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Abstract: Trustworthy intent detection is hindered by lack of interpretability in
deep learning models. While recent research indicates Recurrent Neural Networks
(RNNs) solve high-cardinality intent detection tasks via low-dimensional manifolds
quantified by a Functional Dimensionality (FD), it remains unclear if these findings
represent general principles or linguistic artifacts. We investigate FD stability using
MASSIVE dataset across a diverse set of languages: English, Spanish, Finnish, and
Turkish. Our results suggest a dual geometric regularity. First, we observe inter-
lingual stability within a fixed embedding paradigm, RNNs converge to statistically
stable Semantic Resolution subspaces despite differences in Linguistic Packaging.
Second, we observe inter-paradigm robustness of distillation process: while tran-
sitioning from static to contextualized embeddings induces massive expansion of
geometric volume (ID), Distillation Efficiency (2 = FD/ID) remains statistically
stable. These findings provide preliminary evidence for a geometric view of multi-
lingual intent detection, where semantic resolution appears to be governed by task-
mandated constraints rather than Linguistic Packaging or representational schema.
Keywords: Intent Detection, Trustworthy AI, RNNs.

Resumen: La falta de interpretabilidad en modelos de deep learning compromete
la confiabilidad en la deteccién de intenciones. Investigaciones recientes sugieren
que las RNNs resuelven tareas de alta cardinalidad mediante variedades de baja
dimensidén, cuya eficiencia se cuantifica usando una Dimensionalidad Funcional. Se
desconoce si estos hallazgos son principios generales o artefactos lingiiisticos. Anali-
zamos la estabilidad de esta F'D sobre el corpus MASSIVE en inglés, espafiol, finés
y turco. Nuestros resultados sugieren una doble regularidad geométrica. En primer
lugar, observamos estabilidad interlengua: dado un esquema de embeddings, pese a
las diferencias morfolégicas en el empaquetado lingiifstico, las RNNs convergen en
subespacios seménticos estadisticamente estables. Asimismo, observamos una ro-
bustez interparadigma: la transicién de embeddings estaticos a contextuales induce
una explosién del volumen geométrico total, pero la eficiencia de destilacién per-
manece estadisticamente estable. Todo ello proporciona evidencias preliminares de
una visién geométrica de la deteccién multilingiie de intenciones, donde la resolucion
semantica depende de la tarea en lugar del formato lingiiistico o de embeddings.
Palabras clave: Deteccién de Intenciones, IA Confiable, RNNs.
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Dynamical systems theory offers a frame-
work for analyzing sequential processes. The
recurrence of RNNs allows sequence process-
ing to be viewed as a non-linear dynami-
cal system, where sentences are represented
as trajectories through a state space (Sus-
sillo and Barak, 2013). This perspective fa-
cilitates a mechanistic framework for inter-
pretability by utilizing RNNs as a method-
ological laboratory. Once this geometric view
is solidified, its principles could be adapted to
non-sequential self-attention of Transformer-
based models (Vaswani et al., 2023).

Recent breakthroughs in this paradigm
show that despite vast dimensionality of
RNN architectures, task-solving logic of-
ten collapses into hyper-efficient, low-
dimensional manifolds (Aitken et al., 2021).
In intent detection, evidence indicates that
RNNs resolve semantic intent by partition-
ing state space into well-separated clusters
(Sanchez-Karhunen, Quesada-Moreno, and
Gutiérrez-Naranjo, 2026a). This organiza-
tion is quantified by Functional Dimension-
ality (FD), a task-aware metric identifying
minimum subspace required to preserve se-
mantic integrity of classification. Crucially,
functional manifold remains anchored even as
task complexity scales, suggesting an increas-
ingly efficient geometric strategy (Sanchez-
Karhunen, Quesada-Moreno, and Gutiérrez-
Naranjo, 2026b).

Despite these findings, current evidence is
limited by two critical factors. First, existing
research remains almost exclusively English-
centric, leaving stability of manifold across
disparate linguistic structures unexplored.
Second, prior works utilized embeddings
trained from scratch, allowing input rep-
resentation to co-evolve alongside recurrent
layers. This creates a gap: is low-dimensional
manifold a language-independent require-
ment of Semantic Resolution, or is it an arti-
fact of representational co-evolution?

To address this, we leverage MASSIVE
dataset (FitzGerald et al., 2023) to conduct a
Typological Stress Test evaluating recurrent
core across a quartet of languages with di-
verse morphological formats (English, Span-
ish, Finnish, and Turkish), alongside a Rep-
resentational Stress Test. This dual approach
allows us to investigate if semantic bottleneck
is a core mechanistic principle by evaluating
stability of the manifold across both linguis-
tic structures and embedding paradigms.

To clarify the intersection between this ge-
ometric analysis and SLU concepts, we ex-
plicitly define Linguistic Packaging as the
surface-level structural formatting, token se-
quence lengths, and morphological character-
istics through which an utterance encodes its
underlying semantic intent.

By moving beyond English-centric scala-
bility, we provide preliminary evidence that
Semantic Resolution is a task-mandated geo-
metric constraint rather than a byproduct of
the structural format or the representational
schema of the input.

2  Owur Contributions and Paper
Organization

This paper shifts established geometric in-
terpretability framework from discovery and
scalability of semantic manifold to a typolog-
ical investigation of its stability across lin-
guistic and representational landscape. Our
main contributions are:

Inter-lingual Stability (O;): We pro-
vide initial empirical evidence suggesting
that, within a fixed embedding paradigm,
low-dimensional organization of hidden state
space exhibits language-independent charac-
teristics. Our analysis indicates that de-
spite radical differences in Linguistic Pack-
aging across English, Spanish, Finnish, and
Turkish, RNNs converge to stable Semantic
Resolution subspaces of low dimensionality.
These findings are supported by a One-Way
Anova, which finds no significant differences
in FD across typologies, suggesting that se-
mantic resolution may function as a task-
mandated regularity across diverse morpho-
logical systems.

Inter-paradigm Robustness (O2): We
show that while transition from static embed-
dings to contextual representations induces
an extreme expansion of the total geomet-
ric volume of state space (ID), the functional
core (FD) remains largely anchored. Our
results indicate that Distillation Efficiency
(Q = FD/ID) remains statistically stable
across paradigms, identifying the recurrent
core as a consistent filter that discards repre-
sentational volume as linguistic noise.

Trajectory-Length  Independence:
We decouple Semantic Resolution from com-
putational path length. Regression analysis
suggests FD dimensionality is primarily
influenced by task’s semantic cardinality
rather than input sentence length.



Rest of the paper is structured as follows:
Section 3 reviews related work; Section 4 de-
fines mathematical framework for dynamical
systems; Section 5 formalizes our research
objectives; Section 6 describes experimental
setup; Section 7 presents our results and sta-
tistical validation; Section 8 discuss applica-
tions and Section 9 presents conclusions.

3 Related Work

Early interpretability research in RNNs iden-
tified neurons capable of detecting local-
ized patterns, such as quotation marks or
parentheses (Karpathy, Johnson, and Fei-Fei,
2016). However, these localized findings did
not necessarily correlate with generalization,
suggesting that RNNs encode information in
a distributed fashion across the hidden state
(Morcos et al., 2018).

By framing RNNs as dynamical systems,
researchers have shifted focus toward the
global geometry of the state space, uncover-
ing that models utilize low-dimensional man-
ifolds to execute complex computations. In
sentiment analysis, for instance, RNNs learn
1D-line attractors to accumulate emotional
evidence over time (Maheswaranathan et al.,
2019). This framework was later general-
ized to multiclass text classification, propos-
ing that an N-class problem forms an (N —1)-
dimensional manifold (Aitken et al., 2021).

Recent studies on intent detection re-
vealed a distinct geometric strategy: un-
like continuous evidence-integration, intent
detection favors the formation of discrete,
well-separated clusters in the hidden space
(Sanchez-Karhunen, Quesada-Moreno, and
Gutiérrez-Naranjo, 2026a). High-cardinality
scaling was addressed using 150-intent bench-
marks, discovering networks maintain ro-
bust, intent-specific clusters within a low F'D
that grows sub-linearly with task complexity
(Sanchez-Karhunen, Quesada-Moreno, and
Gutiérrez-Naranjo, 2026b).

Despite robust findings, geometric in-
terpretability remains almost exclusively
English-centric. Whether Semantic Resolu-
tion is a fundamental mechanistic require-
ment or merely a byproduct of English syntax
remains unknown. Our work extends this lin-
eage by conducting a Typological and Repre-
sentational Stress Test, investigating if low-
dimensional manifolds remain stable across
disparate Linguistic Packaging formats and
embedding paradigms.

4 Background

4.1 RNNs as Dynamical Systems

RNNs process input sequences {xi,...,Xr}
by maintaining an internal memory through
recurrent connections. As shown in Figure 1,
the hidden state h; € R™ is updated at each
timestep based on current input x; and pre-
vious state h;_1 via a nonlinear function F':

h; = F(htflaxt) (1)

This architecture defines a discrete-time non-
linear dynamical system. Under this frame-
work, processing of a sentence is represented
as a trajectory (hy,... hp) through an n-
dimensional state space (Martelli, 1999).
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Figure 1: Unrolled RNN for a many-to-one
classification task. Illustration of the hidden
state trajectory formation (hy,..., hr).

4.2 Inference: Cluster formation
and Readout Alignment

As illustrated in Figure 1, for many-to-one
classification tasks, like intent detection, only
final hidden state hp is utilized for predic-
tion. This state is passed to a linear readout
layer to produce an N-logits vector, yr €
RN, where N denotes the number of intents:

yr=Whr+b (2)

Here, W € RM*™ and b € RY are the
weight matrix and bias, respectively. Predic-
tion is determined by the dot product of hyp
and rows r; of W, known as readout vectors.

Mechanistically, model resolves intent-
detection by ensuring that intent-specific
clusters in hidden space align with their cor-
responding readout vectors r; (Figure 2). Se-
mantic Resolution is thus characterized by
the network’s capacity to steer disparate tra-
jectories toward these stable, well-separated
regions. Hence, hy provides a stable rep-
resentation for the readout layer, regard-
less of the specific trajectory taken (Sanchez-
Karhunen, Quesada-Moreno, and Gutiérrez-
Naranjo, 2024).
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Figure 2: PCA-projected trajectories for
sample utterances of two intents. Readout
vectors rj, clusters of final states {hz}, and
input tokens are annotated along each path.

4.3 Functional and Intrinsic
Dimensionality

To map and quantify geometry of internal
representation space, we employ two distinct,
complementary dimensionality metrics: In-
trinsic Dimensionality (ID) and Functional
Dimensionality (FD). Together, these met-
rics disentangle total capacity a model allo-
cates for processing a sequence from hyper-
efficient subspace used to solve the task:

Intrinsic Dimensionality identifies
minimal linear subspace required to retain
a specific threshold of total variance within
network’s hidden layer trajectories. Geomet-
rically, ID serves as a proxy for Linguistic
Packaging: “computational room” that an
RNN allocates for processing surface-level
syntax, token-level sequences, and variations
in morphological density across languages.

To estimate ID, we construct an activa-
tion matrix H by concatenating hidden states
h; visited across all sequence trajectories and
discrete timesteps within train split. We then
apply Principal Component Analysis (PCA)
to H to extract the ordered spectrum of
eigenvalues. Grounded in variance-explained
heuristic established by (Aitken et al., 2021),
ID is formalized as the minimum number
of principal components required to capture
95% of total cumulative variance.

In contrast, Functional dimensionality
(FD) is a task-aware metric that maps Se-
mantic Resolution. It isolates the minimum

subspace required to preserve semantic in-
tegrity and separation of final intent clus-
ters. While ID measures ambient structural
volume over paths, F'D measures target in-
ference geometry over final-state representa-
tions {hy} utilized by linear readout layer.
FD is computed following an iterative pro-
cess (Sanchez-Karhunen, Quesada-Moreno,
and Gutiérrez-Naranjo, 2026b). We estab-
lish a baseline partition quality metric (Spyse)
by calculating Adjusted Rand Index (ARI)
(Hubert and Arabie, 1985) between ground-
truth labels and a set of K-Means clusters
(Cuu) in full-dimensional final states {hr}.
Next, we apply PCA to {hr} and itera-
tively perform K-means to vectors projected
onto top-k principal components. FD is for-
mally defined as the smallest k that satis-
fies Sy > TSpgse, where 7 = 0.95 serves as
our functional retention threshold. This ap-
proach explicitly quantifies minimum dimen-
sionality to guarantee cluster persistence.
Finally, we introduce Distillation Effi-
ciency (2 = FD/ID) to bridge these two
metrics and evaluate the network’s capacity
to isolate its functional task core from am-
bient structural packaging. This ratio tracks
how effectively the recurrent core acts as a
compressor, discarding surface-level linguis-
tic variation to isolate a stable task manifold.

5 FExtending Interpretability to
Moulti-lingual Scenarios

Building on previous findings that RNNs uti-
lize low-dimensional geometric manifolds for
English-centric intent detection, we investi-
gate potential generalizability of this mech-
anism across linguistic and representational
boundaries. We hypothesize that if semantic
bottleneck is a candidate mechanistic prin-
ciple of information distillation, it should
exhibit a dual regularity, remaining robust
against both morphological structure of lan-
guage and complexity of input representa-
tion. To investigate this, we define two pri-
mary research objectives:

O1: Inter-lingual Stability investigates
stability of low-dimensional organization of
hidden space across languages within a fixed
representational paradigm. By subjecting
recurrent core to a Typological Stress Test
(Section 6.4.1) across a quartet: English,
Spanish, Turkish, and Finnish, we evaluate
whether Semantic Resolution (FD) remains
stable regardless input Linguistic Packaging.



We hypothesize that if Semantic Resolu-
tion is governed by task semantic complex-
ity rather than input structure, F'D should
show no significant differences across linguis-
tic families. We aim to provide preliminary
evidence for the Constant Resolution Prin-
ciple, suggesting that manifold complexity is
dictated by semantic goal rather than mor-
phological traits (Section 7.1).

O2: Inter-paradigm Robustness inves-
tigates how the transition from static em-
beddings to high-dimensional contextual rep-
resentations affects the functional manifold.
By subjecting the model to a Representa-
tional Stress Test (Section 6.4.2) we seek to
observe if ) remains stable, even as the total
geometric volume (ID) expands to accommo-
date high-variance contextual signals.

We propose a mechanism where RNNs
function as Semantic Distillers (i.e. filters),
consistently discarding representational vol-
ume as extraneous noise to preserve the func-
tional semantic core. This perspective al-
lows us to investigate the Functional An-
choring of distillation logic across embedding
paradigms, framing the geometric bottleneck
as a task-mandated constraint rather than a
mere architectural artifact.

6 Ezxperimental Design

6.1 Datasets

To evaluate cross-lingual stability of hid-
den state manifold, we utilize the MASSIVE
(Multilingual Amazon SLU resource pack-
age) dataset (FitzGerald et al., 2023). This
parallel corpus, containing one million utter-
ances across 51 languages, offers two critical
advantages for conducting a typological in-
vestigation of geometric regularity:

Semantic Parallelism: Professional
translations across languages ensure identical
Semantic Resolution while Linguistic Pack-
aging varies, isolating task-mandated con-
straints from structural input noise.

High Intent Cardinality: 60 intents
grouped across 18 domains, providing the
representational pressure necessary to val-
idate the geometric manifold as a stable,
language-independent solution rather than
an artifact of task simplicity.

We utilize the standard parallel splits of
the benchmark dataset, comprising 11,514
train, 2,033 validation, 2,974 test utterances
uniformly parallel across each language.

6.2 Typological Diversity and
Language Selection

Our Typological Stress Test utilizes four lan-
guages, challenging RNNs to resolve identi-
cal semantic intents across radically disparate
structural formats:

English (Indo-European): Serves as an
analytic baseline and word-order dependent
language with low morphological density.

Spanish (Indo-European, Romance):
A fusional language that provides a medium-
density morphological comparison within the
Indo-European family.

Turkish (Turkic): An agglutinative lan-
guage used to evaluate the stability of the
functional core against morphological expan-
sion, where semantic information is com-
pressed into high-variance tokens.

Finnish (Uralic): A highly agglutina-
tive language representing the extreme end of
complexity gradient to test limits of informa-
tion density within the structural packaging.

6.3 Model and Training Setup

The following section details the specific ar-
chitectural components and training proce-
dures to facilitate our Stress Tests.

We implement a four-layer architecture
consisting of: (1) a text vectorization and
frozen pre-trained embedding layer; (2) a uni-
directional recurrent layer (75 units); (3) a
dropout layer (rate=0.2); and (4) a dense
output layer with a softmax.

A central methodological decision is the
use of frozen parameters for both static Fast-
Text (FT) (Bojanowski et al., 2017) and con-
textualized BERT embeddings (Devlin et al.,
2019). This achieves two primary objectives:

Functional Isolation: Freezing input
layer forces recurrent core to perform the en-
tirety of the semantic resolution. This en-
sures that our measured FD reflects model’s
active computational strategy (distillation
logic) rather than the lookup efficiency or co-
evolution of a trainable embedding layer.

Linguistic leveling: By utilizing pre-
trained sub-word information, we ensure
morphologically rich languages like Turk-
ish and Finnish do not suffer from a data-
disparity disadvantage. Model is not forced
to learn complex morphemic representations
from scratch, preventing training-time arti-
facts from obscuring geometric analysis.

To handle morphological complexity of
Turkish and Finnish without normalizing



away their typological traits, we represent
each lexical word as a single vector (300-d
for FT; 768-d for BERT). We utilize Fast-
Text internal character n-gram aggregation
and apply a sub-word mean-pooling strat-
egy over BERT’s WordPiece tokens (Reimers
and Gurevych, 2019). This maintains orig-
inal word-level token counts, ensuring tra-
jectory length reflects language’s natural se-
quence. This approach preserves Linguistic
Packaging by allowing individual tokens to
contain dense information while keeping com-
putational path lengths.

Models were trained with ten random
seeds by minimizing cross-entropy via Adam
optimizer (Kingma and Ba, 2015) (batch size
of 16). Learning rate (n = 2.5 x 1073) was
halved after second epoch, and early stop-
ping (patience = 2) was applied. We only
analyze models that achieve a performance
threshold (=~ 80%). This methodological
choice ensures that our interpretability anal-
ysis is grounded in functional competence.
We focus on state space of models that have
successfully discovered a stable mechanistic
strategy for the task, rather than a degener-
ate or under-trained representation.

While both LSTM (Hochreiter and
Schmidhuber, 1997) and GRU (Cho et al.,
2014) cells achieved equivalent training per-
formance, we restrict our geometric eval-
uations exclusively to GRUs to preserve
conciseness. Preliminary state-space track-
ing confirmed that both gated variants ex-
hibit highly consistent topological regulari-
ties. Consequently, our empirical conclusions
are formally qualified as reflections of GRUs
rather than generalized recurrent networks.

6.4 Analysis Procedure

To evaluate Section 5 hypotheses, our
pipeline isolates structural properties of hid-
den state activations from their functional
Semantic Resolution. We use statistical val-
idation to distinguish architectural artifacts
from task-mandated geometric patterns.

6.4.1 Analysis for O;: Inter-lingual
Stability

We investigate whether low-dimensional se-
mantic manifold operates as a language-
independent principle within fixed represen-
tational paradigms. By subjecting recurrent
core to a Typological Stress Test across a di-
verse quartet (English, Spanish, Finnish, and
Turkish), we isolate morphological packaging

from functional resolution. This stage eval-
uates state space by distinguishing between
model’s learned structural capacity and its
functional generalization to ensure findings
reflect a stable mechanistic strategy:

(1) Linguistic Packaging (ID): Com-
puted using training hidden states to quan-
tify learned structural “footprint” required
for morphological processing.  This cap-
tures total geometric volume allocated during
learning of disparate morphological formats.

(2) Semantic Resolution (FD): De-
rived from test hidden states to identify mini-
mal subspace required to preserve the seman-
tic integrity and separation of intent clusters.

Under proposed Constant Resolution
Principle, this functional core should exhibit
stability across languages, reflecting seman-
tic complexity of task rather than input mor-
phology. To statistically validate these ob-
servations, we employ a One-Way ANOVA
(Dror et al., 2020) to evaluate whether
FD exhibits language-independent stability
across fixed embedding paradigms. Finally,
we utilize linear regression to correlate aver-
age sequence length (Ty,4) with FD to inves-
tigate Trajectory-Length Independence, en-
suring manifold’s complexity is mandated by
semantic goal rather than path length.

6.4.2 Analysis for Os:
Inter-paradigm Robustness

This stage seeks to provide evidence on
whether geometric bottleneck is an emergent
property of task or an artifact inherited from
input representation. We subject RNN to
a Representational Stress Test by replacing
300-d static FastText embeddings with 768-
d frozen BERT representations. We utilize
language-specific BERT models for English
(Devlin et al., 2019), Spanish (Canete et al.,
2023), Finnish (Virtanen et al., 2019) and
Turkish (Schweter, 2020).

This transition forces recurrent layer to
manage a 2.6 X expansion in representational
complexity, introducing high-variance sig-
nals. We monitor network’s reaction through
two opposing geometric forces:

(1) Structural Expansion: We mea-
sure the expansion of the total geometric vol-
ume occupied by activations (ID), assessing
the extent to which these high-variance sig-
nals propagate into the recurrent layer.

(2) Functional Anchoring: We track
the stability of the semantic core (FD) to
investigate if the model maintains its low-



dimensional task solution despite the expan-
sion of the surrounding structural space.

To bridge these dimensions, we use 2 to
quantify network’s capacity to filter task-
irrelevant noise while preserving semantic
core of an utterance. We evaluate {2 as a
potential mechanistic regularity, essentially a
functional signature that characterizes how
the model distills signal from variability. Ro-
bustness of this process across paradigms
is statistically assessed using Welch’s T-test
(Gorman and Bedrick, 2019) to account
for potential variance inequality induced by
structural expansion of state space. Effect
sizes are measured using Cohen’s d (Lin, Lu-
cas, and Shmueli, 2013).

7 Results
7.1 Results for O;: Inter-lingual
Stability

Our analysis provides preliminary evidence
for a task-mandated Constant Resolution
Principle, observing a decoupling between
how a language is “packaged” and how it is
“resolved” by recurrent architecture. As il-
lustrated in Figure 3 and Table 1, functional
subspace remains statistically stable across
disparate typologies within fixed representa-
tional paradigms when processing held-out
test trajectories.

Intra-Paradigm Stability: Regardless
of typological distance between selected lan-
guages, RNNs converge to a stable Seman-
tic Resolution with FD for 60-intent task
anchored within a narrow range (11-12 for
FastText; 17-20 for BERT) (Figures 3a and
4b). Our One-Way ANOVA finds no sig-
nificant differences in FD across the quar-
tet within FastText (p = 0.380) or BERT
(p = 0.169) paradigms (Table 2). These re-
sults suggest that dimensionality of semantic
manifold is primarily influenced by semantic
cardinality of task rather than specific mor-
phological traits.

Sub-linear Scaling and Mechanis-
tic Convergence: The top-25 intents sub-
plot (Figure 3a) reveals a potentially hyper-
efficient representational strategy: doubling
task complexity from 25 to 60 intents does
not linearly double FD, requiring only a
marginal increase (e.g. from 9 to 12 in En-
glish). Mechanistic evidence for this trend
is provided by the ARI saturation curves
(Figure 3b), where every language reaches a
plateau within a narrow Convergent Zone.

Trajectory Length Independence:
Our regression analysis (Figure 3c) suggests
a decoupling between input sequence length
and FD (r = 0.29,p = 0.712, Table 2), pro-
viding support for the hypothesis that man-
ifold complexity depends on task’s semantic
goals rather than the structural path length.

Linguistic Packaging: While semantic
resolution (F'D) is observed to be stable, Lin-
guistic Packaging (ID) required to reach it
varies significantly (F = 280.68,p < 0.001,
Table 2), reflecting distinct structural de-
mands of each language. As shown in Fig-
ure 3d, total geometric volume fluctuates,
highlighting varying structural requirements
across quartet.

Consistent Distillation: Despite these
structural fluctuations, Distillation Efficiency
(©) remains consistently at ~ 0.32x. This
identifies recurrent core as a filter, discarding
extraneous linguistic noise to preserve func-
tional semantic core in these settings.

7.2 Results for O,: Inter-paradigm
Robustness

Transitioning from static to contextualized
embeddings provides further evidence that
geometric bottleneck is a task-mandated ne-
cessity, not a structural artifact. This char-
acterizes recurrent core as a Semantic Filter,
consistently preserving a functional core de-
spite significant representational shifts.

Structural Expansion: Transitioning
to BERT induces a substantial expansion of
the total geometric volume occupied by ac-
tivations (ID) (Figure 4a), which grows by
~ 60%. This expansion likely reflects the
network‘s need to accommodate the high-
variance signals inherent in Transformer-
based embeddings. Statistical validation via
Welch’s T-test (t = 42.91,p < 0.001) identi-
fies this as an extreme effect (d = 9.60), con-
firming the intensity of the representational
stress applied (see Table 2).

Functional Anchoring: While absolute
Semantic Resolution (FD) increases (e.g. in
Spanish from ~ 12 to 18), it does so strictly
sub-linearly compared to the expansion of
surrounding structural space. This Func-
tional Anchoring (d = 2.72, Table 2) suggests
model maintains a hyper-efficient bottleneck
for final inference (Figures 4b and 4d).

Stability of Distillation Efficiency
(2): A key observation from our data is
the relative stability of Distillation Efficiency.



Paradigm Language  Acc. (%) Tu., Packaging (ID) Resolution (FD) Ratio (Q2)

Static (FastText) English (EN) 83.3 6.9 38.2+0.6 120£1.5 0.31
Spanish (ES) 80.8 7.2 36.8+0.4 11.9+1.0 0.32
Finnish (FI) 79.9 4.8 324405 114+£1.1 0.35
Turkish (TR) 79.8 5.5 38.4+0.5 124+1.4 0.32

Context (BERT) English (EN) 85.6 6.9 57.7+0.5 17.3+34 0.30
Spanish (ES) 82.8 7.2 57.3+0.5 17.6 £3.6 0.31
Finnish (FI) 83.2 4.8 61.8+04 19.0+2,4 0.31
Turkish (TR) 84.2 5.5 62.3£0.5 20.1£28 0.32

Table 1: Linguistic Packaging vs. Semantic Resolution across typologies (EN, ES, FI,
TR) and embedding paradigms. Tg,, denotes average sequence length (tokens per sentence).
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Figure 3: Geometric Stability across Typologies using FastText. (a) FD comparison
across intent cardinalities. (b) ARI saturation curves. (c) Trajectory-Length Independence.
(d) ID fluctuation with morphological density while F'D/ID remains consistent.

The ratio €2 remains statistically stable across Finnish Stress Boundary: We ob-

paradigms (p = 0.056,d = 0.43, Table 2).
This suggests that the RNN consistently dis-
cards ~ 70% of the representational volume
as linguistic noise to preserve the functional
semantic core (Figure 4c).

serve a localized phenomenon in FastText
paradigm, where Finnish exhibits a lower ID
than rest of quartet. This reduction is ab-
sent in Turkish, despite similar morphologi-
cal density, nor does it persist under BERT,



Hypothesis Comparison

Stat (F/r/|t]) p-value Effect (d) Conclusion

Objective O1: Inter-lingual Stability

Resolution ~ FDpp (EN/ES/FI/TR) F =1.06 0.380 — Constant Resolution
Packaging IDpr (EN/ES/FI/TR) F =280.68  <0.001 — Linguistic Noise
Length FD vs. Length r=10.29 0.712 — Task-Driven
Resolution  FDpprr (EN/ES/FI/TR) F=1.78 0.169 — Constant Resolution
Packaging IDpgrr (EN/ES/FI/TR) F=31758  <0.001 — Linguistic Noise
Length FD vs. Length r=—0.81 0.188 — Task-Driven
Objective Os: Inter-paradigm Robustness
Structure ID (FT vs BERT) t=42.91 <0.001 9.60 [Ext] Structural Expansion
Anchor FD (FT vs BERT) t=12.18 <0.001 2.72 [Lrg] Functional Anchor
Efficiency Qpoor (FT vs BERT) t=1.94 0.056  0.43 [Sml] Stable Efficiency
Efficiency Qgn (FT vs BERT) t =0.66 0.517  0.30 [Sml] Stable Efficiency
Efficiency Qps (FT vs BERT) t=0.77 0.455  0.35 [Sml] Stable Efficiency
Efficiency Qpr (FT vs BERT) t=271 0.015  1.21 [Lrg] Stress Boundary
Efficiency Qrg (FT vs BERT) t=0.03 0.980  0.01 [Neg] Stable Efficiency

Table 2: Statistical validation of geometric regularity. Analysis of typological stability
(O1) via ANOVA and representational robustness (O2) via Welch’s T-test and Cohen’s d.

where Finnish aligns with general structural
expansion (Figure 4b). We interpret this as
a Representational Stress Boundary: a local-
ized interaction between static sub-word ag-
gregation and typological traits rather than
a general property of dense languages.

8 Potential Applications

The observed task-mandated F'D and stable
Q) suggest that geometric analysis may tran-
sition from a descriptive framework toward
predictive utility. While preliminary, these
findings highlight areas where geometric in-
terpretability could inform development of ef-
ficient and trustworthy multilingual systems.
Geometric Zero-Shot Cross-Lingual
Alignment: O; results indicate that dis-
parate languages converge toward Semantic
Resolution subspaces of nearly identical di-
mensionality. This suggests “semantic gap”
in multilingual RNNs may be primarily a
matter of state space orientation, not dimen-
sionality. Given the stability of these sub-
spaces across quartet, cross-lingual transfer
may be investigated as a Procrustes Align-
ment problem (Wang and Mahadevan, 2008).
Mechanistic Model Compression:
The identified ~ 70% discard rate offers a
potential geometrically-grounded ceiling for
model pruning. Measured FD could inform
rank selection for Singular Value Decompo-
sition (SVD) compression. For instance, an
observed FD of k = 12 suggests a projection
layer could be compressed to that specific
rank with minimal semantic degradation.

9 Conclusion and Future Work

We propose a geometric framework for un-
derstanding computational logic of recurrent
architectures in multilingual intent detec-
tion. By introducing a distinction between
Linguistic Packaging (surface-level syntax,
token-level sequences, and morphological
density) and Semantic Resolution (task-
mandated functional requirements), we pro-
vide preliminary evidence for a dual geomet-
ric regularity that appears to govern informa-
tion distillation.

Our analysis across a typologically di-
verse quartet of languages (English, Span-
ish, Finnish, and Turkish) reveals that the
Functional Dimensionality (FD) of the in-
tent manifold behaves as a language-invariant
principle within our experimental settings.
Despite radical differences in morphological
structure and sequence length, the RNN con-
verges to a statistically stable semantic reso-
lution. This suggests that geometry of hidden
state is not merely a reflection of input syn-
tax, but rather primarily governed by task’s
semantic cardinality.

Furthermore, we show this geometric bot-
tleneck is remarkably robust to extreme rep-
resentational paradigm shifts. While tran-
sitioning from static FastText to contextual
BERT embeddings induces an “Extreme” ex-
pansion of total geometric volume (ID), Dis-
tillation Efficiency (£2) remains statistically
constant. This identifies RNNs as Seman-
tic Filters that discard ~ 70% of representa-
tional volume as packaging noise to preserve
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Figure 4: Representational Robustness across Embedding Paradigms. (a) ID expands
to accommodate high-variance contextual BERT. (b) FD remains anchored across paradigms.
(c) FD scales with total manifold volume (ID), maintaining a stable Distillation Efficiency

(2~ 0.32). (d) PCA-ARI saturation for Spanish illustrates the representational shift.

functional core necessary for inference.

While these findings offer significant steps
toward a unified geometric view, they rep-
resent an initial investigation into stability
of neural manifolds. Our results, while ro-
bust across the evaluated quartet, should be
viewed as a candidate principle requiring fur-
ther validation. Future research will focus on:

Global Typological Expansion: We
intend to extend this analysis to a broader set
of languages, including non-Eurasian struc-
tures such as Arabic (introflexive) and Viet-
namese (isolating), to verify if FD remains
statistically stable across fundamentally dif-
ferent morphological paradigms.

Granular Per-Intent Metrics: Devel-
oping class-specific geometric metrics to com-
plement our global F'D framework, enabling

localized error analysis to determine how low-
frequency intents scale geometrically under
multi-class pressure.

Architectural Generalization: Ex-
tending this geometric framework to
Transformer-based architectures will reveal
if self-attention mechanisms employ a sim-
ilar distillation process or favor a different
geometric strategy for semantic resolution.

Through these efforts, we seek to tran-
sition geometric interpretability from a de-
scriptive science to a predictive tool for build-
ing more transparent, efficient, and trustwor-
thy multilingual dialogue systems.
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