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Abstract
Informal Hindi text frequently contains multi-token slang and idiomatic expressions whose correct identification
requires consistent span boundaries. Transformer-based token classifiers, despite strong contextual representa-
tions, often produce fragmented or structurally invalid BIO sequences due to largely local predictions. We propose
Hi-SEMFLOW, a Lie algebra—based semantic flow framework that models span consistency as a continuous refine-
ment process over label logits. Instead of discrete structured decoding, Hi-SEMFLOW learns context-dependent
transition operators derived from antisymmetric generators and propagates structural information through smooth,
fully differentiable transformations. This formulation integrates structural bias directly into end-to-end training without
requiring dynamic programming or hard decoding constraints. Experiments on the HiSlang-4. 9k benchmark
show that Hi-SEMFLOW improves span-level F1 by up to 2—3 absolute points and yields consistent macro-F1 gains
across Hindi-pretrained encoders. Extensive ablations demonstrate that continuous geometric refinement provides

a flexible and effective alternative to discrete structured decoding for span-centric sequence labeling.

Keywords: informal language identification, structured sequence labeling, geometric label propagation

1. Introduction

Informal language is pervasive in contemporary
online communication, particularly across social
media, messaging platforms, and conversational
digital content (Mustofa and Saptomo, 2025). De-
spite being spoken by over 600 million people
worldwide, Hindi remains significantly underrepre-
sented in NLP research, accounting for less than
1% of web content (Q-Success, 2024). This im-
balance is especially pronounced for informal dig-
ital text, where linguistic variation is high and an-
notated resources are scarce. Hindi informal lan-
guage frequently includes slang expressions, col-
loquial constructions, phonetic spellings, and non-
standard orthography that diverge from canonical
usage (Tiwari et al., 2025). These phenomena
challenge downstream NLP systems such as pars-
ing, sentiment analysis, and machine translation,
motivating the need for robust informal language
identification methods (Pei et al., 2019).

In this work, we study token-level informal lan-
guage identification for Hindi, formulated as a BIO-
style sequence labeling task. The objective is to
detect contiguous spans of informal expressions
within a sentence. Unlike isolated lexical anoma-
lies, informal expressions often span multiple to-
kens and exhibit flexible boundaries. As a re-

*Authors contributed equally to this work. Names
are listed in alphabetical order.

sult, the task is inherently structural: correct pre-
dictions require not only identifying informal to-
kens, but also maintaining consistent span bound-
aries across the sequence. Fragmented spans
or invalid BIO transitions (e.g., 0 — I-INF) di-
rectly degrade span-level performance. Most ex-
isting approaches employ transformer-based en-
coders with independent token classification (Sun
et al., 2024; Tiwari et al., 2025). While contex-
tualized representations are powerful, predictions
remain largely local. This often leads to bound-
ary inconsistencies, such as prematurely termi-
nated spans or isolated continuation tags (Raviki-
ran et al.,, 2026). A common solution is to incor-
porate conditional random fields (CRFs) or con-
strained decoding to enforce BIO legality (Laf-
ferty et al., 2001; Lester et al., 2020). However,
these methods rely on discrete structured infer-
ence, introduce additional decoding complexity,
and tightly couple training to a specific inference
procedure. Moreover, hard decoding constraints
may be overly rigid in settings where span bound-
aries are ambiguous or context-dependent.

Accordingly, we propose Hi-SEMFLOW (Hindi
Semantic Flow), a fully differentiable structural
refinement framework that models span consis-
tency as a continuous transformation of label logits.
Rather than imposing hard transition constraints
through discrete decoding, Hi -SEMFLOW performs
smooth, learnable refinement in logit space us-
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ing a Lie algebra—based semantic flow module.
Specifically, the model parameterizes context-
dependent transition operators via antisymmetric
generators and applies them as position-sensitive
transformations across adjacent tokens. Unlike
CRFs, which rely on fixed global transition ma-
trices and dynamic programming, Hi-SEMFLOW
learns adaptive local transition dynamics that
softly encourage valid BIO sequences (e.g.,
B-INF — I-INF) while preserving strong lexical
evidence. Structural bias is thus integrated di-
rectly into end-to-end training rather than enforced
through post-hoc decoding constraints. We eval-
uate Hi-SEMFLOW on the HiSlang-4. 9k bench-
mark (Tiwari et al., 2025) using both Hindi-specific
and multilingual pretrained encoders. Across set-
tings, semantic flow reduces invalid BIO transi-
tions by up to 50%, improves span-level F1 by 2—
3 absolute points, and yields consistent macro-F1
gains for Hindi-pretrained models. Ablation stud-
ies further analyze the effect of generator size,
refinement strength, and interaction with decod-
ing constraints, highlighting the importance of cal-
ibrated structural propagation. In summary, our
contributions are:

» We introduce Hi-SEMFLOW, a fully differen-
tiable semantic flow framework that models
BIO transition dynamics as continuous geo-
metric refinement over label logits.

» We provide comprehensive empirical evalua-
tion on Hislang-4. 9k, demonstrating con-
sistent span-level improvements and substan-
tial reductions in invalid BIO transitions across
Hindi-specific and multilingual encoders.

2. Related Work

Informal Language ldentification in Hindi In-
formal language identification has gained atten-
tion due to the prevalence of non-standard lan-
guage in social media and conversational text
(Eisenstein, 2013). In Hindi and other Indic lan-
guages, informal usage includes slang expres-
sions, phonetic spellings, and orthographic vari-
ation (Vyas et al.,, 2014). Recent work such
as HiSlang-4.9k(Tiwari et al., 2025) formulates
slang detection as a token-level sequence labeling
task using BIO annotations (Ramshaw and Mar-
cus, 1995; Murthy et al., 2022). While transformer-
based models achieve strong token-level perfor-
mance, predicted spans often exhibit fragmenta-
tion and boundary inconsistencies, especially for
multi-token informal expressions.

Transformer-Based Sequence Labeling
Transformer encoders such as BERT (Devlin
et al., 2019) and its multilingual and Indic variants

including mBERT, IndicBERT (Kakwani et al.,
2020), XLM-RoBERTa (Conneau et al., 2020),
and MuRIL (Khanuja et al., 2021) are now stan-
dard for sequence labeling tasks, including NER
and span detection (Keraghel et al., 2024). These
models generate contextual token representations
followed by independent classification at each po-
sition. Although self-attention captures contextual
information, explicit span-level inductive bias is
typically absent, and structural dependencies are
only weakly enforced during training (Tedeschi
et al., 2022).

CRFs and BIO Constraints Linear-chain condi-
tional random fields (CRFs) (Lafferty et al., 2001)
are commonly used to impose BIO consistency.
Neural architectures such as BiLSTM-CRF (Ma
and Hovy, 2016) and transformer-CRF hybrids en-
force label transitions through discrete dynamic
programming. Alternative approaches apply con-
strained decoding or masking to ensure BIO legal-
ity (Lester et al., 2020; Ratinov and Roth, 2009).
However, these methods treat structural consis-
tency as a hard decoding constraint rather than as
a learnable property of the model (Archana et al.,
2023). This separation can limit flexibility, partic-
ularly in settings where span boundaries are am-
biguous (Singh et al., 2018).

Soft Structured Prediction and Geometry-In-
spired Methods To model structured dependen-
cies without discrete inference, prior work has ex-
plored differentiable formulations of structured pre-
diction. Conditional random fields have been re-
formulated as recurrent networks, unrolling infer-
ence as differentiable layers (Zheng et al., 2015).
Energy-based structured models, such as Struc-
tured Prediction Energy Networks (SPENSs), sim-
ilarly integrate label interactions into end-to-end
optimization without relying on dynamic program-
ming (Belanger and McCallum, 2016). Other ap-
proaches employ soft or iterative label refinement
mechanisms that propagate prediction information
across positions while preserving differentiability
(Cui and Zhang, 2019). These methods regu-
larize label interactions through continuous up-
dates rather than discrete combinatorial decod-
ing. In parallel, geometric deep learning intro-
duces architectures grounded in Lie group the-
ory and symmetry principles (Cohen and Welling,
2016; Bronstein et al., 2021), and Lie algebra pa-
rameterizations have been used to model smooth
transformations in vision, robotics, and represen-
tation learning (Gerken et al., 2023; Falorsi et al.,
2019). However, Lie-theoretic constructions re-
main largely unexplored in NLP structured pre-
diction. Unlike equivariant models that constrain
representation space, we parameterize transition
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dynamics directly in label space via antisymmet-
ric generators and exponential maps, modeling
BIO dependencies as smooth geometric flows.
This enables position-specific structural propaga-
tion rather than global transition scoring, providing
adaptive, context-conditioned structural bias while
preserving full end-to-end differentiability.

3. Methodology

We present Hi-SEMFLOW as a differentiable struc-
tural refinement layer built on top of a transformer-
based token classifier. Instead of imposing dis-
crete transition constraints during decoding, the
method constructs position-specific transition op-
erators in label space and applies them sequen-
tially to propagate structural information across ad-
jacent tokens. Algorithm 1 summarizes the for-
ward pass. Starting from encoder-derived token
logits, we (i) compute context-conditioned transi-
tion operators via antisymmetric generator compo-
sition, (ii) propagate structural evidence from posi-
tion ¢ — 1 to ¢ through a matrix exponential map-
ping, and (iii) interpolate between local lexical ev-
idence and structurally propagated logits. Train-
ing integrates a curriculum on structural strength
together with geometric regularization to ensure
stable and well-conditioned refinement. More de-
tailed presentation in Appendix A.

Algorithm 1 Hi-SEMFLOW (Forward Pass)

Require: Token sequence X = (x1,...,x7); encoder
Encoder(-); classifier parameters (W, b); generator
matrices {Gk},ﬁil; projection head fy; refinement
strength A

Ensure: Refined probabilities {f;}7-;

1: fort < 1to 7 do

2: ht < Encoder(X);
2t Wht -+ b

end for

fork < 1to K do
ék — %(Gk — GZ)

end for

7:’1 — z1

s fort <+ 2to T do

10: Qi < f9 (ht) _

11: At < Zle OthcG/c

12: Fi < exp(A:) > 3rd-order Taylor approximation

13: Zi < Fizi 1

14: ,’/3’1 — (1 — )\)Zt + )\2t

15: end for

16: fort « 1to T do

17: pr < softmax(z;)

18: end for

19: return {p,}7_,

CoN>O R W

3.1.

We describe the key components of Algorithm 1.

Flow-Based Structural Refinement

Base Token Predictions. Given an input se-
quence X = (x1,...,27), a pretrained encoder
produces contextual representations

h; = Encoder(X); € R,
which are mapped to token-level label logits
2 =Why +be R,

where £ = {B-INF, I-INF,O}. These logits repre-
sent independent token-level confidence over BIO
labels.

Context-Conditioned Transition Operators.
To model structured dependencies across adja-
cent tokens, we learn K generator matrices

G € RIFIXIZ]

Each matrix is antisymmetrized:
~ 1
Gr = 5(Gk — Gy,

which yields approximately norm-preserving trans-
formations after exponentiation and prevents un-
controlled logit amplification.

For each position ¢, a projection head predicts
coefficients

ar = fo(he) € RK7

which combine generators into a position-specific

operator
K
At = Z Oét7ka.
k=1

The transition matrix is obtained via
Ft = eXp(At).

Unlike CRFs that use a single global transition
matrix, F; is conditioned on contextual represen-
tations and varies across positions. The antisym-
metric generator parameterization constrains tran-
sitions to well-conditioned geometric flows rather
than unconstrained linear transformations. In prac-
tice, we approximate exp(A;) using a third-order
Taylor expansion, which provided a stable and ef-
ficient trade-off in experiments.

Logit-Space Refinement. Structural propaga-
tion transforms the previous token’s logits:

Zt = thtfb

We propagate from the base logits z;_; rather
than recursively refined logits to avoid compound-
ing structural bias across long spans and to pre-
serve strong lexical evidence. The refined logits in-
terpolate between local and propagated evidence:

2’,5 = (1 — )\)Zt + )\2,57
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with final probabilities
Py = softmax(z;).

The refinement strength A controls the balance
between lexical evidence and structural consis-
tency. We apply refinement left-to-right to align
with directional BIO dependencies.

3.2. Stabilization and Training Control

Strong structural influence early in training may
hinder lexical learning. We therefore adopt a cur-
riculum schedule that gradually increases struc-
tural strength:

(&
)\(e) = Qmin + E(Oémax - Oémin),
where e is the current epoch and F is the total num-
ber of epochs.

To stabilize transition dynamics, we introduce
lightweight geometric regularization:

Magnitude Control
1 2
Linag = T Z l[ael[2,
t

Temporal Smoothness

1
Liemp = T_1 Z loee — e 3,
t

Orthogonality Preservation
1
Eortho = T Xt: ||FtTFt - I”%

The total flow regularization is
Liow = Emag + BLortho + ’Yﬁtemp~

We found that combining these lightweight con-
straints yields stable training without architectural
modification.

3.3. Optional Structural Constraints

To disentangle the effect of continuous refinement
from conventional legality enforcement, we option-
ally apply decoding-time BIO masking:
BIO _
zi~ = z + log(softmax(z:—1) M),
where M encodes valid BIO transitions. This al-

lows evaluation of semantic flow independently or
in combination with discrete decoding constraints.

3.4. Training Objective and Complexity

The final objective combines token-level cross-
entropy with flow regularization:

L = Lce + nLiow-

Matrix exponentiation incurs O(|£|?) cost per to-
ken. Since |£| = 3in our task, the overhead is neg-
ligible relative to encoder computation. For moder-
ate label sizes, the complexity remains practical for
sequence labeling.

4. Experimental Setup

4.1.

We evaluate on Hislang-4.9k (Tiwari et al.,
2025), a publicly available Hindi benchmark an-
notated for informal expressions. The dataset
contains 4,906 sentences, evenly split between
sentences containing at least one annotated ex-
pression (2,453) and sentences containing none
(2,453). Data are drawn from movie scripts, subti-
tles, linguistic corpora, and social media, covering
diverse writing styles. Although labeled as slang,
the annotations encompass a broader class of in-
formal expressions, including slang, idioms, and
lexicalized multi-word phrases that function as se-
mantically atomic units in context. Phrase-level
spans are annotated using BIO tags, enabling se-
quence labeling with high inter-annotator agree-
ment (Cohen’s « = 0.97 at the sentence level
and k = 0.94 at the phrase level). Importantly,
many words appearing inside annotated expres-
sions also occur elsewhere in literal contexts, pre-
venting trivial word-based heuristics and requiring
span-level modeling. We follow the official 80:20
train-test split. From the training portion, we hold
out 10% as a development set.

Dataset

4.2. Evaluation Metrics

We evaluate performance using token-
level Precision (P), Recall (R), and macro-
averaged F1-score, following the protocol of
HiSlang-4.9k (Tiwari et al., 2025). Macro-F1 is
reported as the primary metric to ensure balanced
evaluation across BIO labels {B-INF,I-INF,O}
and to mitigate dominance of the majority © class.

(More details in Appendix C)

Span-Level Evaluation. Because informal ex-
pressions frequently span multiple contiguous to-
kens, we additionally report span-level F1-score
computed using exact span matching. A predicted
span is counted as correct only if its boundaries
and label type exactly match the gold annotation.
This metric directly evaluates phrase-level coher-
ence rather than isolated token accuracy.
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BIO Validity Rate. To quantify structural consis-
tency, we compute the invalid transition rate, de-
fined as the percentage of adjacent label tran-
sitions that violate BIO legality constraints (e.g.,
0 — I-INF without a preceding B-INF). Lower
values indicate stronger structural coherence and
reduced span fragmentation.

4.3. Implementation Details

Encoders. We evaluate the semantic flow
module across diverse pretrained trans-
former encoders to assess generality: (a)

aid4bharat/IndicBERTv2-MLM-Sam-TLM
(IndicBERTv2), (b) aidbharat/indic-bert
(IndicBERT), (c) google/muril-base-cased
(MuRIL), (d) bert-base-multilingual-cased
(mBERT), (e) x1m-roberta-base (XLM-R), and
(f) bert-base-cased (BERT). All encoders are
fine-tuned end-to-end for sequence labeling.

Unless otherwise specified, we use K = 8
generators in the semantic flow module. Gener-
ator matrices are randomly initialized and antisym-
metrized as described in Section 3. The exponen-
tial map is approximated using a third-order Tay-
lor expansion. The refinement strength A follows
a linear curriculum schedule from Amin = 0.1 to
Amax = 0.5 across training epochs. Alternative val-
ues are explored in ablations. Flow regularization
weights are setto n = 0.1, 8 = 0.01, and v = 0.01,
selected based on development-set performance.

Models are trained using AdamW with learning
rate 2 x 10~°, batch size 32, and weight decay
0.01. Maximum sequence length is 128. Train-
ing runs for up to 10 epochs with early stopping
based on development macro-F1. No additional
learning rate scheduler is applied. Dropout is set
to 0.1 (inherited from the pretrained encoder con-
figuration). Gradient clipping is applied with max
norm 1.0. In selected ablations, flow parameters
are frozen after the first 3 epochs to examine their
role as adaptive structural refiners.

5. Main Results

We evaluate whether Lie algebra—based seman-
tic flow improves structured span prediction be-
yond standard transformer-based token classifi-
cation. While macro-F1 provides a general per-
formance signal, our primary focus is structural
consistency, measured through invalid BIO transi-
tions and span-level F1. Table 1 compares macro-
averaged Precision, Recall, and F1 between base-
line models and their Hi -SEMFLOW counterparts.
Hi-SEMFLOW improves macro-F1 for most en-
coders, with particularly consistent gains for Hindi-
pretrained models. MuRIL improves from 0.9332
to 0.9414 (+0.82), IndicBERTv2 from 0.9309 to

141

0.9373 (+0.64), and IndicBERT from 0.8486 to
0.8688 (+2.02). Moderate improvements are also
observed for mBERT (0.9079 — 0.9205) and
BERT-base (0.8624 — 0.8709). In contrast, XLM-
R shows a slight decrease (0.9346 — 0.9307), sug-
gesting that high-capacity multilingual encoders
may already encode strong contextual dependen-
cies, making additional structural refinement less
beneficial under the same configuration. These re-
sults indicate that semantic flow interacts with en-
coder inductive bias and capacity, providing the
most consistent benefits when contextual repre-
sentations lack explicit span-level regularization.

Table 2 reports invalid BIO transition rates and
exact span-level F1. Semantic flow substantially
reduces structural violations across encoders. For
IndicBERT, invalid BIO transitions decrease from
3.8% to 1.9% (50% relative reduction). MuRIL re-
duces from 2.6% to 1.2%, and IndicBERTv2 from
2.4% to 1.3%. Similar trends hold for other mod-
els. Importantly, span-level F1 improvements are
consistent even when macro-F1 gains are modest.
Indic-BERT improves from 0.821 to 0.844 (+2.3
points), MuRIL from 0.905 to 0.918 (+1.3), and In-
dicBERTv2 from 0.931 to 0.936 (+0.5). Smaller
but positive gains are observed for mBERT, XLM-
R, and BERT-base. These findings confirm that
semantic flow primarily improves boundary coher-
ence and reduces span fragmentation, rather than
merely adjusting isolated token predictions.

6. Ablation Studies

We analyze how individual design choices in the
semantic flow module influence performance. Un-
less otherwise specified, results are reported using
macro-F1. The main experiments use K = 8 gen-
erators, which provides stable performance across
most encoders.

Effect of Number of Generators We vary the
number of Lie algebra generators K while keeping
all other parameters fixed (Table 3). Performance
sensitivity to K is model-dependent. IndicBERTv2
and XLM-R achieve their highest scores at K =
8, mMBERT also peaks at K = 8, while MuRIL
performs best at K = 16. In contrast, In-
dicBERT shows degradation as K increases be-
yond 2. Across encoders, excessively large gen-
erator sets (K = 32) consistently reduce perfor-
mance. This may indicate over-parameterization
or unstable structural refinement when structural
expressiveness becomes too large relative to the
label space (|L| = 3). Overall, moderate gener-
ator sizes (K € [4,16]) provide the most reliable
behavior.



Model Baselines (Tiwari et al., 2025) Hi-SEMFLOW (Ours)
P R F1 P R F1
MuRIL 0.9348 0.9318 0.9332 0.9413 0.9416 0.9414
IndicBERTv2 0.9303 0.9317 0.9309 0.9415 0.9335 0.9373
XLM-R 0.9342 0.9351 0.9346 0.9315 0.9300 0.9307
mBERT 0.9034 0.9125 0.9079 0.9196 0.9215 0.9205
BERT 0.8704 0.8547 0.8624 0.8875 0.8557 0.8709
IndicBERT 0.8524 0.8450 0.8486 0.8780 0.8603 0.8688

Table 1: Comparison of models with Hi —~SEMFLOW on HiSlang—-4. 9k Benchmark.

Model Invalid BIO (%) | Span-F1 7

IndicBERT 38—1.9 0.821 — 0.844
IndicBERTv2 24 —-513 0.931 — 0.936
MuRIL 26—1.2 0.905 — 0.918
mBERT 21—=15 0.908 — 0.912
XLM-R 2316 0.934 — 0.938
BERT 29—-20 0.862 — 0.864

Table 2: Effect of semantic flow on structural va-
lidity and span-level performance across all eval-
uated encoders. Arrows indicate performance
change from No Flow to Flow.

Model 2 4 8 16 32

IndicBERTv2 0.9340 0.9334 0.9348 0.9342 0.9268
IndicBERT 0.8596 0.8515 0.8433 0.8510 0.8529
BERT-base 0.8604 0.8626 0.8547 0.8630 0.8614
mBERT 0.9149 0.9046 0.9194 0.9079 0.9166
MuRIL 0.9342 0.9333 0.9309 0.9410 0.9304
XLM-R 0.9251 0.9283 0.9296 0.9263 0.9256

Table 3: Macro-F1 across different numbers of
generators K.

Effect of Curriculum Strength We evaluate dif-
ferent ranges for flow strength A (See Table 4).
Curriculum schedules are implemented as linear
increases of \ across training epochs with the
following ranges: Weak = [0.05,0.3], Medium =
[0.1,0.5], Strong = [0.2,0.7], Very Strong = [0.3,0.9].

The optimal schedule varies across encoders.
IndicBERTv2 and XLM-R perform best under the
medium configuration, mBERT peaks under the
strong configuration, and MuRIL achieves its high-
est score under the weak schedule. However,
very strong structural influence consistently de-
grades performance, particularly for IndicBERT
and MuRIL. These results suggest that excessive
structural refinement may induce over-smoothing.
Moderate schedules provide more stable behavior
across models.

Interaction with BIO Constraints We ana-
lyze the interaction between semantic flow and
decoding-time BIO masking (See Table 5). Here,
None denotes the baseline transformer classifier
without flow or decoding constraints; Flow denotes
semantic flow without BIO masking; Decode de-

Model Weak Medium Strong Very Strong
IndicBERTv2 0.9317 0.9355 0.9323 0.9279
IndicBERT 0.8517 0.8488 0.8466 0.8307
BERT-base 0.8538 0.8619  0.8608 0.8530
mBERT 0.9120 0.9127 0.9153 0.9128
MuRIL 0.9350 0.9313 0.9276 0.9132
XLM-R 0.9267 0.9307 0.9189 0.9200

Table 4: Macro-F1 across curriculum strengths.

Model None Flow Decode Both

IndicBERTv2 0.9335 0.9296 0.9336 0.9305
IndicBERT 0.8526 0.8483 0.8409 0.8574
BERT-base 0.8664 0.8660 0.8597 0.8544
mBERT 0.9180 0.9085 0.9129 0.9205
MuRIL 0.9274 0.9295 0.9309 0.9297
XLM-R 0.9223 0.9264 0.9306 0.9285

Table 5: Macro-F1 for different structural enforce-
ment mechanisms.

notes decoding-time BIO masking without flow;
and Both applies both mechanisms.

The interaction between continuous flow and
discrete decoding constraints varies across en-
coders. For mBERT, combining both mechanisms
yields the highest F1 (0.9205). IndicBERT also
benefits from the combined configuration. How-
ever, for IndicBERTv2 and MuRIL, decode-only
or baseline settings perform comparably to flow-
based refinement. These results suggest partial
complementarity: semantic flow can approximate
structured decoding in some settings, but its inter-
action with discrete masking depends on encoder
characteristics.

Effect of Flow Freezing We examine freezing
flow parameters after different epochs (See Table
6). For this experiment, training was extended to
50 epochs to allow evaluation of late freezing ef-
fects; freeze epoch denotes the epoch at which
flow parameters are fixed for the remainder of train-
ing.

The effect of freezing is encoder-dependent.
IndicBERTv2 benefits from late freezing (epoch
40), whereas Indic-BERT performs best with early
freezing (epoch 10). MuRIL and mBERT achieve
their strongest results without freezing. These pat-
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Model Never 10 20 30 40

IndicBERTv2 0.9314 0.9324 0.9325 0.9287 0.9373
Indic-BERT 0.8673 0.8688 0.8515 0.8592 0.8470
BERT-base 0.8659 0.8709 0.8674 0.8599 0.8589
mBERT 0.9187 0.9083 0.9159 0.9150 0.9060
MuRIL 0.9414 09266 0.9359 0.9317 0.9380
XLM-R 0.9282 0.9288 0.9302 0.9192 0.9277

Table 6: Macro-F1 when freezing flow at different
epochs.

terns indicate that semantic flow acts as a struc-
tural regularizer whose optimal training duration
varies across models.

Generators x BIO Interaction To examine
whether continuous structural refinement and dis-
crete BIO masking are complementary or redun-
dant, we compare flow-only configurations at K =
8 (the default setting) with decode-only and com-
bined settings ( Table 7).

Model Flow (K =8) Decode Both

IndicBERT 0.8433 0.8409 0.8574
mBERT 0.9194 0.9129  0.9205
XLM-R 0.9296 0.9306 0.9285

Table 7: Interaction between generator size (K =
8) and BIO masking (macro-F1).

For IndicBERT, flow-only slightly outperforms
decode-only (0.8433 vs. 0.8409), while combin-
ing both mechanisms yields the highest score
(0.8574), indicating complementary behavior in
moderate-capacity encoders. For mBERT, flow-
only already improves over decode-only (0.9194
vs. 0.9129), and the combined configuration pro-
duces a marginal additional gain (0.9205), sug-
gesting partial complementarity. In contrast, for
XLM-R, decode-only slightly exceeds flow-only
(0.9306 vs. 0.9296), and combining both does not
provide further improvement (0.9285). This indi-
cates potential redundancy when strong contex-
tual modeling already captures transition dynam-
ics. Taken together, these results suggest that
moderate generator sizes provide sufficient struc-
tural capacity, and that combining continuous re-
finement with discrete masking can be beneficial
in some encoders but may introduce redundancy
in high-capacity multilingual models. Structural ex-
pressiveness therefore requires calibration rather
than maximal constraint stacking.

7. Analysis

We analyze when and why semantic flow im-
proves span prediction, and identify scenarios
where structural refinement is most beneficial. Ad-

ditional quantitative analysis of boundary errors
and structural validity is provided in Appendix E.

7.1.

Informal expressions in HiSlang-4.9k fre-
quently span multiple tokens. We therefore
evaluate performance grouped by span length:
single-token spans, short spans (2—-3 tokens), and
long spans (4+ tokens).

Across encoders, improvements are concen-
trated in multi-token spans. For Indic-BERT, over-
all span-F1 improves from 0.821 to 0.844 (+2.3),
with gains primarily attributable to longer expres-
sions such as @Il W Je a1l &1t 81 and Gt
@1 fSHHT 781 @ which span four or more tokens.
MuRIL exhibits a similar pattern, where span-F1 in-
creases from 0.905 to 0.918 (+1.3), largely driven
by improved boundary consistency in multi-token
idiomatic phrases. In contrast, single-token slang
expressions show minimal change across models.
This pattern indicates that semantic flow primarily
improves boundary coherence and internal span
continuity rather than isolated token classification.

Span-Length Sensitivity

7.2. Boundary Error Analysis

Independent token classifiers commonly exhibit
boundary inconsistencies, including (a) Premature
termination of spans (predicting O within a multi-
token span), (b) Missing initial B-SLANG labels,
(c) Invalid O — I-SLANG transitions. For exam-
ple, expressions such as & R Hd I and
Y Gl <Ic™I are occasionally predicted as partial
spans by baseline models, labeling only the first
token or prematurely reverting to O. As shown in
Table 2, semantic flow reduces invalid BIO transi-
tions (e.g., 3.8% — 1.9% for Indic-BERT; 2.6% —
1.2% for MuRIL). These reductions correspond to
fewer fragmented predictions and improved span-
level F1. Qualitative inspection indicates that flow-
based refinement often converts inconsistent se-
quences such as B-SLANG O I-SLANG into co-
herent predictions B-SLANG I-SLANG I-SLANG,
thereby restoring full span boundaries.

7.3. When Semantic Flow Degrades
Performance

Although semantic flow improves structural valid-
ity in most configurations, slight degradation is
observed in certain high-capacity models under
strong refinement settings. For example, XLM-
R shows reduced macro-F1 under strong or very
strong curricula (Table 4), and performance de-
clines for large generator counts (X = 32; Table 3).
In such cases, excessive structural influence may
over-smooth locally confident predictions, particu-
larly for rare or context-specific expressions. For
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instance, phrases embedded within otherwise for-
mal sentences such as Rd ¥ AT A1fdU may
occasionally be over-extended by one token when
structural refinement is too strong. These observa-
tions indicate that semantic flow functions as a cal-
ibration mechanism whose effectiveness depends
on appropriate tuning of generator size and curricu-
lum strength.

7.4. Qualitative Examples

We analyze representative cases to understand
how semantic flow alters token-level decisions and
improves structural consistency.

Example 1: Internal Fragmentation Correction
Hict IR T aTelT &1l BHT (katd par calne vala hal
hona; “to be in extreme hardship”)

Token Gold Baseline  Hi-SEMFLOW
pict B-SLANG B-SLANG B-SLANG
R I-SLANG 0 I-SLANG
T I-SLANG 0 I-SLANG
G I-SLANG  I-SLANG I-SLANG
&Il I-SLANG 0 I-SLANG
BT I-SLANG 0 I-SLANG

Table 8: Correction of fragmented span under se-
mantic flow.

The baseline model exhibits internal discontinu-
ities, reverting to O despite strong contextual con-
tinuity. Semantic flow restores span integrity by
propagating continuation probabilities forward, re-
sulting in a structurally consistent sequence. This
behavior aligns with the observed reduction in in-
valid BIO transitions and improved span-level F1.

Example 2: Boundary Continuity in
Multi-Token Expressions et @1  f3arT
T8I &1 (khusT ka thikana nahi raha; “there was no
limit to the happiness”)

Token Gold Baseline  Hi-SEMFLOW
gt  B-SLANG B-SLANG  B-SLANG
Gl I-SLANG  I-SLANG I-SLANG
fowmT  I-SLANG ) I-SLANG
T8l I-SLANG 0 I-SLANG
& I-SLANG 0 I-SLANG

Table 9: Recovery of full span boundary under flow
refinement.

Here, the baseline prediction captures only the
initial portion of the idiomatic phrase. Flow-based
refinement enforces boundary continuity across all
tokens, preventing premature termination. This il-
lustrates the module’s ability to maintain structural

coherence even when intermediate tokens individ-
ually resemble non-slang usage.

Failure Mode: Mild Over-Extension 9Rd ¥
e 912U (bharat ratna milna cahiye; “should re-
ceive the Bharat Ratna”)

Token Gold Baseline  Hi-SEMFLOW
TNT B-SLANG B-SLANG B-SLANG
L&l I-SLANG  |-SLANG I-SLANG
et (0] (0] I-SLANG
ElES (0] 0] (0]

Table 10: Example of span over-extension under
strong refinement.

In this case, structural smoothing slightly over-
extends the predicted span. Such errors are com-
paratively rare and typically arise under strong cur-
riculum schedules or large generator counts. Im-
portantly, these errors preserve BIO validity and
represent boundary calibration rather than struc-
tural violation.

Discussion Across examples, improvements
primarily involve correction of internal span frag-
mentation and restoration of missing I-SLANG
continuations. Failure cases involve limited
over-extension rather than inconsistent transitions.
These qualitative patterns support the quantitative
findings: semantic flow functions as a soft struc-
tural regularizer, improving span-level coherence
while maintaining competitive token-level discrimi-
nation.

8. Conclusion and Future Work

We introduced a Lie algebra—based semantic flow
module for structured informal language identifica-
tion in Hindi. Unlike discrete structured prediction
approaches such as CRFs or post-hoc BIO de-
coding, our method models span consistency as a
continuous geometric refinement of label distribu-
tions. Transition dynamics are parameterized via
learnable antisymmetric generators and applied
through a curriculum-controlled flow schedule, en-
abling structural regularization while remaining
fully differentiable and architecture-agnostic.
Experiments on the Hislang-4.9k bench-
mark show that semantic flow consistently reduces
invalid BIO transitions and improves span-level
F1, particularly for multi-token informal expres-
sions. While macro-F1 gains are modest and
encoder-dependent, structural improvements are
stable across Hindi-pretrained models. Ablation
studies further demonstrate that generator size,
curriculum strength, and interaction with decoding-
time constraints critically influence performance,

144



underscoring the importance of calibrated struc-
tural refinement. These results suggest that con-
tinuous geometric transitions provide a principled
alternative to discrete structured decoding in se-
quence labeling. Rather than replacing contextual
encoders, semantic flow complements them by ex-
plicitly modeling local transition dynamics.

Several directions naturally follow from this
work including extending semantic flow to larger
and multi-class label spaces, applying continuous
structural refinement to other span-centric tasks
such as chunking, event extraction, or argument
mining would further test the generality of the geo-
metric refinement framework.

Limitations

Although semantic flow improves structural con-
sistency in span prediction, several limitations re-
main. First, the method introduces additional com-
putational overhead due to matrix exponentiation.
While the label space in this work is small (| | = 3),
scaling to larger label vocabularies may increase
computational cost and memory usage. Efficient
approximations or sparsity constraints may be nec-
essary for high-dimensional label spaces. Sec-
ond, performance gains are encoder-dependent.
High-capacity multilingual models exhibit sensitiv-
ity to generator size and curriculum strength, and
overly strong refinement may induce mild over-
smoothing. This indicates that semantic flow re-
quires careful hyperparameter calibration rather
than functioning as a universally beneficial regu-
larizer. Third, our evaluation is restricted to binary
informal-span identification in Hindi. Although the
formulation is architecture-agnostic, further valida-
tion is needed for multi-class NER settings, larger
label inventories, and cross-lingual scenarios. Fi-
nally, improvements are more pronounced at the
structural level (invalid transition reduction and
span-level F1) than at token-level macro-F1. In ap-
plications where token-level accuracy is the sole
objective, gains may appear modest despite im-
proved span coherence. Further discussion on
limited evaluation scope and statistical considera-
tions is included in Appendix E.

Ethics Statement

This work builds upon the publicly available
HiSlang-4. 9k dataset, which contains manually
annotated Hindi sentences collected from publicly
accessible sources such as social media, subtitles,
and online forums. No personally identifiable infor-
mation was introduced as part of this study. In-
formal language and slang are inherently context-
dependent and culturally nuanced. Certain ex-
pressions may carry social or cultural connotations

that vary across communities. Our contribution
focuses on modeling structural span consistency
rather than interpreting, normalizing, or endors-
ing informal expressions. Any downstream deploy-
ment of models trained on informal language data
should consider cultural sensitivity, domain appro-
priateness, and responsible usage. The semantic
flow framework itself is task-agnostic and does not
encode normative judgments about content.
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A. Full Hi-SEMF1LOW Architecture
Overview

To facilitate understanding of the continuous
structural refinement mechanism described in
Section 3, we provide a complete architectural
overview of the Hi-SEMFLOW pipeline in Figure 1.
The diagram maps directly onto Sections 3.1-3.4
and illustrates how geometric transition operators
interact with token-level predictions. Beyond pro-
cedural description, this appendix provides addi-
tional theoretical intuition for the geometric formu-
lation underlying Hi -SEMFLOW.

A.1. Base Encoder and Independent

Logits (§3.1)

Given an input sequence X = (z1,...,zr), a pre-
trained transformer encoder produces contextual
representations

h: = Encoder(X);.

A linear classifier generates independent token-
level logits

z = Why +be R

where £ = {B-INF, I-INF, O}.

These logits lie in a low-dimensional label space
RIZI. Before refinement, each z, represents a lo-
cally computed distribution over BIO labels without
explicit structural interaction. In contrast to CRFs,
which impose discrete transition scores during de-
coding, we operate directly in logit space and treat
label predictions as continuous vectors subject to
smooth transformations.

This corresponds to the left branch of Figure 1
(Input — Encoder — Linear Classifier).

A.2. Context-Dependent Lie Algebra
Generators (§3.1)

Structural refinement begins by constructing
position-specific transition operators. A projection
head predicts generator coefficients:

o = fo(hy) € RF.

We maintain K learnable generator matrices
G}, € RIFIXIZL which are antisymmetrized:

G = 3(Gr — GI).

Antisymmetric matrices form the Lie algebra of
the orthogonal group. This constraint ensures
that the infinitesimal transformations they generate
are locally norm-preserving. Intuitively, this pre-
vents structural refinement from arbitrarily scaling
or distorting label confidences, instead encourag-
ing structured rotations within label space.

The generators are combined into a position-
specific infinitesimal operator:

K
Atz E Ozt)ka.
k=1

This construction corresponds to the central red
branch of Figure 1 (Projection Head — Generators
— Antisymmetrization — Weighted Combination).

A.3. Exponential Transition Operators

(8§3.1)

Finite transition operators are obtained via the ma-
trix exponential:

Ft - eXp(At).

From a dynamical systems perspective, A; de-
fines an infinitesimal generator of motion in label
space, and exp(4;) integrates this motion into a
finite transformation. This can be interpreted as
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performing one step of a continuous-time flow on
the label manifold.

The exponential ensures smooth, well-
conditioned transformations and guarantees
approximate orthogonality when generators are
antisymmetric. In practice, we implement exp(A4;)
using a truncated third-order Taylor approximation,
which empirically provides a stable and efficient
trade-off between accuracy and computational
cost.

This corresponds to the “Matrix Exponential”
block in the diagram.

A.4. Logit-Space Structural Propagation
(§83.1)

Structural information is propagated left-to-right in
logit space:
5t = tht71~

This operation can be interpreted as trans-
porting structural evidence along the sequence.
Rather than assigning discrete transition scores,
we transform the previous token’s logit vector
through a learned geometric operator.

The refined logits interpolate between local evi-
dence and propagated structure:

gt = (1 — )\t)zt + )\tZt.

This interpolation acts as a convex combina-
tion between lexical evidence and structural co-
herence. For small )\, predictions are primarily
local; as \: increases, structural consistency in-
creasingly shapes span boundaries.

Final predictions are:

Py = softmax(z;).

These operations correspond to the green
blocks in Figure 1 (Logit Propagation — Interpo-
lation — Softmax).

A.5. Curriculum-Controlled Refinement

(83.2)

Refinement strength is gradually increased across
epochs:

e
)\(e) — )\min —+ E(}\max - >\min)'

From an optimization perspective, this curricu-
lum stabilizes training by allowing the encoder to
first learn lexical discrimination before introducing
strong structural coupling. Gradual integration re-
duces the risk of early over-smoothing and helps
avoid degenerate solutions where structural prop-
agation dominates token-level evidence.

This schedule is depicted as the dashed curricu-
lum branch controlling interpolation in Figure 1.

A.6. Geometric Regularization (§3.2)

We introduce magnitude, orthogonality, and tem-
poral smoothness penalties:

Liow = ﬁmag + BLortho + 'Yﬂtemp-
These constraints serve complementary roles:

* Magnitude regularization limits excessive

structural strength.

» Temporal smoothness encourages coherent
transition dynamics across adjacent tokens.

+ Orthogonality preservation compensates for
approximation error in the truncated exponen-
tial and maintains well-conditioned operators.

Together, these penalties encourage stable geo-
metric flows without introducing discrete decoding
steps. These regularizers correspond to the “Flow
Regularization” block in the lower-right portion of
the diagram.

A.7. Optional BIO Constraints (§3.3)

For comparison with discrete structured decoding,
decoding-time BIO masking may optionally be ap-
plied:

2B10 — 2, + log(softmax(z,_1)M).

This mechanism enforces legality through com-
binatorial constraints and is shown as a conditional
branch in Figure 1. Importantly, Hi-SEMFLOW
does not require discrete masking for structural co-
herence, but the comparison isolates the contribu-
tion of continuous geometric refinement.

A.8. Final Training Objective (§3.4)

The total training objective combines cross-
entropy with geometric regularization:

L = Lce + 1Low-

From a broader perspective, Hi -SEMFLOW re-
places discrete transition scoring with a continuous
flow over label space, modeling BIO dependencies
as smooth transformations rather than combinato-
rial constraints. Figure 1 summarizes this pipeline.

B. Additional Theoretical and
Practical Considerations

This appendix addresses additional theoretical
and practical aspects of Hi-SEMFLOW, including
stability properties, gradient behavior, computa-
tional complexity, directional refinement, and scal-
ability to larger label sets.
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B.1.

We first analyze the stability of the refinement step:

Stability of Logit-Space Refinement

z = (1— Nzt + AFyzp—q.

Proposition 1 (Norm Stability). If A; is antisym-
metric (A] = —A;), then F;, = exp(A;) is orthogo-
nal. Consequently,

[ Frze—1lle = [lze—1ll2-

Proof Sketch. For antisymmetric A;, we have
exp(A;) " = exp(—A;), implying

FtTFt =exp(—A;) exp(4;) = 1.

Hence F; preserves the ¢, norm.

Corollary (Bounded Refinement). For A\ €

[0, 1],
1Zell2 < (1= Mllzellz + Allze-]]2-

Thus refinement does not amplify logit magni-
tude beyond convex interpolation between adja-
cent tokens. This provides a theoretical justifica-
tion for the empirical stability observed in training.

B.2. Gradient Behavior

Because F; is approximately orthogonal, its spec-
tral norm is close to 1. Therefore, the gradient of
the propagated term

Zy = Fyzpq

does not introduce exponential amplification or
vanishing across positions.

Furthermore, since refinement uses base log-
its z;_1 rather than recursively refined logits z;_1,
structural propagation does not accumulate multi-
plicatively along the sequence. This design choice
prevents drift and ensures stable gradient flow.

B.3. Computational Complexity and
Runtime Comparison

The additional computational cost arises from com-
puting
F = exp(At)v
where A, € RI£IXIZ],
Using a truncated third-order Taylor expansion,
the per-token cost is

o(lLP).

For our setting (|£| = 3), this cost is negligible
relative to encoder computation.
For comparison:

* Linear-chain CRF decoding via Viterbi has
complexity O(T'|L|?).

e Hi—-SEMFLOW refinement

O(T|L]?).

has complexity

Since |£] is small in span-based tagging tasks,
both approaches incur negligible overhead rela-
tive to transformer encoding. Empirically, we ob-
serve no measurable training slowdown compared
to standard token classification.

B.4. Directional vs Bidirectional
Refinement

We apply refinement left-to-right to align with the di-
rectional nature of BIO dependencies (e.g., B-INF
typically precedes I-INF).

A bidirectional variant could refine using both
Zi—1 and 241t

5t = Ft(L)Zt,1 + Ft(R)Zt+1.

While potentially beneficial, this introduces addi-
tional operators and increases computational cost.
We leave systematic evaluation of bidirectional re-
finement to future work.

B.5. Extension to Larger Label Sets

The framework naturally generalizes to multi-class
or multi-span tagging tasks.
For |£] > 3:

» Generator matrices scale as |£| x |L|.

» Antisymmetric parameterization still guaran-
tees orthogonality.

» Matrix exponential remains well-defined.

Although computational cost scales as O(|£|?),
structured prediction tasks typically involve mod-
est label sizes (e.g., BIO tagging, chunking, NER
categories). Efficient approximations (e.g., low-
rank generators) may further reduce cost in high-
cardinality settings.

Thus, Hi-SEMFLOW is not restricted to binary
slang identification and can extend to general
span-centric structured prediction tasks.

C. Evaluation Metrics

We formally define the evaluation metrics used
throughout the paper for clarity and reproducibility.

C.1. Token-Level Metrics

Let 4, denote the predicted label at position ¢, and
y; the corresponding gold label.
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Model Setting Macro-F1  Span-F1  Invalid BIO (%)
Full Flow  0.9414 0.918 1.2
~ Lmag 0.9378 0.912 1.9
MuRIL — Lomho 0.9396 0.915 1.6
~ Liomp 0.9402 0.916 15
Full Flow  0.9373 0.936 1.3
. — Lomag 0.9339 0.930 2.0
IndicBERTV2 " 0.9354 0.933 1.7
~ Liomp 0.9361 0.934 1.6
Full Flow  0.9205 0.912 15
— Lonag 0.9168 0.906 22
mBERT — Lortro 0.9189 0.909 1.9
~ Liomp 0.9196 0.910 1.8

Table 11: Ablation of geometric regularization components across the top three encoders. Full Flow

values correspond exactly to Tables 1 and 2.

Precision, Recall, and F1. For eachlabel / € L:

Precision, = T2 Recall, = Th
‘T TP +FPR’ YT TP+ FN,
Fe, — 2 - Precision, - Recall,
*~ "Precision, + Recall, '
Macro-F1. Macro-F1 averages F1 scores across
all labels:

Macro-F1 = % > Fl..
e

This metric assigns equal weight to each label
and is appropriate for class-imbalanced settings.

C.2. Span-Level F1

A span is defined as a maximal contiguous se-
quence beginning with B-INF followed by zero or
more I-INF tokens.

Let SPd denote the set of predicted spans and
59 the set of gold spans.

A predicted span is counted as correct if and
only if its start and end indices exactly match a gold
span.

Span-level precision and recall are:

o |8pred ) Sgold|
Precisiongpan = TjSered]
|8pred N Sgold|

Recallspan = |Sgo'd|

Span-level F1 is computed as the harmonic
mean of these quantities.

C.3.

We measure structural validity using the proportion
of illegal BIO transitions.

Let (§:—1,9:) denote consecutive predicted la-
bels. A transition is considered invalid if it violates
BIO constraints (e.g., I-INF without a preceding
B—INF).

The invalid BIO rate is defined as:

Invalid BIO Transition Rate

B 23221 [transition invalid]

Invalid BIO (%) = — %100.

Lower values indicate stronger structural coher-
ence.
C.4. Boundary Error Analysis
We categorize boundary errors into:

» Fragmentation: A gold multi-token span pre-
dicted as multiple shorter spans.

+ Over-extension: A predicted span extends
beyond the gold boundary.

* Missed span: A gold span predicted entirely
as o.

These categories are computed by comparing
predicted and gold span boundaries.

D. Ablation of Geometric
Regularization Across Encoders

We analyze the contribution of individual geomet-
ric regularization components in

Lilow = Emag + BLortho + ’Yﬁtemp-

Experiments are conducted on the three
strongest-performing encoders: MuRIL, In-
dicBERTv2, and mBERT. Each regularizer is
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removed independently while keeping all other
components fixed. (See Table 11)

Across all three encoders, removing magnitude
regularization leads to the largest increase in in-
valid BIO transitions and the most consistent drop
in span-level F1, indicating that controlling genera-
tor strength is critical for stable refinement. Orthog-
onality preservation contributes to structural va-
lidity under truncated exponential approximation,
while temporal smoothness provides smaller but
consistent improvements. The combined regular-
ization yields the strongest structural coherence
across models.

E. Additional Analysis

E.1. Quantifying Boundary
Over-Extension

While semantic flow improves span continuity,
it may occasionally introduce mild span over-
extension, as illustrated in Table 10. To quantify
the impact of such errors, we analyze trends in
structural validity and span-level precision.

Across all evaluated encoders, Hi-SEMFLOW
reduces invalid BIO transitions by up to 50% (Ta-
ble 2), while consistently improving span-level F1.
Importantly, we do not observe any corresponding
degradation in precision that would indicate sys-
tematic over-extension. This suggests that over-
extension errors are relatively infrequent and local-
ized.

Further, qualitative inspection indicates that
such cases primarily arise under strong refinement
settings (Section 7.3), where structural influence
dominates local lexical evidence. These errors typ-
ically involve extension by a single token and pre-
serve BIO validity, indicating boundary calibration
rather than structural inconsistency.

E.2. Transition Error Rate vs. Hard
Constraints

Unlike CRF-based models that enforce strict
BIO legality through constrained decoding, Hi-
SEMFLOW adopts a soft structural approach.

We quantify structural consistency using the in-
valid BIO transition rate. As shown in Table 2,
Hi-SEMFLOW reduces invalid transitions substan-
tially across models (e.g., IndicBERT: 3.8% —
1.9%, MuRIL: 2.6% — 1.2%).

This demonstrates that while Hi-SEMFLOW
does not strictly forbid invalid transitions, it effec-
tively discourages them through learned geomet-
ric transformations. This trade-off enables flexibil-
ity in ambiguous cases while maintaining strong
structural coherence.
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E.3. Sensitivity to Regularization
Parameters

We analyze the role of flow regularization param-
eters through component ablations (Appendix D,
Table 11).

Removing magnitude regularization (Lmag) re-
sults in the largest performance drop, indicating
that controlling structural strength is critical for sta-
ble refinement. Similarly, removing orthogonality
(Lortho) Of temporal smoothness (Liemp) leads to
consistent degradation in both span-F1 and BIO
validity.

These findings suggest that performance is sen-
sitive to the balance of regularization terms, even
without explicit grid search over g and ~v. A full
sensitivity analysis over parameter ranges is left
for future work.

E.4. Analysis of Over-Smoothing
Behavior

A potential limitation of continuous structural refine-
ment is over-smoothing, where adjacent tokens
may be incorrectly merged into a single span.

Empirically, such cases are rare and occur pri-
marily under strong curriculum schedules or large
generator counts (Section 6). Importantly, these
errors differ from baseline failures: instead of pro-
ducing fragmented or invalid spans, the model pro-
duces structurally valid but slightly over-extended
spans.

This behavior suggests that semantic flow acts
as a soft structural regularizer, prioritizing coher-
ence over strict boundary precision in uncertain
contexts.

E.5. Explanation for XLM-R Performance
Trends

For XLM-R, we observe a slight decrease in macro-
F1 (Table 1) despite improvements in structural
metrics (Table 2).

This discrepancy arises because macro-F1 is
sensitive to token-level label distribution, particu-
larly the majority O class. Semantic flow primarily
improves span boundary consistency, which ben-
efits span-F1 and reduces invalid transitions, but
may introduce minor shifts in token-level predic-
tions.

This highlights a trade-off: structural refine-
ment improves sequence-level coherence even
when token-level accuracy remains unchanged or
slightly decreases.

E.6. On Scope of Evaluation

Hi-SEMFLOW is evaluated on the HiSlang-4.9k
dataset, which focuses on multi-token informal ex-



pressions in Hindi. This choice is intentional: the
dataset emphasizes span consistency, making it
suitable for evaluating structural refinement meth-
ods. While the framework is architecture-agnostic
and applicable to broader sequence labeling tasks,
extending evaluation to larger benchmarks (e.g.,
Hindi NER datasets with larger label spaces) is left
for future work. We note that scaling to larger label
sets increases computational cost due to matrix ex-
ponentiation (O(|L|?)), though efficient approxima-
tions (e.g., low-rank generators) can mitigate this.

E.7. On Statistical Significance and
Multi-Seed Variance

All reported results correspond to single training
runs for computational efficiency. While trends are
consistent across models and metrics (e.g., reduc-
tion in invalid BIO transitions and improvements in
span-F1), we acknowledge that multi-seed evalu-
ation would provide stronger statistical confidence.
We leave reporting of variance and confidence in-
tervals as future work.
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Figure 1: Complete Hi-SEMFLOW pipeline illustrating (i) independent token logits, (ii) context-dependent
Lie algebra generator construction, (iii) matrix exponential transition operators, (iv) logit-space structural

propagation with curriculum-controlled interpolation, (v) optional BIO masking, and (vi) joint cross-entropy
and geometric regularization.

153



	Introduction
	Related Work
	Methodology
	Flow-Based Structural Refinement
	Stabilization and Training Control
	Optional Structural Constraints
	Training Objective and Complexity

	Experimental Setup
	Dataset
	Evaluation Metrics
	Implementation Details

	Main Results
	Ablation Studies
	Analysis
	Span-Length Sensitivity
	Boundary Error Analysis
	When Semantic Flow Degrades Performance
	Qualitative Examples

	Conclusion and Future Work
	Full Hi-SEMFLOW Architecture Overview
	Base Encoder and Independent Logits (§3.1)
	Context-Dependent Lie Algebra Generators (§3.1)
	Exponential Transition Operators (§3.1)
	Logit-Space Structural Propagation (§3.1)
	Curriculum-Controlled Refinement (§3.2)
	Geometric Regularization (§3.2)
	Optional BIO Constraints (§3.3)
	Final Training Objective (§3.4)

	Additional Theoretical and Practical Considerations
	Stability of Logit-Space Refinement
	Gradient Behavior
	Computational Complexity and Runtime Comparison
	Directional vs Bidirectional Refinement
	Extension to Larger Label Sets

	Evaluation Metrics
	Token-Level Metrics
	Span-Level F1
	Invalid BIO Transition Rate
	Boundary Error Analysis

	Ablation of Geometric Regularization Across Encoders
	Additional Analysis
	Quantifying Boundary Over-Extension
	Transition Error Rate vs. Hard Constraints
	Sensitivity to Regularization Parameters
	Analysis of Over-Smoothing Behavior
	Explanation for XLM-R Performance Trends
	On Scope of Evaluation
	On Statistical Significance and Multi-Seed Variance


