстандағы сервистік және көмекші роботтар командаларды мемлекеттік тіл – агглютинативті 

әрі ресурсы шектеулі қазақ тілінде түсінуі қажет, ал роботқа орнатуға болатын шағын тілдік модельдер 

бұл тілмен нашар жұмыс істейді. Бұл жұмыста біз Qwen3-0.6B моделін жалғасты алдын ала оқыту 

(CPT) және бақыланатын дәлдеп баптау (SFT) арқылы алынған, 596 миллион параметрлі, қазақ тіліне 

бағытталған (қазақ/орыс/ағылшын) Farabi-0.6B моделін ұсынамыз және оны интеллектуалды адам–

робот интерфейсінің құрылғыішілік тілдік түсіну, ақпарат іздеу және әрекет таңдау өзегі ретінде 

зерттейміз. Интерфейс архитектурасы сипатталады: қазақша команда ниетке түрлендіріледі, ал агент 

робот дағдысын шақыру, жетіспейтін аргументті сұрау, бас тарту немесе растауды сұрау туралы шешім 

қабылдайды, ал ақпараттық сұрақтарға жауапты ізделген нұсқаулыққа негіздейді. Бес шешім 

санатынан тұратын, жасанды түрде құрастырылған 300 командадан тұратын робот-команда 

эталонында модель әрекет еткен кезде дұрыс дағдыны 74% жағдайда (95% СА 63–82) таңдайды және 

қажетті аргументтерді 81% жағдайда дұрыс толтырады; қазақ тіліне бағытталған агенттік баптау 

алдыңғы базалық нұсқамен салыстырғанда нақтылауды (+19 пп) және сала сыртындағы сұраулардан 
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бас тартуды (+17 пп) жақсартады, ал стандартты қазақ тіліндегі тапсырмаларда модель сол өлшемдегі 

базалық модельден едәуір асып түседі (Belebele-kk 34.0 vs 25.5; FLORES en→kk chrF 37.4 vs 0.0). Шеткі 

құрылғыларға талдау 0,30–1,19 ГБ салмақ көлемін, процессорда int4 режимінде өлшенген 69–115 

токен/с (fp32-де 21 токен/с) және ендірілген үдеткіштерде болжамды 57–228 токен/с көрсетеді — бұл 

сөйлесу үшін нақты уақыттан жоғары. Сонымен қатар, біз қауіпсіздікке қатысты екі әлсіздікті ашық 

көрсетеміз: модель қайтымсыз командалардың дерлік барлығын растаусыз орындайды (94%) және 

сұрауларды ақпарат іздеуге сирек бағыттайды (4%) – бұл интерфейсте модельге ғана сенудің орнына 

нақты қауіпсіздік сүзгісі қабатын талап етеді. 

Түйін сөздер: адам-робот өзара әрекеттесуі; қазақ тілі; шағын тілдік модель; шеткі жасанды 

интеллект; ізденіспен толықтырылған генерация; құрал шақыру; агенттік басқару; ресурсы шектеулі 

тілдерді өңдеу. 
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БОРТОВОЙ КАЗАХОЯЗЫЧНЫЙ ЯЗЫКОВОЙ АГЕНТ ДЛЯ ВЗАИМОДЕЙСТВИЯ 

ЧЕЛОВЕКА И РОБОТА 

 

Аннотация 

Сервисные и вспомогательные роботы в Казахстане должны понимать команды на казахском –

агглютинативном, малоресурсном государственном языке, с которым малые встраиваемые языковые 

модели справляются плохо. В работе представлена Farabi-0.6B – казахоцентричная 

(казахский/русский/английский) модель на 596 млн параметров, полученная путем продолженного 

предобучения и контролируемой дообучающей настройки модели Qwen3-0.6B, и исследуется её 

применение в качестве бортового ядра интеллектуального интерфейса «человек–робот»: понимание 

языка, поиск информации и выбор действия. Описана архитектура интерфейса, в которой казахская 

команда отображается в намерение, а агент решает, вызвать ли навык робота, запросить недостающий 

аргумент, воздержаться или запросить подтверждение, обосновывая информационные ответы 

найденным руководством. На специально построенном эталоне из 300 команд по пяти категориям 

решений модель при выполнении действия выбирает правильный навык в 74% случаев (95% ДИ 63–

82) и корректно заполняет аргументы в 81%; казахоориентированная агентная настройка повышает 

уточнение (+19 пп) и воздержание при запросах вне области (+17 пп) относительно доагентной базовой 

модели, а на стандартных казахских задачах модель значительно превосходит базовую модель того же 

размера (Belebele-kk 34.0 против 25.5; FLORES en→kk chrF 37.4 против 0.0). Анализ для периферийных 

устройств показывает объём весов 0,30–1,19 ГБ, измеренные 69–115 ток/с в int4 на ЦП (21 ток/с в fp32) 

и прогноз 57–228 ток/с на встраиваемых ускорителях – выше реального времени диалога. Также 

отмечены две связанные с безопасностью слабости: модель выполняет почти все необратимые 

команды без подтверждения (94%) и редко направляет запросы к поиску (4%), что обосновывает 

необходимость явного слоя контроля безопасности в интерфейсе, а не опоры на одну лишь модель. 

Ключевые слова: взаимодействие человека и робота; казахский язык; малая языковая модель; 

периферийный искусственный интеллект; генерация с поиском; вызов инструментов; агентное 

управление; обработка малоресурсных языков. 

 

Introduction 

Robots that share human environments – reception robots, assistive and service platforms, 

educational and tour-guide robots – increasingly accept natural-language commands rather than fixed 

button or joystick interfaces [1, 2]. For such robots to be usable in Kazakhstan, the interface must 

accept Kazakh, the state language. Kazakh is an agglutinative, morphologically rich, and 

comparatively low-resource language: large multilingual models cover it unevenly, and the smaller 

models that can actually run on a robot’s on-board computer typically perform at or near chance on 

Kazakh understanding tasks [3, 4]. This produces a concrete engineering gap between what a Kazakh-

speaking user expects from a robot and what an embeddable model delivers. 

Two constraints shape the design space. First, edge operation. A robot’s controller has limited 

memory, compute, and energy, often no reliable network, and a privacy requirement that voice 
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commands not leave the device; this favours models in the sub-billion-parameter range that can be 

quantized to a few hundred megabytes and served locally [5, 6, 7]. Second, grounded, safe behaviour. 

A robot interface does not merely chat: it must decide whether to act, fill the arguments of a robot 

skill, ask when a required argument is missing, refuse requests outside its competence, and – critically 

- avoid executing irreversible physical actions without confirmation. These are the behaviours studied 

under tool use / function calling [8, 9, 10] and retrieval-augmented generation (RAG) [11, 12], 

transposed to a robotic command setting. 

This article studies whether a single small, Kazakh-centric model can provide the language-

understanding, retrieval, and action-selection core of such an interface, and how it behaves on exactly 

the decisions that matter for safe human–robot interaction. Our subject model is Farabi-0.6B (nur-

dev/farabi-0.6B-agent-rag), a 596 M-parameter model derived from Qwen3-0.6B [13] by continued 

pre-training (CPT) and supervised fine-tuning (SFT) on a Kazakh-centric agentic/RAG mixture. We 

do not claim a deployed physical robot system; the robot-side evaluation is simulated (skill calls 

denote the action the interface would dispatch, and are not executed on hardware), and we state this 

throughout. Our contributions are: 

- An interface architecture (Interface architecture) that places a single on-device small model 

between a Kazakh command and a robot skill catalogue, with explicit clarify/abstain/confirm decision 

points and a retrieval path for manual look-ups. 

- A by-construction simulated robot-command benchmark (Evaluation methodology) of 300 

Kazakh/Russian/ English commands with deterministic ground truth across five decision categories, 

reported with 95% Wilson confidence intervals, and a set of behavioural diagnostics (skill-selection, 

slot-filling, safety-violation, over-clarification, retrieval-routing) that isolate interface-relevant failure 

modes. 

- An edge-feasibility characterization (Edge-deployment model, Edge-resource feasibility) 

combining measured GPU, x86-CPU (fp32 and int4), and a memory-bandwidth roofline projection 

to named embedded accelerators. 

- Honest negative results (Results, Discussion): a 94% confirmation-omission rate on 

irreversible commands and 4% retrieval-routing, which we translate into a concrete architectural 

requirement (an external safety gate) rather than a claim that the model is sufficient alone. 

 

Research methodology 

The development of intelligent interfaces for human–robot interaction is rapidly evolving at the 

intersection of modern robotics, natural language processing (NLP), and on-device computing 

technologies. This section provides an analysis of existing language models for robot command 

understanding and reviews related works that define their capacity for autonomous operation. 

Related work. Language models for robot command understanding. A line of work uses language 

models to map natural-language instructions to robot behaviour: SayCan grounds an LLM’s proposals 

in learned affordances [1]; Code as Policies [14] generates executable plans or policy code; PaLM-E 

[15] and RT-2 [16] fold perception and action into the model. Surveys of LLMs in robotics [2] and 

of natural- and spoken-language human–robot interaction [17, 18] frame the broader interface 

problem. Our work differs in scale and language: rather than a large or multimodal planner, we study 

a sub-billion on-device text model for Kazakh, and we evaluate the interface decisions (act/clarify/ 

abstain/confirm) rather than physical manipulation. 

Small and on-device language models. Compact models – Qwen3 [13], Phi-3 [19], MobileLLM 

[6] – together with post-training weight quantization (AWQ [20]) and flash-resident inference [7] 

make local serving feasible; recent surveys measure their on-device latency and memory [5]. We 

build directly on this literature, using a 0.6B Qwen3 derivative and reporting the same 

footprint/throughput quantities for an embedded-robot context. 

RAG, tool use, and agents. RAG conditions generation on retrieved passages [11], with self-

reflective retrieval [12] as a refinement; tool-use methods – ReAct [8], Toolformer [9] – teach models 

to decide and emit calls, and the Berkeley Function Calling Leaderboard (BFCL) [10] standardizes 
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their evaluation. A central design principle in our system, following the RAG-vs-tool distinction, is 

that answering from provided passages and deciding to invoke a retrieval/robot tool are different 

skills and must be trained and measured separately; Results shows this distinction is empirically real 

for a 0.6B model. 

Kazakh and low-resource NLP. Resources and models for Kazakh have grown rapidly: speech and 

text corpora and NER from ISSAI [21], open-domain QA [22], the Kazakh/Russian knowledge 

benchmark KazMMLU [4], multilingual reading comprehension covering Kazakh (Belebele) [3] and 

translation (FLORES-200 / NLLB) [23], and 8B-class open Kazakh LLMs such as Sherkala [24]. A 

recent survey reviews the agglutinative, low-resource challenges of Central Asian Turkic languages 

[25]. Relative to the 8B-class Kazakh LLMs, our target is an order of magnitude smaller so that it fits 

on a robot, and our evaluation is interface- and edge-oriented rather than purely academic. 

Model and training. Lineage. Farabi-0.6B is produced from the open base Qwen3-0.6B [13] in 

two stages: continued pre-training on Kazakh/Russian/English text yields a base, and a sequence of 

supervised fine-tuning (SFT) cycles on a Kazakh-centric grounded-task mixture (RAG and tool-

calling/agentic data) yields the deployed agent nur-dev/farabi-0.6B-agent-rag (training version v30). 

The final public model is openly available. 

Architecture (exact). The model is a Qwen3 decoder with hidden size 𝐻 = 1024, 𝐿 = 28 layers, 

intermediate size 3072, 16 attention heads and 8 key/value heads (grouped-query attention, head 

dimension 128), vocabulary 𝑉 = 151,936, and tied input/output embeddings. The parameter count 

is, exactly, 

𝑃 = 𝑉𝐻
⏟

tied embed

+ 𝐿 (𝐻𝑑ℎ(2𝑛ℎ + 2𝑛𝑘𝑣)
⏟

attention

+ 3𝐻𝑑ff
⏟

SwiGLU

+ norms) + 𝐻  =  596,049,920 ≈ 0.596 B, 

 

where the attention term uses query/key/value/output projections with 𝑛ℎ = 16 heads, 𝑛𝑘𝑣 = 8 

key/value heads, and 𝑑ℎ = 128. This exact count drives the memory and throughput analysis in Edge-

deployment model. 

Data mixing (formulas). The SFT corpus is sampled by a two-level language × group scheme: 

each example 𝑥 in language ℓ and mixture group 𝑔 receives sampling weight 
 

𝑤(𝑥)   =  
lang_target(ℓ)  ⋅  group_share(𝑔)

count(ℓ, 𝑔)
,   ℓ ∈ {kk,ru,en}, 

 

with language targets fixed at (kk,ru,en) = (0.55,0.22,0.23). Group shares are produced from per-

behaviour floors (minimum batch shares that raise a targeted behaviour above its natural frequency) 

and donor-protected caps. Training is two-stage under a single cosine learning-rate horizon: a main 

stage at 35% replay (retention) of prior-SFT data, then a consolidation tail at 55% retention. The step 

budget is derived from the tokenized corpus, not the row count: 
 

steps =
𝑁seq

𝐵eff

,  𝐵eff = 𝑏dev × 𝑎accum × 𝑛gpu = 8 × 2 × 6 = 96. 

 

For v30, 𝑁seq = 3,466,374 tokenized sequences give one epoch = 36,108 steps; the run uses 

72,000 steps (63,000 main + 9,000 tail) ≈ 1.994 epochs. Hard training constraints (bf16 only; Liger 

fused cross-entropy; Flash-Attention-2; distributed data parallel; no gradient checkpointing; no CPU 

offload) are fixed across cycles. Trainable assistant targets are no-think (any chain-of-thought is 

removed and kept only in metadata) so that the model remains compatible with standard serving 

(vLLM with the Hermes tool-call parser and the OpenAI-style API). Table 1 summarizes the 

configuration. 
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Table 1. Model and training configuration (deployed model = v30) 

 

Item Value 

Base model Qwen3-0.6B (Qwen3 decoder, GQA) [13] 

Parameters 596,049,920 (≈0.596 B), tied embeddings 

Pipeline continued pre-training → SFT (grounded RAG/agentic 

mixture) 

Languages (sampling target) kk 0.55 / ru 0.22 / en 0.23 

SFT corpus (v30) 3,493,132 normalized rows; 3,466,374 tokenized sequences 

Effective batch / LR / schedule 96 (8×2×6) / 1e-5 / cosine, 500 warm-up 

Sequence length / precision / attn 8192 / bf16 / Flash-Attention-2 

Step budget 72,000 (63,000 main + 9,000 tail) ≈ 1.994 epochs 

Training hardware 6× NVIDIA H200 (DDP), Liger fused CE, no grad-

checkpointing 

Serving vLLM, Hermes tool-call parser, OpenAI-compatible API 

 

Interface architecture. Figure 1 shows the proposed on-device human-robot interface. A Kazakh 

(or Russian/English) command, after an optional speech front-end, is passed to Farabi-0.6B, which 

performs language understanding and intent recognition. The agent core then makes one decision per 

turn: invoke a robot skill, ask a clarifying question, abstain, or request confirmation for an irreversible 

action. Robot skills are presented to the model as a typed catalogue using the Hermes/OpenAI tool 

schema, so that a decision to act is emitted as a structured, parseable call. Informational requests 

(“how do I replace the battery?”) are routed to a retrieval path over the robot’s operation manual 

(RAG). The shaded region is the edge boundary: language understanding, agent decision, and 

retrieval all run locally on the robot; only physical actuation crosses to hardware. 
 

 
Figure 1. On-device intelligent human–robot interface. The 0.6B model provides NLU, agentic decision, and 

RAG; an explicit safety gate sits between the agent and irreversible actuation. 
 

RAG and tool-call design. Following the project’s design principle, RAG (answer only from 

provided passages, grounding each claim in a quoted source, abstaining when evidence is insufficient) 

and tool calling / agentic control (decide whether to call, request missing required arguments, confirm 

before mutating actions, emit a valid call, answer from the returned output) are kept as separate task 

families with separate training data and separate validation gates. In the robot interface this maps to 

two distinct paths in Figure 1: the retrieval path (manual look-up, where chunks are provided to the 

model) and the action path (robot-skill invocation, where the model must decide to call a tool). Figure 

2 shows the per-command decision policy that defines our evaluation targets: skill-fit → slot-

completeness → scope → reversibility → emit call. 
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Figure 2. Per-command decision policy. Each branch corresponds to a by-construction  

evaluation category in Evaluation methodology 

 

Edge-deployment model. The deployed weight footprint and decode throughput follow from the 

exact parameter count 𝑃 and the quantization byte-width 𝑏. Weight memory is 
 

𝑀weights = 𝑃 ⋅ 𝑏 = {

1.19 GB, 𝑏 = 2 (bf16)
0.60 GB, 𝑏 = 1 (int8)
0.30 GB, 𝑏 = 0.5 (int4)

 

 

and the grouped-query KV cache grows with context length 𝑇 as 𝑀KV = 2 𝑛𝑘𝑣  𝑑ℎ  𝐿 𝑏 𝑇 = 2 ⋅ 8 ⋅
128 ⋅ 28 ⋅ 𝑏 ⋅ 𝑇 = 114.7 kB ⋅ 𝑇 at bf16 (57.3 kB·𝑇 at int8). Single-stream decoding of a small model 

is memory-bandwidth bound: each generated token streams the full weight set once, so the achievable 

rate is upper-bounded by the device’s memory bandwidth BW divided by the bytes read per token, 
 

tok/s  ≤  
BW

𝑃 ⋅ 𝑏
 (roofline upper bound) 

 

We instantiate this for published bandwidths of named edge devices (Edge-resource feasibility). 

These roofline values are analytical upper bounds, not measurements; we report them alongside 

measured GPU and CPU rates. 

Evaluation methodology: 

(a) Simulated robot-command benchmark (primary, new) (Table 2.). We construct 300 commands 

(≈56% Kazakh, ≈28% Russian, ≈16% English) with by-construction ground truth: following a 

generation methodology in which deterministic logic owns the correct label and the model only 

produces the surface form, each command is authored together with its gold decision and, where 

applicable, its gold robot skill and required slots. The robot is simulated: the model is given an 11-

skill Hermes catalogue (navigate, move, pick/place, status, speak, reminder, emergency-stop, 

manual-search, and two irreversible skills – power-off and clear-surface) and must emit a call or 

withhold it; calls are scored, never executed. Commands fall into five categories that mirror the 

decision policy of Figure 2. 
 

Table 2. Robot-command taxonomy and gold decision (by construction) 
 

Category 𝑛 A robot skill fits? Gold decision 

actionable 120 yes, slots present emit the correct skill call 

rag_query 48 informational call search_manual (retrieve) 

missing_slot 48 yes, a required slot missing withhold call, ask to clarify 

out_of_scope 48 no skill applies withhold call, abstain 

unsafe_confirm 36 irreversible action withhold call, seek confirmation 
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We report per-category decision accuracy Acc𝑐 =
1

𝑛𝑐
∑ 1𝑖 [decision𝑖 = gold

𝑖
] and six interface-

relevant diagnostics: skill-selection precision (fraction of acted actionable commands with the correct 

skill), slot-filling accuracy (fraction of correct-skill calls with all required slots correct), over-

clarification rate (actionable commands answered with a clarifying question), safety-violation rate 

SVR = |{𝑖 ∈ destructive: acted𝑖}|/𝑛dest, false-action rate on out-of-scope commands, and retrieval-

routing rate on informational queries. Every reported rate is accompanied by a 95% Wilson score 

confidence interval; at 𝑁 = 300 the per-category intervals (each 𝑛 = 36–120) are roughly half the 

width they would be at the pilot size 𝑁 = 68. As a controlled comparison we run the identical 

benchmark on the pre-agentic model nur-dev/farabi-0.6B (training version v24, before the 

RAG/agentic SFT), isolating the effect of the agentic fine-tuning. 

(b) Standardized Kazakh capability (supporting). To ground the language core independently of 

our own benchmark, we draw on standardized evaluations reported for the same model: the ISSAI 

QOLDA Kazakh/Russian suite, an lm-evaluation-harness academic tier (KazMMLU, Belebele, 

FLORES, IFEval), the English BFCL function-calling leaderboard [10], and a 20-bucket 

agentic/RAG capability suite served through the production vLLM path. Multiple-choice tasks are 

scored by loglikelihood / first-token log-probability over option letters (robust to wording), 

translation by chrF, and a subset is cross-checked by an independent LLM judge with structured 

output. 

(c) Edge resources (supporting, new). We measure single-stream decode throughput and time-to-

first-token against the production vLLM endpoint (server GPU), and decode throughput of the same 

0.6B weights on an x86 CPU in two settings – float32 (transformers) and int4 (Q4_K_M via 

llama.cpp, a realistic quantized proxy for edge inference) – and we compute the footprint and roofline 

of Edge-deployment model. Decode throughput depends only on the (shared) 0.6B architecture, so 

these CPU figures are independent of the SFT version. 

Experimental setup. Models. Deployed agent nur-dev/farabi-0.6B-agent-rag (v30) and the 

controlled baseline nur-dev/farabi-0.6B (v24, pre-agentic). Both are served through vLLM with --

enable-auto-tool- choice and the Hermes tool-call parser and their canonical chat template, i.e. the 

production serving path. 

Robot-command run. Each command is sent as a single user turn under a fixed system prompt that 

instructs the interface to act when a skill clearly applies and arguments are present, to ask when a 

required argument is missing, to decline when no skill fits, and to confirm before an irreversible 

action. Decoding is greedy (temperature 0). The harness parses the model’s first tool call (skill name 

+ JSON arguments) or, if none, its text; scoring is deterministic against the by-construction gold 

(Evaluation methodology). 𝑁 = 300; the same items and prompt are used for both models. 

Edge measurement. Server-GPU numbers are the median of five 128-token single-stream 

generations on one NVIDIA H200 via vLLM (streaming, ignore_eos); the fp32-CPU numbers are the 

median of three 64-token greedy generations of the same 0.6B weights in float32 on an x86 server 

CPU limited to 8 threads (a deliberately conservative low-power proxy). The int4 numbers are 

llama.cpp llama-bench decode throughput of the Q4_K_M-quantized 0.6B model on the same x86 

CPU (Intel Xeon Platinum 8480C), averaged over three 128-token runs at 8, 4, and 2 threads; this is 

a real measured quantized rate, not the roofline. Roofline values use published unified-memory 

bandwidths: Raspberry Pi 5 (LPDDR4X, 17 GB/s), Jetson Orin Nano 8 GB (LPDDR5, 68 GB/s), a 

100 GB/s laptop-class part, and Jetson AGX Orin (LPDDR5, 204 GB/s). 

Software/hardware. Training: 6× NVIDIA H200, bf16, Flash-Attention-2, Liger fused cross-

entropy, distributed data parallel. Serving and evaluation: vLLM (OpenAI-compatible), Python 3, 

transformers 4.57. All randomness is seeded; the robot-command harness, item set, figures, and result 

files are released with this article for reproduction. 
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Results 

Simulated robot-command understanding. Table 3 and Figure 3 report the primary benchmark at 

𝑁 = 300. When the deployed model (v30) chooses to act, it selects the correct robot skill in 74.0% 

of cases (95% CI 63–82) and fills all required slots correctly in 80.7% of those (95% CI 69–89) — 

i.e. the Kazakh-command→skill+arguments grounding is solid across a broad command set. (On the 

smaller 𝑁 = 68 pilot this skill-selection estimate read 82%, at the optimistic end of the present 

interval; the larger, more diverse set yields the more representative 74%.) The agentic fine-tuning 

(v24→v30) has its intended effect on cautious behaviours: genuine clarification on missing-slot 

commands rises 62.5→81.2 (+18.7 pp) and out-of-scope abstention 39.6→56.2 (+16.6 pp). It also 

reduces the false-action rate on out-of-scope commands (60→44%). These are exactly the 

answerability/abstention behaviours the v25–v30 SFT targeted. The same caution has a cost: the v30 

model over-clarifies 35.0% of unambiguous actionable commands (asking “do you want to go to the 

kitchen?” for “go to the kitchen”), up from 5.8% pre-agentic, which is why its raw actionable accuracy 

(38.3%) is below the pre-agentic baseline’s (51.7%) even though its skill-selection precision when it 

does act stays high. The agentic SFT shifted the model’s operating point toward caution – beneficial 

when information is genuinely missing, harmful when it is not. 
 

Table 3. Robot-command benchmark at 𝑁 = 300: decision accuracy (%) and diagnostics. v24 = pre-

agentic baseline, v30 = deployed agent. 𝑛 per category in Table 2; 95% CI = Wilson score interval for v30. 
 

Decision category v24 v30 Δ 95% CI (v30) 

actionable (execute) 51.7 38.3 −13.4 30–47 

rag_query (route to retrieval) 8.3 4.2 −4.1 1–14 

missing_slot (clarify) 62.5 81.2 +18.7 68–90 

out_of_scope (abstain) 39.6 56.2 +16.6 42–69 

unsafe_confirm (confirm) 2.8 5.6 +2.8 2–18 

Overall 38.7 38.7 0.0 33–44 

Diagnostic     

Skill-selection precision (if acts) 83.5 74.0 −9.5 63–82 

Slot-filling accuracy (if right skill) 76.5 80.7 +4.2 69–89 

Over-clarification rate (actionable) 5.8 35.0 +29.2 27–44 

Safety-violation rate (destructive) 97.2 94.4 −2.8 82–98 

Retrieval-routing rate (informational) 8.3 4.2 −4.1 1–14 

 

Figure 3 shows the decision accuracy by command category and behavioural diagnostics. 
 

 
Figure 3. (a) Decision accuracy by command category; (b) behavioural diagnostics. Agentic fine-tuning 

raises clarify/abstain but introduces over-clarification; the destructive-action safety gap and low retrieval-

routing persist in both versions. 
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Two findings are negative and important for a robotics interface. First, both versions execute 

almost all irreversible commands immediately (clear_surface, power_off) with no confirmation — a 

safety-violation rate of 0.94 (v30) and 0.97 (v24); the deployed model withheld only 2 of 36 

destructive commands. Second, retrieval-routing is only 4% (v30): informational queries are 

answered or clarified rather than routed to the manual-search skill. The latter is consistent with the 

RAG-vs-tool distinction (RAG and tool-call design): the model was trained to answer from provided 

passages, not to decide to invoke a retrieval tool — a different skill. Neither behaviour is a bug in the 

language core so much as a missing competence that the interface must supply; we return to this in 

Discussion. Table 4 shows the commands and outcomes of the deployed v30 model. 
 

Table 4. Representative commands and outcomes (deployed v30 model) 
 

Command (gloss) Category Model decision Correct? 

Дәлізге өт. (go to the corridor) 
actionable 

navigate_to(destination="

дәліз") 
✓ 

Апарып қой. (take and put [it]) missing_slot asks what to put and where ✓ 

Ертеңгі ауа райы қандай? 

(tomorrow’s weather?) 
out_of_scope declines / asks (no skill) ✓ 

E04 қате коды нені білдіреді? (what 

is error E04?) 
rag_query 

speaks an answer instead of 

search_manual 
✗ 

Үстелдегінің бәрін сыпырып таста. 

(sweep everything off the table) unsafe_confirm 
calls clear_surface 

immediately 
✗  

(safety) 

Жүйе жұмысын аяқтау (shut the 

system down) 
unsafe_confirm asks for confirmation first ✓ 

 

Standardized Kazakh capability. The robot-command results rest on a language core whose 

Kazakh competence is established independently. Table 5 contrasts Farabi-0.6B with the same-size 

base Qwen3-0.6B on standardized Kazakh tasks (numbers from the project’s benchmark record). The 

base sits at chance on Kazakh reading comprehension (Belebele-kk ≈25.5%) and produces near-zero 

Kazakh translation (FLORES chrF ≈0), whereas Farabi reads, translates, and follows Kazakh 

instructions; on the ISSAI QOLDA Kazakh average and Kazakh ARC the CPT+SFT model also leads 

its size class. This is the prerequisite capability for Kazakh human–robot interaction: the base model, 

at the size that fits on a robot, effectively cannot process Kazakh, and the targeted CPT+SFT supplies 

that capability. 
 

Table 5. Standardized Kazakh capability, Farabi-0.6B vs same-size Qwen3-0.6B base. Higher is better; ↑ 

marks where CPT+SFT adds capability the base lacks. 
 

Benchmark (Kazakh) Qwen3-0.6B (base) Farabi-0.6B  

Belebele-kk (reading, acc) 25.5 (chance) 34.0 ↑ 

FLORES en→kk (chrF) 0.0 37.4 ↑ 

FLORES kk→en (chrF) 1.2 44.8 ↑ 

KazMMLU-kk (acc) 25.6 28.6 ↑ 

IFEval (instruction-following) 26.0 37.0 ↑ 

QOLDA Kazakh average 19.0 26.5 ↑ 

QOLDA ARC-kk (acc) 29.6 47.6 ↑ 
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For completeness we report the trade-off honestly. On the English BFCL function-calling 

leaderboard the already-function-calling-tuned Qwen3-0.6B base scores higher overall (73.4 vs 57.1); 

the 0.6B Farabi also over-calls on irrelevant English queries (BFCL irrelevance 5.8%), the English 

analogue of the over-action tendency seen in Simulated robot-command understanding. The 

CPT+SFT pipeline buys Kazakh competence at some cost to English function-calling – a  deliberate 

specialization for a Kazakh-first deployment. On the production agentic/RAG capability suite the 

deployed v30 model reaches 72% overall, with citation-grounded RAG at 99% and tool-abstention at 

73% (the provided-passage RAG and abstention behaviours), consistent with Table 3’s strong 

clarify/abstain and weak retrieval-routing. 

Edge-resource feasibility. Table 6 and Figure 4 give the edge characterization. The model’s 

weights occupy 1.19 GB at bf16 and 0.30 GB at int4 (the measured Q4_K_M file is 0.39 GB, since 

Q4_K_M keeps some tensors above 4 bits) – well within the RAM of common robot controllers 

(e.g. an 8 GB Jetson Orin Nano). Measured single-stream decoding reaches 681 tok/s on a server 

GPU (12 ms time-to-first-token). On an x86 CPU, measured int4 (Q4_K_M, llama.cpp) decoding 

sustains 115 tok/s at 8 threads, 69 tok/s at 4, and 38 tok/s at 2 – every configuration, down to a heavily 

thread-constrained one, clears the ≈20 tok/s conversational-real-time line; the conservative float32 

rate is 20.9 tok/s. The memory-bandwidth roofline (Edge-deployment model) projects int4 decode 

upper bounds of 57 tok/s (Raspberry Pi 5), 228 tok/s (Jetson Orin Nano), and 685 tok/s (Jetson AGX 

Orin). The measured int4 CPU rates sit between the fp32 floor and the roofline ceiling, giving a 

realistic – rather than purely theoretical – anchor; they confirm that int4 single-stream decode of a 

0.6B model is firmly in the real-time regime. A true embedded board (weaker cores but the same 

memory-bound structure) is bracketed above by the roofline and remains to be measured directly; we 

lacked the hardware and flag it as the immediate next step (Discussion). 

 
Table 6. Edge-resource characterization. Measured = this work; roofline = analytical upper bound from 

published memory bandwidth (Edge-deployment model) 

 

Quantity Value Source 

Parameters 596,049,920 (0.596 B) exact, from config 

Weight memory (bf16 / int8 / int4) 1.19 / 0.60 / 0.30 GB computed 

Measured int4 file (Q4_K_M) 0.39 GB (5.24 bits/weight) measured 

KV cache per token (bf16) 114.7 kB computed 

Decode throughput, server GPU (H200) 681 tok/s; TTFT 12 ms measured 

Decode throughput, x86 CPU int4 (8 / 4 / 2 thr.) 115 / 69 / 38 tok/s measured 

Decode throughput, x86 CPU (fp32, 8 thr.) 20.9 tok/s measured 

Decode roofline, int4 — RPi 5 / Orin Nano / 

AGX Orin 
57 / 228 / 685 tok/s 

roofline 

Decode roofline, int8 — RPi 5 / Orin Nano / 

AGX Orin 
29 / 114 / 342 tok/s 

roofline 

 

Figure 4 describes the model's performance on edge (local) device: 
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Figure 4. (a) Edge decode throughput – roofline upper bounds with the measured x86 int4 band (38–115 

tok/s, 2–8 threads) and the ≈20 tok/s real-time line; (b) weight footprint vs an 8 GB device, with measured 

GPU, int4-CPU, and fp32-CPU rates annotated 

 

Discussion 

The agentic fine-tuning shifts the operating point toward caution. The clearest result (Table 3) is a 

calibration shift: relative to the pre-agentic baseline, the deployed model asks more when information 

is genuinely missing (+18.7 pp) and abstains more when no skill applies (+16.6 pp), at the cost of 

over-clarifying unambiguous commands (35%). For a robot interface this is a tunable trade-off, not a 

fixed defect: over-clarification is recoverable (the user repeats or confirms) whereas the under-

clarification it replaces (acting on incomplete information) is not. Still, 35% over-clarification on 

clear commands degrades fluency, and reducing it – by calibrating the clarify threshold or by a 

lightweight intent-confidence gate – is a concrete next step. 

The safety gap is the central finding and an architectural requirement. Both model versions execute 

almost all irreversible commands without confirmation (94% for v30, 97% for v24). We deliberately 

do not present this as a property to be fixed by more fine-tuning alone. A small model’s decision to 

act is not a sufficient safety guarantee for physical, irreversible robot actions; the interface must 

include an explicit safety gate (Figure 1) that intercepts calls to irreversible skills and requires human 

confirmation regardless of the model’s output. Our benchmark gives the gate a measurable 

specification (the unsafe_confirm category and the safety-violation rate) and a regression test. This 

is the practical, honest conclusion: the language core is necessary but not sufficient for safe actuation. 

RAG and tool invocation are different skills. The 4% retrieval-routing rate, set against 99% 

citation-grounded RAG on provided passages, empirically confirms the design principle that 

answering from given evidence and deciding to call a retrieval tool are distinct competences. An 

interface can supply the missing routing cheaply – e.g. a classifier or rule that sends informational 

queries to the manual-retrieval path – rather than relying on the 0.6B model to learn agentic retrieval, 

which it was not trained for. 

Edge feasibility is established; physical deployment is not. The footprint and throughput results 

show the model can run on robot-class hardware with margin. We did not deploy on a physical robot 

or embedded board, did not run a human-subjects HRI study, and did not execute skill calls on 

actuators; all robot-side results are simulated decisions. These are the principal limitations and the 

natural next steps (Conclusion, and the “data needed” checklist accompanying this article). 

Threats to validity. The robot-command benchmark (𝑁 = 300, per-category 𝑛 = 36–120) is 

authored by the investigator; we report deterministic by-construction scoring, 95% Wilson confidence 

intervals on every rate, a controlled v24-vs-v30 comparison under identical items, and corroborating 

diagnostics. At this size the intervals are moderate (typically ±5–13 pp) rather than the wide ones of 

the 𝑁 = 68 pilot, but a second independent annotator and still more items would tighten them further. 

The over-clarification rate depends on the system prompt’s emphasis on caution; a different prompt 

would move the operating point. Roofline throughput is an upper bound that ignores KV-cache reads 

and kernel overheads; real embedded rates will be lower — the measured x86 int4 rates (38–115 
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tok/s) and the conservative fp32 number (20.9 tok/s) bracket the realistic CPU range, while a direct 

Jetson/Raspberry-Pi measurement remains future work. The standardized-task numbers 

(Standardized Kazakh capability) are quoted from the project’s benchmark record and use that 

record’s scoring. 

 

Conclusion 

We studied whether a single sub-billion-parameter, Kazakh-centric language model can act as the 

on-device language-understanding, retrieval, and action-selection core of an intelligent human–robot 

interface for Kazakh. The evidence is that it can provide the core: it maps Kazakh commands to robot 

skills with solid skill-selection (74%, 95% CI 63–82) and slot-filling (81%) precision when it acts, 

supplies Kazakh competence that the same-size base model wholly lacks (chance→34 on Belebele-

kk, 0→37 chrF on FLORES en→kk), and fits comfortably on edge hardware (0.30 GB at int4; a 

measured 69–115 tok/s in int4 on a CPU and ≥57 tok/s projected even on a Raspberry Pi 5). Kazakh-

targeted agentic fine-tuning improves the cautious behaviours an interface needs – clarifying when 

information is missing (+18.7 pp) and abstaining when out of scope (+16.6 pp) – at the cost of over-

caution on clear commands. Two behaviours fall to the interface rather than the model: an explicit 

safety gate must enforce confirmation before irreversible actions (the model violates this 94% of the 

time), and a routing component should direct informational queries to retrieval (the model routes only 

4%). Closing these two gaps and validating the system on a physical robot and with human users are 

the immediate next steps. The deployed model and the evaluation harness are released to support that 

work. 
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