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Abstract

State space models such as Mamba-3 claim
improved state tracking over attention at sub-
quadratic cost, but this claim is validated al-
most entirely on English. We test whether
it transfers to a morphologically rich, low re-
source setting by training parameter and to-
ken matched Transformer, Mamba-3, and hy-
brid language models from scratch on Bangla
(24.5M nonembedding parameters, 1B tokens,
five seeds per architecture). We evaluate on
a new suite of 4,790 native speaker reviewed
minimal pairs targeting Bangla subject verb
person and honorific register agreement, and
assess every comparison with Wilson confi-
dence intervals and cross seed Welch t-tests.
Across five seeds, the Mamba family achieves
significantly lower perplexity than the Trans-
former (Welch p < 0.001). Transformer SVA
accuracy declines from 91.3% to 87.5% as
the intervener lengthens (paired p = 0.01),
whereas Mamba-3 shows no significant de-
cline (83.3% to 81.5%, p = 0.22); how-
ever, the direct difference between their dis-
tance slopes is not significant (p = 0.15). A
third finding is methodological rather than ar-
chitectural: most single run between architec-
ture agreement gaps, including a honorific reg-
ister advantage significant under a within run
McNemar test (p = 0.0015) do not survive
replication once cross seed variance is included
(Welch p = 0.28), because Mamba-3’s agree-
ment accuracy is markedly more seed sensitive
than the Transformer’s (cross seed standard de-
viation up to ±8.4 vs. ±3.5). At this scale, two
seed comparisons of state space models can
manufacture findings that vanish under replica-
tion. Perplexity does not predict distance be-
havior: the architectural signal we identify con-
cerns robustness to distance and initialization,
not a uniformly “better” architecture. We re-
lease code, probes, all fifteen checkpoints, and
the analysis scripts.

1 Introduction
Subquadratic sequence models have reemerged as
credible alternatives to attention based Transform-
ers. Mamba (Gu and Dao, 2024) and its succes-
sors argue that a selective state space recurrence
matches attention on language modeling at lower
inference cost; Mamba-3 (Lahoti et al., 2026) fur-
ther claims improved state tracking via a more ex-
pressive recurrence, complex/rotary state updates,
and MIMO projections. Like most architecture pa-
pers, its empirical validation is English centric.

Bangla (Bengali; spoken by over 230 million
people) provides a sharp typological test of these
claims. Bangla is an SOV, morphologically rich
language whose finite verbs agree with the subject
in person and honorific register not number and
this agreement is required to hold across long in-
tervening spans and even across a covert (pro-drop)
subject realized in a subsequent sentence. Whether
a fixed size compressed recurrent state helps track
such long distance, register sensitive dependencies,
or is instead disadvantaged under data scarcity rel-
ative to attention’s exact recall, has not been tested
for Bangla or, to our knowledge, any South Asian
language.

We conduct a controlled, iso-parameter, iso-
token comparison of a Transformer, Mamba-3,
and a hybrid architecture with the same methodol-
ogy the Mamba papers use to validate their own
claims (Gu and Dao, 2024; Dao and Gu, 2024),
with five seeds per architecture, enabling between-
architecture claims to be tested with proper cross
seed statistics rather than single run comparisons.

Contributions.

1. Resource: A reusable probe suite of 4,790 na-
tive speaker reviewed Bangla minimal pairs
targeting person and honorific register agree-
ment, distance-binned, with agreement attrac-
tion and cross sentence pro drop conditions
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that have no direct English analogue.

2. Architectural finding: A controlled three
way comparison (Transformer, Mamba-3, hy-
brid) at matched scale on Bangla, five seeds
each, trained from scratch, revealing an SSM
perplexity advantage and a distance asymme-
try, attention’s agreement accuracy degrades
with subject-verb distance while the state
space recurrence’s does not.

3. Methodological finding: At this scale,
Mamba-3’s agreement accuracy is substan-
tially more seed sensitive than the Trans-
former’s, such that most single run agreement
gaps between architectures, including one sig-
nificant under a within run test, do not repli-
cate across five seeds.

2 Related Work
Targeted syntactic evaluation. Minimal pair
benchmarks score whether a language model as-
signs higher probability to a grammatical sen-
tence than to a minimally different ungrammati-
cal one (Linzen et al., 2016; Warstadt et al., 2020).
MultiBLiMP 1.0 (Jumelet et al., 2026) extends
this paradigm to 101 languages, but its automatic
extraction pipeline yields only 21 Bengali pairs
which is too few to analyze by grammatical condi-
tion, and none covering honorific register or cross
sentence agreement. Our hand constructed, native
speaker reviewed suite is format compatible with
MultiBLiMP while filling this gap with 4,790 pairs
spanning four agreement conditions.

State space and hybrid sequence models. Se-
lective state space models like Mamba (Gu and
Dao, 2024), Mamba-2 (Dao and Gu, 2024), and
Mamba-3 (Lahoti et al., 2026) achieve strong En-
glish language modeling at subquadratic inference
cost. Architectures that interleave a small num-
ber of attention layers into an otherwise recurrent
backbone, such as Samba (Ren et al., 2025) and
Jamba (Lieber et al., 2024), are a standard recipe
for recovering in-context precision while retaining
most of the efficiency of recurrence; we adopt this
recipe for our hybrid architecture. Controlled com-
parisons find that attention retains an advantage
on exact recall and copying (Arora et al., 2023;
Jelassi et al., 2024), that SSMs are no more ex-
pressive than Transformers for inherently sequen-
tial state tracking (Merrill et al., 2024), and that
at 8B scale Mamba-based models are competitive

with Transformers while hybrids outperform both
(Waleffe et al., 2024). These studies are English or
synthetic; we ask the corresponding question for a
morphologically rich, low-resource language.

Low resource Bangla language modeling.
Prior work on Bangla language modeling largely
adapts existing architectures to the language rather
than testing architectural hypotheses under con-
trolled conditions. BanglaBERT (Bhattacharjee
et al., 2022) pretrains an encoder only model
on a 27.5 GB web crawl for natural language
understanding tasks; BanglaT5 (Bhattacharjee
et al., 2023) similarly pretrains a sequence to se-
quence Transformer on the same corpus scale for
natural language generation. Both establish strong
Bangla specific baselines by scaling a single, fixed
architecture rather than comparing architectural
families under matched compute. In contrast,
we hold architecture under direct experimental
control, matching non-embedding parameters and
training tokens exactly across three architectures
to test a specific, falsifiable claim about state
tracking, rather than optimizing one architecture
for downstream task accuracy. Vats et al. (2025)
apply state space models to question answering
in several Indic languages and compare SSM
architectures on downstream accuracy; we instead
compare SSMs against a matched Transformer on
targeted agreement phenomena.

Seed sensitivity and replicability in NLP evalua-
tion. Prior work has shown that neural language
model performance can vary substantially across
random seeds even under fixed hyperparameters:
Dodge et al. (2020) find that BERT fine tuning
outcomes on GLUE tasks depend heavily on both
weight initialization and training data order, and
Bethard (2022) finds that more than half of a sam-
ple of 85 ACL Anthology papers use random seeds
in ways that risk overstating between model differ-
ences. Our results extend this concern from fine
tuning to architecture comparison at pretraining
scale, and show that the risk is asymmetric across
architecture families: Mamba-3’s cross seed vari-
ance on our agreement probes is 2–3× larger than
the Transformer’s, so a seed insensitive evaluation
protocol is not sufficient on its own which is the
reason seed sensitivity must be assessed per archi-
tecture.
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3 Method

3.1 Architectures
All three models are decoder only causal LMs
matched on non embedding parameters (approx-
imately 24.5M, matched to within 1.3%; embed-
dings identical and excluded). Each is a pre-norm
RMSNorm (Zhang and Sennrich, 2019) residual
tower with tied embeddings; the models differ only
in the per-layer token mixer:

• Transformer: Llama style (Touvron et al.,
2023), with multi head attention using rotary
position embeddings (Su et al., 2024) and a
SwiGLU MLP (Shazeer, 2020).

• Mamba 3: the official Mamba3 SISO
block (Lahoti et al., 2026) from state
spaces/mamba.

• Hybrid: the Mamba-3 tower with rotary self
attention at 2 of 15 layers (Samba/Jamba-
style).

3.2 Data and Training
We train from scratch on the Bangla (ben_Beng)
split of FineWeb-2 (Penedo et al., 2025) with a
32k SentencePiece BPE vocabulary (Kudo and
Richardson, 2018), 1.0B tokens per run (approxi-
mately 41 tokens/parameter), and a held-out split
for perplexity. Optimization is identical across
models and seeds: AdamW (Loshchilov and Hut-
ter, 2019), cosine schedule (peak 8 × 10−4, 1%
warmup), batch 32× gradient accumulation 2 ×
sequence length 1024, and bf16. Each model is
trained with five seeds (1337, 2024, 3419, 5150,
8888); approximately 3 A100-hours per run, 15
runs total.

3.3 Probe Suite
We construct 4,790 minimal pairs from hand-
written Bangla conjugation tables (10 verbs ×
3 tenses × 6 person/register cells) and reusable
frames. A native speaker reviewed the lexicon—
verb morphology, temporal-adverb compatibility,
intervener naturalness, and discourse coherence—
and every flagged issue was corrected before scor-
ing. Table 1 summarizes the four conditions.

3.4 Scoring and Significance
A model is correct on a pair if it assigns higher
total log-probability to the grammatical sentence
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Figure 1: Held out perplexity. Bars are the five seed
mean, error bars show the cross seed standard deviation,
and dots show individual seeds.

(BLiMP protocol; Warstadt et al., 2020). We re-
port two kinds of uncertainty because they answer
different questions: Wilson 95% confidence in-
tervals (pooled over seeds) capture finite-probe un-
certainty and are used for within-model trends (e.g.,
accuracy across distance); cross seed Welch t tests
on the five per seed accuracies capture initializa-
tion uncertainty and are the proper test for between
architecture differences.

4 Results

All numbers are means over five seeds; “±” is the
cross-seed standard deviation. Figures 1–3 sum-
marize held out perplexity, distance conditioned
SVA accuracy, and probe wise agreement accu-
racy, respectively.

4.1 Perplexity: A Robust SSM Advantage
Both SSM-family models beat the Transformer
(Table 2), and every pairwise difference is signifi-
cant (Welch across seeds: Transformer vs. Mamba-
3 and vs. hybrid, p < 0.001; Mamba-3 vs. hybrid,
p = 0.02). General language modeling quality
favors recurrence, the opposite of the naive expec-
tation that attention’s exact recall should help most.
The ordering (hybrid < Mamba-3 < Transformer)
matches English findings that Mamba-family mod-
els are competitive with Transformers at matched
size (Gu and Dao, 2024) and that hybrids outper-
form both (Waleffe et al., 2024).
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Condition Pairs What it tests
SVA 3,300 Subject–verb person/register agreement; interveners binned none/short/medium/long
Attraction 1,190 A competing-person pronoun inside the intervener lures the wrong agreement
Honorific 210 িতিন/উিন (tini/uni, honorific “he/she”) vs. েস (se, ordinary “he/she”) register agreement (single sentence)
Discourse 90 Register set in sentence 1; agreement tested on a pro-drop sentence 2

Table 1: Composition of the Bangla agreement probe suite.

Model Perplexity ↓

Transformer 42.16± 0.16
Mamba-3 40.20± 0.06
Hybrid 39.87 ± 0.18

Table 2: Held out perplexity (mean ± cross seed stan-
dard deviation).
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Figure 2: SVA accuracy vs. subject verb distance.
Lines are the five seed mean and shaded bands show
the Wilson 95% confidence interval.

4.2 The Headline: Agreement vs. Distance
The clearest architectural signal is not a level differ-
ence but a slope difference. Table 3 bins SVA pairs
by subject verb distance and reports the mean over
five seeds.

The Transformer’s decline is significant (Wilson
confidence intervals: none [89.8, 92.5] vs. long
[86.6, 88.2], non-overlapping) and occurs in every
seed. Mamba-3 shows no significant change with
distance (none [81.4, 85.0] vs. long [80.5, 82.4],
overlapping) and even rises with distance in two
seeds. The hybrid, which contains attention, de-
clines like the Transformer. Thus, attention’s ben-
efit is a local one that erodes with distance; the re-
current state does not decay in the same way. This
dissociation is the paper’s most robust agreement
finding. The Transformer’s decline is significant
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Figure 3: Accuracy by probe type. Bars are the five seed
mean, error bars show the cross seed standard deviation,
and dots show individual seeds; note Mamba-3’s wide
spread.

(Wilson confidence intervals: none [89.8, 92.5] vs.
long [86.6, 88.2], non-overlapping), occurs in ev-
ery seed, and holds under a seed-aware paired test
across the five seeds (t = 4.33, p = 0.01). Mamba-
3 shows no significant change with distance (none
[81.4, 85.0] vs. long [80.5, 82.4], overlapping;
paired p = 0.22) and rises with distance in two
seeds. The hybrid declines on average, in four of
five seeds, but not significantly (paired p = 0.14).
A direct test of the architecture × distance inter-
action, comparing per-seed distance slopes, finds
the Transformer’s slope steeper than Mamba-3’s
(mean −1.18 vs. −0.41 points per distance bin),
but the difference is not significant (Welch p =
0.15). Attention’s agreement accuracy thus erodes
with distance where the recurrent model’s does not,
but five seeds are not enough to establish that the
two slopes differ. Results on recall and copying
(Arora et al., 2023; Jelassi et al., 2024) would sug-
gest that attention’s advantage grows as the agree-
ment controller moves further back; at this scale
we see, if anything, the opposite (the Transformer’s
lead over Mamba-3 narrows from 8.0 to 6.0 points),
though not significantly.

4.3 Seed Sensitivity Dominates Local
Agreement Gaps

The Transformer has the higher mean on the three
local probes (Table 4), but cross seed Welch t-
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Model None Short Medium Long None→long
Transformer 91.3 90.8 90.4 87.5 −3.8 (declines in all 5 seeds)
Mamba-3 83.3 83.1 84.3 81.5 −1.8 (rises in 2 of 5 seeds)
Hybrid 86.8 85.2 86.0 83.5 −3.3 (declines)

Table 3: SVA accuracy by subject verb distance. Values are percentages averaged over five seeds.

Model SVA Attraction Honorific Discourse
Transformer 89.3± 1.5 87.0± 2.8 78.0± 3.5 64.4± 2.7
Mamba-3 83.0± 5.6 84.6± 6.1 72.5± 8.4 69.3 ± 3.7
Hybrid 85.0± 3.5 82.9± 2.6 70.9± 4.5 68.0± 2.9

Table 4: Accuracy by probe condition (mean ± cross seed standard deviation).

tests tell a more cautious story:

• SVA: Transformer > Mamba-3 only
marginally (p = 0.08).

• Attraction: Transformer vs. Mamba-3 is not
significant (p = 0.50).

• Honorific: Transformer vs. Mamba-3 is not
significant (p = 0.28), the apparent 5.5 point
gap is swamped by Mamba-3’s ±8.4 cross
seed spread. A two seed run had suggested a
clean Transformer advantage here; five seeds
show it does not replicate.

• Discourse (the hardest, cross sentence probe):
Mamba-3 > Transformer, marginally signifi-
cant (p = 0.07) and recurrence’s one direc-
tional agreement win.

The dominant reason the local gaps fail to reach
significance is Mamba-3’s seed variance (SVA
±5.6, attraction ±6.1, honorific ±8.4) against the
Transformer’s tight ±1.5–3.5. At this scale, the
SSM’s morphosyntactic competence is much more
initialization dependent, itself a finding a two seed
study would have missed.

Concretely, a single seed item level McNemar
test finds the Transformer significantly ahead of
Mamba-3 on SVA, attraction, and honorific (all
p < 0.01 for seed 1). That these same gaps are
non-significant under cross seed testing is a direct,
quantified illustration of how within run signifi-
cance overclaims when a model is seed sensitive:
the honorific “advantage” (McNemar p = 0.0015
in one seed) does not survive replication (Welch
p = 0.28 across five).

4.4 The Second Person Intimate Artifact
The second person intimate register (তুই (tui, inti-
mate “you”); forms like কিরস (koris, “(you) do”))
is very rare in web text and behaves pathologically:
Mamba-3’s accuracy on this cell ranges from 12%
to 84% across seeds (mean 43%), and the hybrid
from 8% to 79%, while the Transformer is stable
(80%–87%). This is a frequency/tokenization arti-
fact, models default to the frequent (wrong) form,
not state tracking, and it also illustrates the SSM’s
seed sensitivity in the extreme. We exclude it from
the distance analysis in Section 4.2 and report it
separately.

4.5 Error Analysis
Two architecture independent patterns recur (per-
tense and per-person breakdowns are in the re-
leased results/ directory). Past tense is the hard-
est across all models. Bangla simple-past forms are
shorter and more syncretic across register than the
explicitly marked future. So this reflects the phe-
nomenon, not the architecture. Register errors
are asymmetric: all models agree almost perfectly
with overt honorific subjects (িতিন/উিন) but err on
ordinary third person subjects, i.e., they over ap-
ply honorific agreement; this asymmetry is largest,
and most seed variable, for Mamba-3.

4.6 Tokenization Sanity Check
Because pair scores are sums of log-probabilities
without length normalization, a grammatical sen-
tence that tokenizes into fewer subwords can
be advantaged. Across conditions, 20–37% of
pairs have different subword counts between the
grammatical and ungrammatical sentences. For
seed 1 SVA, accuracy on these pairs is 98.3% vs.
70.3% for the Transformer and 97.6% vs. 37.2%
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Model None
(all)

Long (all) None
(matched)

Long
(matched)

Transformer 91.8 88.9 93.3 90.3
Mamba-3 78.2 79.6 81.2 82.6
Hybrid 87.0 82.3 89.9 83.8

Table 5: Seed-1 SVA accuracy on all pairs and on
length-matched pairs only.

for Mamba-3 when the grammatical sentence is
shorter vs. longer. However, length-matched pairs
constitute 62–64% of every distance bin, and re-
stricting evaluation to these pairs preserves the dis-
tance pattern and probe-level architecture ordering.
The check uses seed 1, the only seed with saved per-
pair outputs.

5 Discussion
The five seed evaluation reframes the initial hy-
pothesis, that Mamba-3’s more expressive recur-
rence should track morphosyntactic dependencies
better than attention and therefore win on agree-
ment, into three claims of different evidentiary
strength:

1. Recurrence yields significantly lower per-
plexity. Mamba-3 and the hybrid achieve signif-
icantly lower held out perplexity than the Trans-
former across all five seeds (p < 0.001 for both
SSM family comparisons, p = 0.02 for Mamba-
3 vs. hybrid; Table 2). This ranking is tight and
consistent, but as the next claim shows, it does
not predict distance robustness or seed stability on
agreement. Language modeling quality and tar-
geted syntactic competence are separable here.

2. Attention and recurrence diverge in how
agreement scales with distance. The clearest ar-
chitectural signal is a difference in slope, not in
level. The Transformer’s agreement accuracy de-
clines from 91.3% with no intervener to 87.5%
with a long intervener, a decline present in every
seed and significant across seeds (paired p = 0.01;
Table 3, Figure 2). Mamba-3 shows no significant
decline (83.3% to 81.5%, paired p = 0.22) and
rises with distance in two of five seeds; the hybrid,
which retains two attention layers, declines on av-
erage but not significantly. The direct contrast be-
tween the Transformer’s and Mamba-3’s distance
slopes is in the predicted direction but not signifi-
cant (Welch p = 0.15). We therefore read this as a
within-architecture asymmetry, consistent with at-
tention’s benefit being local and the recurrent state

not decaying in the same way, rather than as an
established between-architecture difference, which
would require more seeds or larger probe sets to
confirm.

3. Local agreement superiority is not estab-
lished at this scale. The Transformer has the
higher mean on all three local probes (Table 4),
but cross seed Welch t-tests find these gaps non
significant or marginal (SVA: p = 0.08; attrac-
tion: p = 0.50; honorific: p = 0.28), since
Mamba-3’s cross seed standard deviation (±5.6 to
±8.4) is two to three times the Transformer’s (±1.5
to ±3.5). Recurrence’s one directional advantage,
the cross sentence discourse probe, is itself only
marginally significant (p = 0.07). This is a gen-
uine finding, not a null result to explain away. At
roughly 25M parameters, Mamba-3’s morphosyn-
tactic competence is substantially more sensitive to
initialization than the Transformer’s, and this sensi-
tivity, rather than architecture, dominates the local
agreement gaps a single seed study would report.

A methodological illustration. A single seed,
item level McNemar test finds the Transformer sig-
nificantly ahead of Mamba-3 on SVA, attraction,
and honorific agreement (all p < 0.01, seed 1),
including an apparently clean honorific advantage
(p = 0.0015). None of these gaps survive repli-
cation across five seeds (Welch p = 0.28 for hon-
orific). This is a direct, quantified demonstration,
not merely a caveat, of how within run significance
testing overstates between architecture differences
when one family is more seed sensitive than the
other. Seed sensitivity cannot be assumed compa-
rable across architectures, and single or dual seed
comparisons of state space models against atten-
tion based baselines carry an elevated risk of re-
porting findings that do not replicate.

Synthesis. Recurrence wins perplexity, robustly.
Attention’s agreement accuracy degrades with dis-
tance while recurrence’s does not, though the di-
rect contrast is not yet significant. Whether re-
currence is locally more accurate at agreement is,
at this scale, underdetermined. The Transformer
leads numerically on local probes and Mamba-3
leads numerically on the cross sentence probe, and
neither difference is significant once initialization
variance is included. The architectural signal this
paper supports concerns distance robustness and
initialization variance, not a uniformly superior ar-
chitecture.
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Limitations
We frame this work as a controlled pilot for a
low resource and typological venue, not as a scal-
ing study or a claim that either architecture is uni-
formly superior.

Scale and breadth. All results come from a sin-
gle model size (roughly 24.5M non embedding pa-
rameters), a single training budget (1.0B tokens),
and a single language. Existing Bangla pretrained
models such as BanglaBERT (Bhattacharjee et al.,
2022) and BanglaT5 (Bhattacharjee et al., 2023)
are substantially larger than our models, and ca-
pabilities that emerge only at larger scale would
not be visible here. Whether the distance dissoci-
ation described in Section 4.2 and Mamba-3’s ele-
vated seed sensitivity described in Section 4.3 per-
sist at larger parameter or data scale, and whether
they generalize to other agreement marking South
Asian languages, remains untested. The training
and probing pipeline is size and language agnos-
tic by design, so extending these tests should be
comparatively inexpensive, but we do not claim
the architectural signal reported here holds at ev-
ery scale.

Seeds. Results are averaged over five seeds per
architecture. We report perplexity and the Trans-
former’s within-model distance decline as signifi-
cant, marginal effects such as SVA and discourse
as marginal, and non significant between architec-
ture comparisons such as attraction and honorific
explicitly as non significant, rather than treating
them as directional findings. Five seeds substan-
tially reduce, but do not eliminate, the risk that this
particular seed set is unrepresentative, especially
for Mamba-3 given its observed variance.

Probe construction. The 4,790 minimal pairs
are generated from a templated, hand written lexi-
con (10 verbs across 3 tenses and 6 person or regis-
ter cells) rather than sampled from a corpus. A sin-
gle native speaker reviewed the lexicon for morpho-
logical, temporal, and discourse well formedness;
we did not collect a second annotation pass or an
inter annotator agreement statistic. The honorific
and discourse conditions are comparatively small,
at 210 and 90 pairs respectively, which limits the
precision of subgroup estimates for those two con-
ditions. Scoring is not length-normalized, and 20–
37% of pairs differ in subword count between the
grammatical and ungrammatical sentence; the re-
ported patterns hold on length-matched pairs (Sec-

tion 4.6), but this check covers one seed, and
length-normalized scoring is a natural follow-up.

State tracking beyond agreement. Our probe
suite targets subject verb person and honorific reg-
ister agreement. Other phenomena commonly as-
sociated with state tracking, such as coreference
resolution, retrieval over long contexts, and narra-
tive memory, are not tested here and may show dif-
ferent architectural behavior.

SISO only. We evaluate the single input single
output variant of the official Mamba-3 block. The
MIMO variant was not evaluated because the corre-
sponding kernels were unavailable in the released
package at the time of this study. Mamba-3’s im-
proved state tracking claims are motivated in part
by its MIMO projections, so our results should be
read as a test of the SISO recurrence specifically,
rather than of the full architecture as originally pro-
posed.

6 Reproducibility
Code, configuration files, the reviewed lexicon and
probe generator, per-seed results, and all fifteen
model checkpoints will be released publicly upon
publication. All figures and every confidence inter-
val and significance test in this paper regenerate di-
rectly from the released results file without requir-
ing a GPU or access to the raw training data. Data
sampling during training is deterministic given the
random seed and training step, so each of the fif-
teen training runs can be reproduced exactly given
the same hardware and software environment.

7 Conclusion
In a controlled, iso parameter, iso token compar-
ison on Bangla with five seeds per architecture,
recurrence, in the form of Mamba-3 and the hy-
brid, achieves significantly lower perplexity than
a matched Transformer, and attention’s agreement
accuracy degrades with subject verb distance while
recurrence’s does not. At the same time, most
between architecture agreement gaps, including
the honorific register comparison, are not robust
once cross seed variance is taken into account, and
Mamba-3 is substantially more seed sensitive than
the Transformer at this scale. The architectural sig-
nal we report is about distance robustness and ini-
tialization variance, not about one architecture be-
ing uniformly better than the other. We release the
probe suite, code, checkpoints, and analysis scripts
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to support replication and to make it easier to ex-
tend this study to larger scales and to more lan-
guages.

Ethics and Broader Impact

The probe suite is synthetic, contains no personal
data, and targets grammatical well-formedness
only. Training data is the public, license-cleared
FineWeb-2 corpus, which, like all web corpora,
may contain social biases our agreement-focused
evaluation does not measure. The models are small
research artifacts, not deployment-ready systems.
We hope the released Bangla probe suite lowers
the barrier to targeted syntactic evaluation for an
under-resourced language.
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A Per-Seed and Per-Distance Data
Per-model perplexity and probe accuracy are
released per seed in paper/results.json;
paper/stats.py reproduces all confidence
intervals and Welch tests. Cross-seed standard
deviations (main text) quantify initialization
sensitivity: the Transformer is stable (SVA ±1.5,
honorific ±3.5), while Mamba-3 is not (SVA
±5.6, honorific ±8.4). SVA-by-distance means
over five seeds are reported in Table 3.

B Data, Tokenizer, and Compute
The data, tokenizer, and compute details are given
in 6.

Item Value
Corpus FineWeb-2 ben_Beng (Penedo et al.,

2025); 1.0B train tokens, held-out test
split

Tokenizer SentencePiece BPE, 32,768 vocabulary,
byte fallback

Sequence length 1,024
Non-embedding
parameters

Transformer 24.52M; Mamba-3 24.50M;
Hybrid 24.85M

Hardware 1× NVIDIA A100-80GB (Colab)
Throughput
(bf16)

Transformer 226k tokens/s; Mamba-3
172k tokens/s

Compute Approximately 3 A100-hours/run; 15
runs (3 architectures × 5 seeds)

Table 6: Data, tokenizer, model size, and compute de-
tails.
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