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Abstract

Generating contextually coherent multi-turn
dialogue in Telugu requires resolving three
deeply interacting constraints absent from
generic LLM prompting: morphologically en-
coded social hierarchy (honorific verb conjuga-
tions), strict SOV agglutinative syntax, and cul-
turally governed emotional logic formalised in
Natyashastra rasa theory (Bharata Muni, 1951).
We introduce LIMP (Linguistically-Informed
Multi-Strategy Prompting), an inference-time,
training-free framework that injects expert lin-
guistic and cultural knowledge into prompt
structure, requiring no fine-tuning or labelled
data. We empirically evaluate seven config-
urations spanning four prompting strategies
across two model backbones on 500 strati-
fied evaluation instances from the IndicDia-
logue Telugu corpus (Arnob et al., 2024): a
zero-shot baseline, LIMP-RAW (dense con-
straint prompt), LIMP-COT (six-stage an-
alytical scaffold grounded in rasa theory
and Telugu morphological grammar), and a
context-compressed CoT variant for SARVAM-
1. LIMP-COT achieves 2x higher Jaccard
and Dice than LIMP-RAW on GEMMA-3-1B-
IT (Gemma Team, Google DeepMind, 2025)
(1B parameters): Jaccard =0.0140 vs. 0.0098,
Dice=0.0274 vs. 0.0193 (p < 0.001), demon-
strating that sequential analytical commitment
to linguistic constraints produces more form-
faithful Telugu than holistic constraint injec-
tion. Under LLM-as-judge evaluation, LIMP-
COT achieves the highest Adequacy (3.90
0.91) among GEMMA-3-1B-IT configurations,
while LIMP-R AW achieves the highest Fluency
(4.07 £ 0.93). The zero-shot baseline achieves
the highest BERTSCORE F; (0.9760) across
all configurations, revealing a three-way dis-
sociation: automatic semantic metrics favour
zero-shot generation, fluency favours dense
constraint prompting, and contextual adequacy
favours sequential scaffolding. This semantic—
lexical-pragmatic dissociation, where no sin-
gle configuration dominates across all metric
classes, is itself a substantive finding: in agglu-
tinative Telugu, semantic paraphrase fidelity,
morphosyntactic surface fidelity, and pragmatic
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adequacy are orthogonal evaluation dimensions
that must be assessed concurrently.

1 Introduction

Multi-turn dialogue generation is the task of
producing contextually coherent responses con-
ditioned on a sequence of prior conversational
turns. Unlike single-turn generation, the model
must jointly track discourse state, speaker in-
tent, and pragmatic coherence across multiple
exchanges while avoiding generic or context-
insensitive outputs—a challenge that has driven
a research trajectory from hierarchical recurrent ar-
chitectures (Serban et al., 2016) through large-scale
conversational pretraining (Zhang et al., 2020b) to
instruction-tuned generative models (Brown et al.,
2020). Diversity and specificity in generation re-
main persistent failure modes (Li et al., 2016;
Holtzman et al., 2020), and even frontier LLMs
require careful conditioning to maintain coherence
across long conversational contexts (Roller et al.,
2021; Bang et al., 2023).

Multi-turn dialogue generation in Telugu—a
morphologically rich Dravidian language spoken
by approximately 82 million people (Eberhard
et al., 2023)—poses constraints of a qualitatively
different order. Telugu verb conjugations encode
the speaker-addressee power relationship as a gram-
matical obligation: the distinction between hon-
orific endings such as -funnaaru and familiar end-
ings such as -funnaavu is a categorical social obli-
gation (Krishnamurti, 2003; Steever, 1998). Telugu
is additionally a canonical SOV language whose
agglutinative morphology yields a combinatorially
large surface paradigm; models trained predomi-
nantly on Indo-European corpora exhibit degraded
cross-lingual transfer performance on typologically
distant languages (Wu and Dredze, 2019), and sys-
tematically produce word-order errors in SOV lan-
guages such as Telugu (Subbarao, 2012). A fur-
ther constraint, unique to the cinematic domain, is
rasa, the classical Indian theory of aesthetic emo-
tion codified in the Natyashastra (Bharata Muni,
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1951): each conversational turn is governed by one
of nine canonical emotional categories (Sreejith
et al., 2017). These three constraints operate si-
multaneously and interdependently, and Dravidian
languages remain systematically underserved by
both multilingual pretraining corpora and existing
dialogue architectures (Joshi et al., 2020; Ahuja
etal., 2023).

Contemporary LLMs exhibit broad multilin-
gual competence yet do not encode these Telugu-
specific morphological and cultural priors. Generic
chain-of-thought (CoT) prompting (Wei et al.,
2022) decomposes reasoning into ordered steps
but defines those steps task-abstractly, provid-
ing no guidance for culturally or morphologically
grounded generation (Shi et al., 2023), and low-
resource settings preclude the data-intensive fine-
tuning paradigm (Lauscher et al., 2020). We
introduce LIMP (Linguistically-Informed Multi-
Strategy Prompting), an inference-time, training-
free framework that injects expert linguistic and
cultural knowledge directly into the prompt, re-
quiring no labelled data or parameter updates. We
empirically evaluate seven configurations—four for
GEMMA-3-1B-IT (Zero-Shot, No-LIMP, LIMP-
RAw, LIMP-COT) and three for SARVAM-1 (Zero-
Shot, LIMP-RAW, CoT-Compressed)—on 500 sta-
tistically independent evaluation instances from
the IndicDialogue Telugu corpus (Arnob et al.,
2024) using nine complementary metrics span-
ning semantic fidelity, lexical overlap, character-
level morphology, and generation diversity. LIMP-
CoT on GEMMA-3-1B-IT (Gemma Team, Google
DeepMind, 2025) (1B parameters) achieves 2 x
higher Jaccard and Dice than LIMP-RAW on
the same backbone (Jaccard =0.0140 vs. 0.0098;
Dice =0.0274 vs. 0.0193; p < 0.001), demonstrat-
ing that sequential analytical commitment to lin-
guistic constraints produces more form-faithful Tel-
ugu than holistic constraint injection. Under LLM-
as-judge evaluation, LIMP-COT achieves the high-
est Adequacy (3.90 £0.91) among GEMMA-3-1B-
IT configurations, confirming that the CoT scaf-
fold anchors the model more tightly to the prag-
matic demands of the dialogue context. A con-
current finding is a semantic—lexical-pragmatic
dissociation: the zero-shot baseline achieves the
highest BERTSCORE F; (0.9760), LIMP-RAW
achieves the highest Fluency (4.07), and LIMP-
COT achieves the highest Adequacy (3.90), con-
firming that these are orthogonal evaluation dimen-
sions in agglutinative Telugu.
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2 Related Work

Neural multi-turn dialogue generation has pro-
gressed from hierarchical recurrent encoder-
decoders (Serban et al., 2016) through large-scale

pretraining on conversational corpora (Zhang et al.,

2020b) to modular open-domain systems (Roller

et al., 2021). Maximum mutual information objec-
tives (Li et al., 2016) and nucleus sampling (Holtz-
man et al., 2020) address the generic response prob-
lem, while in-context few-shot learning (Brown

et al., 2020) enables generative control without pa-
rameter updates. Chain-of-thought prompting (Wei

et al., 2022) substantially improves LLM reason-
ing through step-by-step decomposition, and its

extensions—zero-shot (Kojima et al., 2022), self-
consistent (Wang et al., 2023), tree-structured (Yao

et al., 2023), least-to-most (Zhou et al., 2023),

and complexity-based (Fu et al., 2023)—establish

staged analytical commitment as a robust mecha-

nism for compositionally difficult tasks. All exist-

ing CoT formulations, however, define reasoning

stages task-abstractly without encoding domain-

expert linguistic knowledge, and distracting or erro-
neous intermediate steps propagate through the rea-
soning chain and degrade generation quality (Shi

et al., 2023). The NusaCrowd initiative (Cahyawi-

jaya et al., 2023) establishes open-source NLP re-

sources and benchmarks for Indonesian languages—
the closest regional parallel to Dravidian resource

work—but does not address culturally grounded

generation or prompting strategies; no prior work

has grounded CoT stages in Natyashastra rasa the-
ory or Telugu morphological grammar.

The Indic NLP landscape has been significantly
expanded by a sequence of infrastructure contri-
butions: MURIL (Khanuja et al., 2021) provides
BERT-scale multilingual pretraining over 17 Indian
languages; the IndicNLP Suite (Kakwani et al.,
2020) and Al4Bharat corpora (Kunchukuttan et al.,
2020) establish monolingual benchmarks; XLM-
R (Conneau et al., 2020) demonstrates large-scale
cross-lingual transfer; and IndicTrans2 (Gala et al.,
2023) sets the frontier for Indic translation. De-
spite this progress, Dravidian languages remain
systematically underrepresented, with persistent
performance gaps documented across frontier mod-
els (Joshi et al., 2020; Ahuja et al., 2023). BPE
tokenisation conflates morphological boundaries
in agglutinative languages (Sennrich et al., 2016b;
Bostrom and Durrett, 2020; Mielke et al., 2021),
and multilingual tokenisers consistently under-



segment Dravidian text (Rust et al., 2021), directly
inflating subword overlap metrics for semantically
distinct forms. BERTSCORE (Zhang et al., 2020a)
is substantially more robust to agglutinative surface
variation than BLEU (Papineni et al., 2002), whose
failure modes for morphologically rich languages
are well-documented (Callison-Burch et al., 2006;
Post, 2018; Mathur et al., 2020); these findings
collectively motivate our Unicode purity filter and
multi-metric evaluation design.

Computational politeness research has pro-
ceeded from foundational politeness theory (Brown
and Levinson, 1987) through NMT side constraints
for T-V distinction control (Sennrich et al., 2016a),
polite dialogue generation (Niu and Bansal, 2018),
politeness style transfer (Madaan et al., 2020), and
comprehensive landscape surveys (Prabhakaran
et al., 2024). All of this work assumes binary or
gradient politeness scales that are structurally in-
adequate for Telugu’s multi-tier categorical hon-
orific system (informal, polite, formal) (Krishna-
murti, 2003; Steever, 1998). Rasa theory has re-
cently been applied computationally to sentiment
analysis (Sreejith et al., 2017) and Sanskrit po-
etry (Sandhan et al., 2023), with calls to move
beyond Western-centric emotion taxonomies in
NLP (Plaza-del Arco et al., 2024). In all prior work
reviewed here, rasa functions as a post-hoc classi-
fication label applied to existing text. LIMP-COT
instead positions rasa identification as the upstream
Stage 1 commitment from which all morphological
and pragmatic decisions are derived, treating rasa
as a forward constraint on generation rather than a
retrospective annotation. Whether this scaffolding
produces outputs that are genuinely rasa-coherent
remains an open empirical question requiring hu-
man evaluation by domain experts (§6).

3 Methodology

Figure 1 illustrates the end-to-end LIMP pipeline.
Raw IndicDialogue data is subjected to a Telugu
Unicode purity filter, segmented into five-turn eval-
uation instances by a non-overlapping sliding win-
dow, stratified into a 500-sample evaluation corpus,
and passed through one of the evaluated LIMP
prompting strategies before decoding by the gener-
ation backbone. Generated outputs are evaluated
against gold references using nine complementary
metrics.

We use the Telugu subset of the IndicDia-
logue corpus, a subtitle-derived dataset of 10 In-
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Figure 1: The end-to-end LIMP pipeline.

dic languages distributed as line-delimited JSONL
files (Arnob et al., 2024), comprising Telugu-
language subtitle data sourced from OpenSubti-
tles.org (75 files; =90,950 dialogue instances). The
corpus includes both original Telugu productions
and dubbed content; dubbed material may not ex-
hibit authentic rasa arcs or native honorific pat-
terns, a limitation acknowledged in §6. Where
the data derives from original Telugu productions,
the cinematic domain encodes speaker hierarchy,
emotional rasa arc, and regional dialect simultane-
ously in each turn—making it a substantive testbed
for the three generation constraints described in
§1. Telugu NLP data is heavily contaminated by
transliteration, code-mixing, and subtitle process-
ing artifacts (Kunchukuttan et al., 2020). We there-
fore apply a strict Unicode purity filter requiring
every script-carrying character to fall within the
Telugu block (U+0C00-U+0C7F); lines with zero
Telugu-block characters are discarded, while script-
neutral characters (punctuation, numerals, whites-
pace) are preserved. This ensures that all down-
stream generation contexts contain authentic Tel-
ugu morphology rather than romanised or mixed-
script artefacts. Segmentation proceeds via a slid-
ing window of size k = 5 with stride k = 5, ap-
plied within individual movie boundaries to prevent
narrative contamination across screenplay bound-
aries and to ensure that every evaluation instance
is statistically independent. Each evaluation in-
stance is a five-tuple (c1, co, ¢3, c4,7) comprising
a four-turn context and a gold reference response 7.
From the filtered corpus we draw 500 evaluation
instances via interleaved stratified sampling (se-
lecting every | N/500]-th evaluation instance to
preserve proportional movie representation), then
apply a global shuffle at seed 42 to prevent ordering
artefacts.

LIMP encodes linguistic and cultural expert
knowledge as structured prompt constraints, replac-
ing the model’s implicit, and in low-resource Dra-
vidian settings often absent, encoding of Telugu-



specific grammar with explicit inference-time in-
struction (Brown et al., 2020). Two strategies con-
stitute the framework on a spectrum from dense
simultaneous constraint injection to sequential ana-
lytical scaffolding.

3.0.1 LIMP-RAW: Dense Constraint
Prompting

LIMP-RAW is a single, densely structured prompt
of ~480 tokens encoding five categories of linguis-
tic and cultural constraints as hard generation rules:

C1. Honorific Register Rules. Verb-ending inven-
tories: honorific (-tunnaaru, -cheshaaru) and
familiar (-funnaavu, -cheshaavu), keyed to
speaker—addressee social rank (Steever, 1998).

C2. SOV Word Order. An explicit instruction
that Telugu is a strict SOV language, with a
contrastive correct/incorrect example illustrat-

ing the target syntax (Krishnamurti, 2003).

C3. Agglutinative Morphology. Post-positional
suffix inventory for case markers (-ki, -tho, -lo,
-nundi) with a rule prohibiting free-standing

prepositions (Krishnamurti, 2003).

C4. Three-Dialect Discrimination. Diagnos-
tic lexical markers distinguishing standard
Coastal Andhra Telugu, colloquial Telan-
gana/Hyderabadi Telugu (Urdu substrate), and

Rayalaseema Telugu.

Cs. Conventions.

shapes  for

Five Cinematic Genre
Genre-specific  rhetorical
action/confrontation, family drama, ro-
mance/sringara, comedy/hasya, and
social/art-house dialogue.

All five constraint categories are delivered si-
multaneously; the model integrates them holisti-
cally during auto-regressive generation without an
explicit reasoning trace. Output constraint: sin-
gle spoken line, Telugu Unicode only (U+0C00—
U+0C7F), no transliteration.

3.0.2 LIMP-CoOT: Six-Stage Analytical
Scaffold

LIMP-COT extends the constraint vocabulary of
LIMP-RAW into a sequential analytical chain-of-
thought scaffold (Wei et al., 2022) of ~920 tokens.

In Telugu dialogue, rasa, speaker hierarchy, and
morphological register are interdependent: each
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must be committed to before the next can be re-
solved. LIMP-COT enforces this ordering through
six analytically chained stages:

Stage 1: Rasa Identification. Identify dominant
rasa from the nine Natyashastra cate-
gories (Bharata Muni, 1951) and char-
acterise the emotional arc (escalating /
de-escalating / pivoting). Rasa is the
most upstream constraint (Sreejith et al.,
2017).

Stage 2: Speaker Relationship and Power Axis.
Map the speaker-addressee relationship
onto hierarchical position (superior /
equal / subordinate) and emotional align-
ment, then derive the mandatory Telugu
honorific form (Steever, 1998).

Stage 3: Genre and Scene Type. Classify cin-
ematic genre and name the scene type
(e.g., villain-hero confrontation, mother-
son reconciliation).  Scene type de-
termines rhetorical shape (Wierzbicka,
1991).

Stage 4: Linguistic Register. Commit to: (a) ex-
act honorific verb endings; (b) target di-
alect (coastal Andhra / Telangana / Ray-
alaseema); (c) code-switching calibration.
Explicit commitment prevents underspec-
ification defaults (Jiang et al., 2020).
Stage 5: Narrative Function. Select exactly
one of seven narrative functions (esca-
lation, revelation, defiance, vulnerability,
ironic pivot, efc.) to preserve rhetorical
force (Chatman, 1980; Holtzman et al.,
2020).

Stage 6: Final Generation. Synthesise all prior
commitments into a single spoken Tel-
ugu line (Unicode-only, no translitera-

tion) (Jiang et al., 2020).

The six stages are analytically interdependent:
each takes the outputs of all prior stages as input,
creating a commitment chain that distinguishes
LIMP-COT from both generic CoT (Wei et al.,
2022) and LIMP-RAwW. The cost of this preci-
sion is reduced paraphrastic freedom, producing
the semantic—lexical dissociation characterised in

§5.



We evaluate all configurations with nine com-
plementary metrics spanning the semantic—lexical—
pragmatic measurement space. BERTSCORE
F1 (Zhang et al., 2020a) computes soft token-
level matching via MURIL contextual embed-
dings (Khanuja et al., 2021), rewarding seman-
tically equivalent paraphrases rather than penal-
ising valid surface alternations. Cosine similar-
ity operates on the same dense MURIL embed-
dings and measures high-level topical alignment
in vector space. The character n-gram F-score
(chrF) (?) provides character-level evaluation that
is highly effective for agglutinative morphology,
directly capturing partial suffix matches that word-
level metrics miss entirely. BLEU (Papineni et al.,
2002) and ROUGE-L are included as legacy base-
lines that reviewers expect, despite their well-
documented failure modes for morphologically rich
languages (Callison-Burch et al., 2006; Post, 2018;
Mathur et al., 2020). Subword Jaccard similar-
ity, J(H,R) = |H N R|/|H U R|, and the Dice
coefficient, D(H,R) = 2|H N R|/(|H| + |R|),
measure lexical overlap over subword token sets
and index morphological form fidelity (Bhat and
Sharma, 2013; Sgrensen, 1948). Distinct-1 and
Distinct-2 (Li et al., 2016) measure the ratio of
unique unigrams and bigrams in the generated out-
put, penalising repetitive or degenerate generation.

All pairwise comparisons use paired ¢-tests and
Wilcoxon signed-rank tests (Wilcoxon, 1945) at
N = 500. Effect sizes are reported as Cohen’s
d (Cohen, 1988). Per-sample win rates provide a
distribution-free summary statistic.

4 Experimental Setup

All experiments are implemented in Python 3.10
using transformers v4.40.0 (Wolf et al,
2020), PyTorch v2.3.0 (Paszke et al., 2019), and
scipy v1.13.0 (Virtanen et al., 2020), running on
a single NVIDIA RTX A6000 48 GB GPU and
Weights & Biases experiment tracking (Weights
& Biases, 2020). Models are loaded in FP16 with
SDPA attention. GEMMA-3-1B-IT (Gemma
Team, Google DeepMind, 2025) is a 1B-parameter
instruction-tuned decoder-only transformer with a
128K token context window, evaluated under four
configurations: Zero-Shot (raw context with no
injected constraints), No-LIMP (raw context with
a minimal continuation instruction but no linguistic
framework), LIMP-RAwW, and LIMP-COT.
SARVAM-1 (Sarvam Al, 2024) is a 2B Indic-
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focused decoder-only model with a 4,096-token
effective context window, evaluated under three
configurations: Zero-Shot, LIMP-RAW, and CoT-
Compressed—a condensed =~241-token version
of the LIMP-COT scaffold designed to fit within
SARVAM-1’s context limit while preserving all six
reasoning stages. All seven configurations decode
greedily (num_beams=1, do_sample=False,
max_new_tokens=256) to ensure repro-
ducibility and to isolate prompt-structure effects
from stochastic generation variance. MURIL
(google/muril-base—-cased) (Khanuja
et al., 2021) serves as the BERTSCORE reference
model for all semantic fidelity evaluations.

5 Results

We evaluate seven configurations on 500 Telugu
evaluation instances. The primary finding is that
LIMP-COT achieves 2x higher Jaccard and Dice
than LIMP-RAW on the same backbone (Jac-
card: 0.0140 vs. 0.0098; Dice: 0.0274 vs. 0.0193;
p < 0.001), demonstrating that sequential ana-
lytical commitment to linguistic constraints pro-
duces more form-faithful Telugu than holistic con-
straint injection. Under LLM-as-judge evalua-
tion, LIMP-COT achieves the highest Adequacy
(3.90 £ 0.91) among GEMMA-3-1B-IT configura-
tions, while LIMP-R AW achieves the highest Flu-
ency (4.0740.93). The zero-shot baseline achieves
the highest BERTSCORE F; (0.9760) across all
configurations. This semantic—lexical-pragmatic
dissociation, where no single configuration dom-
inates across all metric classes, is a substantive
finding: automatic semantic metrics, morphosyn-
tactic surface fidelity, and pragmatic adequacy are
orthogonal evaluation dimensions in agglutinative
Telugu. Table 1 presents full quantitative results;
Table 2 presents LLLM-as-judge ratings.
LIMP-COT achieves Jaccard=0.0140 and
Dice =0.0274, both higher than LIMP-RAW (Jac-
card =0.0098, Dice =0.0193), with all differences
statistically significant (p < 0.001, paired ¢-test
and Wilcoxon (Wilcoxon, 1945)). This is consis-
tent with Stage 4 of the CoT scaffold, which re-
quires explicit commitment to specific verb endings
and dialect markers before generation, anchoring
the output to precise surface tokens in the gold ref-
erence. Absolute Jaccard and Dice values are low
across all configurations, as expected: exact sub-
word token matching in an agglutinative paradigm
is combinatorially difficult even for semantically



Model Strategy Cosinet BS-F11 chrF{ BLEU?T Jaccard? Dicet Dist-1T Dist-27
GEMMA-3-1B-IT Zero-Shot 0.9919 09760 0.0782 0.0184 0.0423  0.0760 0.9514 0.7807
GEMMA-3-1B-IT No-LIMP 0.9921 09712 0.1006 0.0080 0.0289  0.0547 0.8785 0.9787
GEMMA-3-1B-IT LIMP-RAw 0.9889  0.9704 0.0069 0.0029 0.0098  0.0193 0.8963 0.9948
GEMMA-3-1B-IT LIMP-COT 0.9899  0.9715 0.0205 0.0038 0.0140  0.0274 0.8923  0.9907
SARVAM-1 Zero-Shot 0.9919 09721 0.0706 0.0074 0.0247  0.0469 0.9309 0.9845
SARVAM-1 LIMP-RAW 0.9883  0.9709 0.0030 0.0037 0.0097  0.0191 0.9960 0.9997
SARVAM-1 CoT-Compressed 0.9885  0.9707 0.0017 0.0031 0.0077  0.0152  0.9982 1.0000

Table 1: Main results on 500 Telugu evaluation instances. BS-F; = BERTScore F; computed with MURIL
backbone. Bold = best per column. Note: BLEU, Jaccard, Dice, and chrF values are close to zero across all
configurations, as expected for an agglutinative language where root words merge with post-positional suffixes,
creating a combinatorially large surface paradigm that penalises exact n-gram and token overlap metrics.

Configuration Adequacy Fluency Overall K
GEMMA-3-1B-IT Zero-Shot ~ 3.80 +0.98 3.80+1.05 4.17 +0.82 0.130
GEMMA-3-1B-IT LIMP-RAW 3.60 £0.84 4.07 +0.93 3.83 +0.82 0.079

GEMMA-3-1B-1T LIMP-COT 3.90 £0.91 3.87+0.81 3.97 £0.80 —0.003
SARVAM-1 LIMP-RAW 4.00+0.93 3.834+0.69 4.10£0.79 0.040
SARVAM-1 CoT-Comp 3.97£1.02 3.97£1.11 3.70+0.74 0.032

Table 2: LLM-as-judge evaluation on a stratified sample
of 500 instances. Ratings are on a 1-5 integer scale
(1 =unacceptable, 5=excellent). s = inter-judge Co-
hen’s Kappa on the Overall dimension. LIMP-COT
achieves the highest Adequacy among GEMMA-3-1B-
IT configurations; LIMP-RAW achieves the highest
Fluency.

correct responses (Bhat and Sharma, 2013; Mielke
et al., 2021). The zero-shot baseline achieves the
highest Jaccard (0.0423) and Dice (0.0760) overall,
indicating that unconstrained generation more fre-
quently produces surface-coincident outputs, while
LIMP-prompted outputs diverge from reference
surface forms in service of pragmatic correctness,
a trade-off confirmed by the judge evaluation.

The LLM-as-judge results (Table 2) reveal
a dissociation between fluency and adequacy.
LIMP-RAW produces highly fluent Telugu (Flu-
ency =4.07, the highest among all configurations)
but incurs a sharp drop in Adequacy (3.60), fail-
ing to anchor the output firmly to the conversa-
tional context. Injecting the CoT scaffold reverses
this: LIMP-COT raises Adequacy to 3.90 while
maintaining comparable Fluency (3.87), Cohen’s
Kappa values are in the slight-to-fair range across
configurations (x = —0.003 to 0.130), reflecting
the inherent subjectivity of evaluating culturally-
embedded cinematic Telugu; native speaker anno-
tation remains the necessary validation step.

On the cross-model comparison, SARVAM-1
LIMP-RAW (2B, Indic-pretrained) achieves Jac-

Semantic-Lexical Dissociation
(10,000 Telugu Evaluation Instances x 3 Configs)

0.254 [Overallr = -0.0863 Gemma Raw (1_BS=0.9709, 1 J=0.0211)

p = 0.0000 Gemma CoT (u1_BS=0.9637, 1 J=0.0436)

N = 30,000 Sarvam Raw (1_BS=0.968, 1 J=0.0052)
== Trend (r = -0.0863)

0.20 4
0.15

0.10 O

y i
0.051 I {
0.001 el ot I

0.86 0.88 0.90 0.92 0.94 0.96 0.98 1.00
BERTScore F1 (Semantic Fidelity)

Jaccard Similarity (Lexical Overlap)

Figure 2: Visualisation of the semantic—lexical dis-
sociation. Each point is one of the 500 evaluation
samples. The absence of positive correlation between
BERTSCORE F; and Jaccard confirms that the two met-
ric classes capture orthogonal dimensions of Telugu
dialogue generation quality.

card=0.0097 and Dice=0.0191, comparable to
GEMMA-3-1B-IT LIMP-RAW (Jaccard =0.0098,
Dice =0.0193), while GEMMA-3-1B-IT LIMP-
CoOT (Jaccard =0.0140) outperforms both on lex-
ical fidelity. This pattern is consistent with the
hypothesis that structured linguistic scaffolding is
a more productive lever than parametric scale for
form-faithful generation, though the comparison
remains partially confounded: SARVAM-1 CoT-
Compressed uses a condensed scaffold rather than
the full LIMP-COT prompt, and observed differ-
ences reflect the joint effect of model capability
and prompt fidelity. LIMP-COT also exhibits sub-
stantially higher output variance on lexical met-
rics, attributable to reasoning-chain collapse when
early stages err (e.g., misidentified rasa propagates
through all downstream commitments) (Shi et al.,
2023).
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6 Conclusion

We introduced LIMP, a training-free prompting
framework for Telugu multi-turn dialogue genera-
tion that injects rasa theory, honorific morphology,
dialectal variation, and cinematic genre conven-
tions at inference time, demonstrating that expert
linguistic knowledge can be encoded in prompt
structure without fine-tuning or additional com-
pute.

The primary empirical finding is that LIMP-
COT achieves 2x higher Jaccard and Dice
than LIMP-RAW on the same backbone (Jac-
card=0.0140 vs. 0.0098; p < 0.001), establish-
ing that sequential analytical commitment to lin-
guistic constraints produces more form-faithful
Telugu than holistic constraint injection. Under
LLM-as-judge evaluation, LIMP-COT achieves
the highest Adequacy (3.90 £ 0.91) while LIMP-
RAW achieves the highest Fluency (4.07 £ 0.93),
confirming that fluency and pragmatic adequacy
are dissociable and that the CoT scaffold specifi-
cally addresses the adequacy deficit of dense con-
straint prompting. The zero-shot baseline achieves
the highest automatic metric scores (BERTSCORE
F1=0.9760; chrF=0.0782; Jaccard =0.0423), es-
tablishing a strong floor and motivating the multi-
dimensional evaluation framework: automatic met-
rics alone are insufficient to capture pragmatic qual-
ity in culturally-embedded Telugu dialogue. No
single configuration dominates across all metric
classes.

This work has five limitations that bound the
scope of its findings. First, the absence of human
evaluation by native Telugu speakers is a critical
gap. All morphosyntactic and cultural claims, in-
cluding rasa coherence and honorific correctness,
are inferred from automatic metrics and proxy
judge models and require human validation before
strong interpretive claims can be made. Second, the
cross-model comparison is partially confounded:
SARVAM-1 is evaluated under a compressed CoT
scaffold rather than the full LIMP-COT prompt, so
the observed lexical fidelity gap reflects the joint ef-
fect of model capability and prompt completeness
and cannot be attributed to either factor in isola-
tion. Third, rasa identification accuracy in Stage 1
is unverified. Errors may propagate through the
full commitment chain and silently degrade out-
put quality without detection by automatic metrics.
Fourth, all results are domain-specific to subtitle-
derived dialogue. The evaluation corpus is drawn
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from OpenSubtitles.org (Arnob et al., 2024) and
may include dubbed foreign content alongside orig-
inal Telugu productions. Dubbed material does
not necessarily exhibit authentic rasa patterns or
native honorific morphology, potentially reducing
the cultural validity of both evaluation instances
and gold references. This confound cannot be re-
solved without per-instance provenance metadata
not currently available in the corpus, and gener-
alisation to conversational, formal, or journalistic
Telugu registers remains uncharacterised. Fifth,
greedy decoding (num_beams=1) may system-
atically disadvantage LIMP-COT, which benefits
from diverse sampling (see §5). This experimental
constraint should be ablated in future work. Prior-
ity future directions include human evaluation for
honorific accuracy and rasa coherence, extension to
Tamil, Kannada, and Malayalam (Lauscher et al.,
2020), and evaluation at the 7B+ parameter scale.
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