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Abstract

We investigate whether Mixture-of-Experts
(MoE) language models develop linguistically
structured expert routing during bilingual lan-
guage acquisition. Inspired by the Declara-
tive—Procedural framework, we analyze lexi-
cal, grammatical, and syntactic processing in
a decoder-only English—-German MoE Trans-
former trained under sequential language ex-
posure. We construct a probe-based validation
set and extract token-level routing distributions
to quantify category-dependent specialisation
using mutual information, routing entropy, and
Jensen—Shannon divergence. The curriculum-
trained model exhibits a peak mutual informa-
tion of 0.1148 at layer 5, indicating category-
dependent differences in routing distributions
across linguistic categories. Surprisingly, a
no-curriculum baseline trained on mixed En-
glish—-German data shows stronger aggregate
specialisation, reaching a peak mutual informa-
tion of 0.2599 at the same layer. These results
suggest that interpretable linguistic organiza-
tion emerges within MoE routing patterns even
without sequential language exposure. Rather
than uniformly increasing specialisation, staged
bilingual exposure appears to redistribute spe-
cialisation across languages, yielding a more
balanced bilingual routing profile. Code and
data will be released upon acceptance.

1 Introduction

Mixture-of-Experts (MoE) language models route
each token across a subset of expert networks in-
stead of sending every token through the same feed-
forward network (Shazeer et al., 2017; Fedus et al.,
2022). This makes MoE models useful not only for
scaling, but also for studying how neural language
models choose experts internally. If different kinds
of linguistic tokens are routed to different experts,
the routing mechanism may exhibit an organized
form of expert distribution inside the model.

In this work, we examine whether bilingual
MOoE language models develop routing patterns

that correspond to meaningful linguistic categories.
We focus on three categories motivated by the
Declarative—Procedural view of language: lexical
knowledge, grammatical processing, and syntactic
structure (Ullman, 2001b,a, 2020). In this paper,
a probe is a token chosen from a sentence to be
examined. Lexical probes are tokens that test word
knowledge, such as irregular forms. Grammatical
probes are tokens that test rule-based morphology
and agreement. Syntactic probes are tokens that
participate in clause structure and sentence organi-
zation. Instead of examining only the model’s final
predictions, we directly analyse the expert-routing
distributions associated with these probe tokens.

We train a sparse bilingual transformer using
a staged English—German curriculum. The train-
ing curriculum starts with English and gradually
transitions to German, approximating structured
second-language exposure and curriculum learning
in bilingual settings (Bengio et al., 2009; Platan-
ios et al., 2019; Zhang et al., 2019). We compare
this structured curriculum to an unstructured no-
curriculum setting in which English and German
are introduced without gradual cumulative expo-
sure. This lets us examine whether MoE routing
becomes organized by language and whether staged
bilingual exposure affects how that organization is
distributed across languages.

To measure the development of an organized
routing schema, we use a held-out validation set
with lexical, grammatical, and syntactic probes in
both English and German. We examine the router’s
probability distribution over experts at each MoE
layer for each probe token. We then measure the re-
lationship between expert routing and linguistic cat-
egory using mutual information, entropy, Jensen—
Shannon divergence, and sentence-level permuta-
tion testing (Shannon, 1948; Lin, 1991; Cover and
Thomas, 2006). This complements recent work
that studies behavioral declarative and procedural
knowledge in datasets and large language models



(Li et al., 2024) by moving the analysis to the level
of internal routing.

Our results show that MoE routing distributions
contain measurable information about linguistic
category membership: the category of a probe to-
ken can be partially inferred from its expert proba-
bility distribution because routing and category ex-
hibit non-trivial mutual information. Lexical, gram-
matical, and syntactic probes are routed differently.
The clearest specialisation appears in intermediate
MOoE layers, whereas later layers route more dif-
fusely and show reduced mutual information. We
also find that curriculum affects how specialisation
is balanced between languages. The no-curriculum
model develops a stronger English routing signa-
ture, while the staged L.1-L.2 curriculum yields a
more balanced bilingual organization and supports
clearer German expert structure in the middle lay-
ers.

In general, this study shows that bilingual MoE
routers develop a language-sensitive quantifiable
expert-routing structure that reflects linguistically
significant differences. These findings suggest that
expert routing provides a useful mechanistic win-
dow into how bilingual language models allocate
computation across different types of language pro-
cessing.

The central motivation of this paper is to move
beyond asking whether a bilingual MoE model per-
forms well on a diagnostic task and instead ask how
its internal routing mechanism organizes linguistic
computation. Our explicit contribution is a routing-
level analysis framework for testing whether ex-
pert allocation is sensitive to lexical, grammatical,
and syntactic probe categories under staged bilin-
gual exposure. By comparing a forward English—
German curriculum with a no-curriculum baseline,
we isolate how training order changes the distri-
bution of routing specialisation across languages.
This makes the study a mechanistic investigation of
expert routing in bilingual MoE models, rather than
a general benchmark of language-model accuracy.

2 Related Work

This section places the study in the context of four
connected areas: the Declarative—Procedural view
of language, the linguistic analysis of transformer
models, expert routing in MoE architectures, and
curriculum learning for bilingual exposure. To-
gether, these areas lead to the main question of
the paper: does expert routing in a bilingual MoE

model become sensitive to lexical, grammatical,
and syntactic differences? Also, does staged lan-
guage exposure change that routing structure?

Declarative-Procedural theory. The
Declarative—Procedural ~ framework  divides
language knowledge into two main parts (Ullman,
2001b,a, 2020). Declarative knowledge relates to
stored word knowledge, such as vocabulary and
irregular forms. Procedural knowledge relates to
rule-based grammar and compositional structure.
In this paper, we use this framework only as a
linguistic lens. We do not claim that MoE routers
are the same as human memory systems.

Declarative and procedural knowledge in LLMs.
Recent studies have looked at declarative and pro-
cedural knowledge in language models mainly
through model outputs and task performance (Li
et al., 2024). Our work explores this question
within the model. Instead of just asking if the
model provides the right answer, we investigate
whether a sparse bilingual model allocates compu-
tation differently for varying types of probe tokens.

Transformer linguistic structure. Previous
studies indicate that transformer layers do not all
encode the same type of linguistic information
(Vaswani et al., 2017; Tenney et al., 2019; Clark
et al., 2019; Elhage et al., 2021). Intermediate
layers often have clearer syntactic and semantic
structures than very early or very late layers. This
motivates our layer-wise analysis of MoE routing.
We specifically question whether middle routed
layers show stronger category-sensitive expert allo-
cation.

Mixture-of-Experts routing. MoE models use
routers to direct tokens to a subset of experts
(Shazeer et al., 2017; Fedus et al., 2022). Earlier
work has shown that experts can specialize based
on token statistics, domains, routing design, and
balancing constraints (Dai et al., 2024; Falke et al.,
2026; Sun et al., 2026). Our research stands out by
focusing on bilingual linguistic probe categories
and exploring how curriculum structure impacts the
distribution of routing specialization across English
and German.

Curriculum learning and bilingual exposure.
Curriculum learning investigates how the order of
training examples influences learning (Bengio et al.,
2009; Platanios et al., 2019; Zhang et al., 2019).
In bilingual training, staged exposure is useful be-



cause it allows us to compare two scenarios: one
where the model sees English first and German
later, and another where both languages are mixed
from the start. This comparison helps us assess
whether the order of language exposure affects how
routing specialization develops across languages.

3 Routing Analysis Framework

Let E denote the expert-routing random variable,
C denote the linguistic category random variable,
and (") (t) denote the routing probability vector of
token ¢ at layer [. Analysis is performed on the
routed layers L = {1, 3,5,7}.

The category set is defined as

C = {lexical, grammatical, syntactic}

Probing mechanism. Probe tokens are annotated
in each sentence using a parser (details in Method-
ology and Appendix B). The routing vector corre-
sponding to the probe token is extracted from the
router during inference and used to compute the
routing statistics described below.

Analysis is performed independently for each
routed layer. All routing distributions and statistical
measures are therefore computed separately for
each layer.

To analyse the relationship between the model’s
routing behaviour and different categories, we
frame the null hypothesis as

Hy: P(E|C) = P(E)

meaning that the expert routing distribution is
independent of linguistic category.
The alternate hypothesis is

H, : P(E|C) # P(E)

meaning that the expert routing distribution de-
pends on linguistic category.

3.0.1 Statistical Testing Framework

The primary statistical tool used is mutual infor-
mation between expert-routing distributions and
linguistic category. Higher mutual information in-
dicates a stronger association between the router’s
expert probability mass and linguistic category.

The marginal routing probability assigned to ex-
pert e is computed as

S0l
S e M)

p(e) 1)

and the joint probability between expert e and
category c is computed as

S0
Zc’ Ze’ ZTETC/ T(Z) (T) [el]

p(e,c) (2)

where T" denotes the complete set of probe to-
kens and 7 denotes the subset belonging to cate-
gory c.

Mutual information is then computed as

MI(E;C) = ZZ (e, ) log < ple; ) >

p(e)p(c)
(3)
where p(e) is the marginal routing probability
assigned to expert e and p(c) is the marginal prob-
ability of the routed token belonging to category
c.

Robustness of the mutual information is anal-
ysed with a permutation test where the p-level is
set to be less than (.01 in order to eliminate coinci-
dence of mutual information.

We can now frame our hypothesis based on mu-
tual information:

Hy: MI(E;C)=0

Hy: MI(E;C) >0

3.0.2 Entropy Analysis

Entropy is considered as the second statistical tool
to analyse how distributed the routing is across
experts. Higher entropy indicates a more diffuse
expert-usage distribution across probes across ex-
perts, whereas lower entropy indicates concentra-
tion of probability mass on a smaller subset of
experts.
Shannon entropy is given by

H(E)= =Y ple)nple) @)

where p(e) is the marginal distribution of expert
e being chosen. When entropy is computed for a
specific linguistic category, p(e) is estimated only
from the probe tokens belonging to that category.
Thus, category-wise entropy measures how concen-
trated or diffuse expert usage is for lexical, gram-
matical, or syntactic probes separately.



Other tools include Jensen—Shannon Divergence
(JSD), which gives a measure of how routing be-
tween different linguistic categories is similar or
different, which is given by

JSD(P(E|C;) || P(E|C)))
- %pKL<P<E|a»> | M) 5)
%DKL(P(E@) | M)

where

M = S (P(EIC) + P(EICS)).

4 Methodology

4.1 Dataset Construction and Probe
Annotation

The dataset is constructed from the FineWeb-Edu
corpus (Penedo et al., 2024) for the English part
and the German portion of mC4 (Xue et al., 2021)
for the German part. The pipeline uses the Stanza
module to categorise words in each sentence as
lexical, grammatical, and syntactic. The taxonomy
for this classification is given in Appendix A.

One probe token is annotated for each sentence-
category pair. A sentence may contain probe tokens
belonging to multiple linguistic categories and can
therefore appear in more than one category-specific
dataset. In such cases, the sentence is duplicated
across the relevant categories, with each category
using its corresponding probe token.

The following table provides the size of the En-
glish and German datasets:

Language Lexical Grammatical Syntactic
English 460,250 650,000 650,000
German 138,127 175,000 175,000

Table 1: Dataset size by language and linguistic cate-
gory.

Note: Lexical probe extraction was terminated
before reaching the target dataset size because of
computational constraints, resulting in smaller lexi-
cal subsets for both languages. This does not affect
the reported analyses, which are conducted on a
fixed held-out validation set.

4.2 Sequential L1-L2 Curriculum

The curriculum is designed to approximate staged
second-language acquisition. Here, the first lan-
guage is English (EN) and the second language is

German (DE). The first 1-8 epochs consist of an
EN-only curriculum. From epochs 9-16, the cur-
riculum slowly transitions from EN-only to bilin-
gual (EN + DE). The choice of language was based
on the differences in grammatical structure and
the linguistic category taxonomy (more details in
Appendix A).

As = 0.20 4 0.05(s — 9), 9<s<14 (6)
where \g denotes the proportion of German sam-
ples presented during epoch s.

Within each epoch, the amount of lexical, gram-
matical, and syntactic probe tokens is equal and
follows a repetition + new exposure system. This
system can be given by

Curs = 0.6 - Curys—_1
+0.4- (New or Cury where s’ < s — 1)
(N
for 2 < s < 16.

Cury =1-New (3)

where C'ury is the curriculum of epoch s and
Neuw is the set of samples that are not part of any
previous curriculum.

4.3 Diagnostic Held-out Validation

The validation set consists of 12,000 samples
(6,000 per language and 2,000 per category per
language). The validation set is a minimal-pairs
dataset consisting of a pair of sentences, S* and
S~, where ST is a linguistically valid and accept-
able sentence and S~ is a linguistically invalid
sentence.

The S™ set was generated synthetically us-
ing OpenAI’s GPT-5.1 model in order to obtain
controlled, diverse, and task-specific examples.
The generation was guided by rigorous prompt-
ing (prompts provided in Appendix E), with valid
probe tokens injected into the prompts. Automatic
post-generation validation is applied to ensure that
generated sentences follow the correct category
subtype, are not duplicates, and contain the re-
quired metadata. The S~ sentence is then deter-
ministically obtained by modifying the probe token
to invalidate the sentence in a linguistically mean-
ingful way (rules provided in Appendix E).



4.4 Experimental Setup

A custom 8-layer MoE language model is used,
with a feed-forward dimension of 2048, an embed-
ding size of 512, and 8 attention heads per layer.
The model uses the multilingual mBERT tokenizer
with a vocabulary size of 119,547. The total param-
eter count of the model is 86.4 million.

A relatively small model size is chosen to facili-
tate controlled experimentation and clearer analysis
of expert routing behaviour. The MoE layers are
placed in alternate transformer layers (1, 3, 5, and
7). The primary training setup uses the proposed
sequential L1-L.2 curriculum, with an additional
No-Curriculum setting used as an ablation baseline.

The no-curriculum baseline uses a fixed 80:20
English-German mixture at every epoch. This
keeps the overall bilingual composition broadly
similar to the forward curriculum, although the
aggregate exposure is not exactly identical: the
forward curriculum yields 81.56% English and
18.44% German across the full schedule, whereas
the no-curriculum condition remains fixed at 80%
English and 20% German.

Both conditions receive the same total number
of training samples. The difference between them
is the order in which the languages are introduced.
In the forward curriculum, the model is trained on
English first and German is introduced gradually.
In the no-curriculum condition, English and Ger-
man are mixed from the start using the same overall
English-German proportions.

The primary runs use top-k routing with k£ = 3
and a router load-balancing coefficient of 0.01.
Additional hyperparameters are provided in Ap-
pendix C.

5 Results and Analysis

All the results, mathematical analyses, and met-
rics reported below are obtained through infer-
ence on the forward-curriculum model and the no-
curriculum ablation model over the held-out vali-
dation set. Unless otherwise stated, all MI values
reported in Sections 5.1-5.5 are computed on the
pooled bilingual validation set combining English
and German probes. Language-specific analyses
are introduced separately in Section 5.6.

5.1 Behavioural Performance

Table 2 reports validation performance for the
forward-curriculum and no-curriculum conditions.
The two setups achieve broadly comparable be-

havioural outcomes on the held-out diagnostic val-
idation set. The Accuracy is computed as token-
level next-token accuracy on the grammatical sen-
tence strings only, averaged over all non-padding
tokens; it is not a pairwise sentence-choice accu-
racy between ST and S~. The forward-curriculum
model attains lower perplexity (111.19) than the
no-curriculum model (117.01), whereas the no-
curriculum condition achieves marginally higher
accuracy (29.65% versus 28.99%).

Because the two training conditions achieve sim-
ilar behavioural performance, the routing patterns
reported in the following sections are less likely to
reflect simple differences in overall model compe-
tence.

The relatively low absolute scores reflect the
challenging evaluation setup. The purpose of the
diagnostic set is to expose routing behaviour un-
der controlled linguistic contrasts rather than to
serve as a benchmark of language-model capability.
These scores are not the main outcome of the paper.
They just indicate that both models can handle the
diagnostic examples. The primary analysis focuses
on the router. We examine whether different token
types are sent to different experts during validation.

Condition Perplexity  Accuracy (%)
Forward Curriculum 111.19 28.99
No Curriculum 117.01 29.65

Table 2: Validation performance on the held-out diag-
nostic probe set.

5.2 Emergence of Category-Dependent
Routing

The primary analysis investigates whether routing
specialisation occurs across different linguistic cat-
egories. Mutual Information (MI) is computed
from the inference routing logs to quantify this
phenomenon. The MI values vary across layers,
indicating that the degree of specialisation differs
throughout the network. Layer 5 shows the highest
mutual information value (0.1148), suggesting the
strongest category-dependent routing behaviour. In
contrast, the final routed layer (layer 7) shows an
MI value substantially lower than the other routed
layers.

To determine whether the obtained MI values
(routing-category associations) are statistically sig-
nificant, a permutation test was conducted using
1,000 sentence-level permutations. Across all
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Figure 1: Layer-wise mutual information between
expert-routing distributions and linguistic categories.

routed layers, the observed MI values were sig-
nificantly higher than the corresponding layer-wise
null distributions, with statistical significance of
p < 0.001 for all layers. This result makes a
shuffled-label explanation unlikely and supports
the presence of category-dependent routing be-
haviour.

Layer Observed MI Null Mean Null Std  p-value
1 0.0520 0.0004 0.0002  0.000999
3 0.0384 0.0003 0.0001  0.000999
5 0.1148 0.0003 0.0001  0.000999
7 0.0207 0.0001 0.0000  0.000999

Table 3: Permutation test results for routing-category
mutual information. All routed layers exhibit statis-
tically significant routing-category associations. All
reported p-values correspond to the minimum attainable
empirical value under 1000 permutations, indicating
that no permuted sample exceeded the observed MI.

5.3 Expert Allocation Patterns

The secondary analysis supporting the expert spe-
cialisation claim is performed through category-
wise and layer-wise expert allocation patterns. This
analysis also explains how experts have been uti-
lized across different linguistic categories. Al-
though the probability mass is distributed across
different experts for each category, certain experts
consistently receive higher routing probabilities for
specific categories. This indicates the presence of
preferential expert allocation rather than uniform
routing.

We can also observe that there is no collapse to
a single expert for any particular linguistic cate-
gory. Instead, each category exhibits a distribu-
tion of expert preferences, where some experts
are selected more frequently than others. For ex-
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Figure 2: Category-conditioned expert allocation pat-
terns.
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ample, grammatical probes show stronger prefer-
ences towards Experts E1 and E3, while syntactic
probes exhibit higher utilisation of Experts E3-E5.
This shows that category-dependent specialisation
emerges through differences in routing preference
rather than strict expert exclusivity.

Figure 3 presents the layer-wise expert usage
distribution. It is interesting to note that the dif-
ferent routed layers exhibit different expert usage
distributions, with different subsets of experts dom-
inating at different stages of the processing. This
observation is consistent with the layer-wise MI
analysis, suggesting that the routing distribution
differs across different parts of the model.
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Figure 3: Layer-wise expert utilisation across routed
layers.

While the heatmap and expert allocation reveal
how the experts are allocated layer-wise as well as
category-wise, they do not indicate how diverse or
concentrated the routing distribution is. To examine
this aspect, we analyse routing entropy across the
routed layers.



5.4 Routing Entropy Analysis

The entropy values vary across different layers and
among the different categories as well. Grammati-
cal probes exhibit the lowest entropy consistently
in all the layers (with the strongest effect in layer
3), which suggests that the expert utilisation distri-
bution is more concentrated with a smaller subset
of experts consistently utilized for this category.
In contrast, the syntactic probes exhibit the high-
est entropy values across different layers (or equal
to lexical in layer 1). This indicates that expert us-
age is spread across more experts for this particular
category across all layers. Together, these obser-
vations suggest that different linguistic categories
rely on distinct routing strategies, with grammati-
cal processing exhibiting more concentrated expert
utilisation and syntactic processing exhibiting more

distributed expert usage.

Figure 4: Routing entropy across routed layers and
linguistic categories. Lower entropy indicates more
concentrated expert utilisation.
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5.5 Category Separation Analysis

While entropy explains how concentrated or dis-
tributed the expert utilisation is, it does not explain
how the routing distribution differs between differ-
ent linguistic categories. To examine this aspect,
we compute pairwise Jensen—Shannon Divergence
(JSD) between category-wise routing distributions.

Left Category  Right Category JSD

Grammatical Lexical 0.0788
Grammatical Syntactic 0.1147
Lexical Syntactic 0.1218

Table 4: Pairwise Jensen—Shannon Divergence between
category-conditioned routing distributions.

Table 4 shows the pairwise JSD values between
grammatical, lexical and syntactic routing distri-

butions. All category pairs exhibit non-zero diver-
gence, suggesting that the router assigns different
expert utilisation distributions to different linguis-
tic categories. We can observe that the highest
divergence in the routing distribution is between
lexical and syntactic processing, whereas the low-
est divergence is between grammatical and lexical
processing. These observations are consistent with
the mutual information and expert allocation anal-
yses, providing additional evidence for category-
dependent routing.

5.6 Effect of Curriculum on Specialisation

In the no-curriculum setting, the mutual informa-
tion peaks at 0.2599 in layer 5 and reaches 0.1945
in layer 1. Similar to the forward curriculum set-
ting, the strongest routing-category association is
observed in the intermediate routed layers. These
observations indicate that routing specialisation
emerges under both training conditions, suggesting
that curriculum learning is not strictly necessary
for category-dependent routing to develop.

Layer No-Curr MI
1 0.1945
3 0.0674
5 0.2599
7 0.0739

Table 5: Pooled bilingual routing-category MI under the
no-curriculum condition.

The following table shows language-wise MI
values computed separately for English and Ger-
man.

Layer FwdEN FwdDE No-Curr EN  No-Curr DE
1 0.0508 0.1361 0.3810 0.1357
3 0.0366 0.0911 0.1364 0.0804
5 0.1025 0.1444 0.6457 0.1116
7 0.0571 0.0053 0.1141 0.0649

Table 6: Language-wise routing-category mutual infor-
mation for the forward curriculum and no-curriculum
settings.

To verify that the observed category-sensitive
routing is not reducible to language identity alone,
we additionally compute conditional mutual infor-
mation I(R;C | L), where L denotes language
identity. This analysis measures whether routing
still contains information about lexical, grammati-
cal, and syntactic category membership after condi-
tioning on whether the probe is English or German.



As reported in Appendix Table 11, conditional mu-
tual information remains non-zero across routed
layers in both training conditions, indicating that
the routing-category relationship is not explained
solely by English-German separation.

Table 6 shows the language-wise mutual infor-
mation for each routed layer under both the for-
ward curriculum and no-curriculum settings. The
language-wise MI values are drastically different
for English. In particular, at layer 5, the MI value
increases from 0.1025 in the forward curriculum
setting to 0.6457 in the no-curriculum setting, rep-
resenting an increase of approximately 6.3 times.
A similar trend can be observed across all routed
layers.

In contrast, the difference between the category-
dependent routing effect of the two setups is much
less visible in German, where MI remains around
0.1 at layers 1 and 5 for both setups (0.1444 in the
forward curriculum setting and 0.1116 in the no-
curriculum setting at layer 5 for German language).
A similar effect is observed in the other layers,
where the differences remain comparatively small.

From the above observations, curriculum does
not appear to uniformly increase routing special-
isation. Instead, the effect of curriculum differs
across languages. While the no-curriculum condi-
tion produces substantially stronger specialisation
in English, the forward curriculum yields a more
balanced EN-DE specialisation profile. In contrast,
the no-curriculum specialisation pattern is strongly
dominated by English routing behaviour.

6 Discussion

Routing distributions provide significant insights
into linguistic category membership, even with
held-out validation data. Specialisation shows up
in both the forward-curriculum and no-curriculum
conditions. This indicates that curriculum learn-
ing is not necessary for category-sensitive routing
to develop. The key question is how curriculum
changes how this specialisation is distributed across
different languages and layers.

The strongest relationship between routing and
category occurs in the intermediate routed layers,
particularly in layer 5. This aligns with previous
research that suggests intermediate transformer lay-
ers often feature clearer linguistic structures. Con-
versely, the final routed layer exhibits lower mutual
information and higher entropy. This implies that
later routing becomes more evenly spread across

experts instead of being distinctly separated by cat-
egory.

The comparison between the two training condi-
tions is crucial. The no-curriculum model shows
stronger routing-category dependence in English,
which boosts the overall bilingual mutual informa-
tion. However, this stronger pooled signal mainly
originates from English and does not distribute
evenly between English and German. The for-
ward curriculum creates a more balanced bilingual
routing profile and maintains the German category
structure more robustly in the middle layers. There-
fore, sequential L1-L2 exposure does not simply
boost specialisation everywhere; it alters how spe-
cialisation spreads across languages.

This is important because pooled statistics can
be misleading. When combining English and Ger-
man into one score, the no-curriculum model seems
stronger. Yet, when analyzing the two languages
separately, the staged curriculum appears to lessen
English’s dominance and foster a more balanced
bilingual routing structure. This provides a clearer
understanding of the effects of the curriculum than
merely assessing which model has higher total mu-
tual information.

Interpreting behavioral accuracy values requires
considering the study design. The model is inten-
tionally small, and the validation set is challenging
since it uses controlled minimal-pair contrasts. The
aim is not to achieve high benchmark accuracy but
to compare internal routing patterns across con-
trolled linguistic probe families. In this context,
the behavioral results primarily indicate that both
models are sufficiently functional for meaningful
routing analysis.

7 Conclusion

Bilingual MoE routing develops measurable
category-dependent organization across lexical,
grammatical, and syntactic probe families. The
strongest routing specialisation is observed in in-
termediate routed layers and remains robust on
held-out validation data. Curriculum learning does
not uniformly increase specialisation; instead, it
redistributes it across languages. While the no-
curriculum condition produces stronger English
routing-category dependence, staged L1-L2 expo-
sure yields a more balanced bilingual specialisation
profile and stronger German middle-layer routing
structure.



Limitations

This study uses a single EN-DE language pair
and a single primary sparse architecture. While
the observed routing patterns are consistent across
multiple analyses, including mutual information,
entropy, Jensen—Shannon divergence, permutation
testing, and conditional mutual information con-
trols, the extent to which the findings generalize to
other language families, larger-scale MoE architec-
tures, or different curriculum schedules remains an
open question.

The diagnostic validation set is generated
through a controlled LL.M-assisted pipeline and
subsequently validated using parser-based checks
and deterministic probe construction rules. Al-
though these procedures improve consistency and
coverage, the evaluation set does not undergo man-
ual human validation. Future work could incorpo-
rate expert human review and naturally occurring
linguistic examples to further verify that the ob-
served routing patterns generalize beyond synthetic
diagnostic probes. The validation set is dominated
by single-piece probes under the mBERT tokenizer,
but full subword-aggregation robustness was not
recomputed for the final archived routing logs used
in this draft

The present study uses distinct source corpora
for English and German. Although language-
conditioned analyses remain significant, future
work should examine matched-domain multilin-
gual corpora.

A reverse curriculum is not included because the
forward curriculum is explicitly designed around
a fixed cumulative English-German exposure ratio.
Simply reversing the schedule would alter not only
the temporal order of language presentation but
also the total exposure received by each language
across training. Consequently, a naive DE—EN
reversal would confound sequencing effects with
differences in cumulative language exposure. A
fair reverse-curriculum comparison would there-
fore require a separately constructed schedule that
preserves overall language proportions while re-
versing the order of introduction.

Several potential confounds were explicitly ex-
amined. Routing-category associations remained
stable across alternative subword aggregation
strategies and remained non-zero after condition-
ing on language identity and coarse lexical fre-
quency controls. Nevertheless, the present study
does not fully disentangle all possible interactions

between linguistic category, token identity, lexi-
cal frequency, morphological complexity, and part-
of-speech information. As a result, the reported
routing effects should be interpreted as category-
sensitive routing behaviour rather than evidence of
perfectly isolated category-specific mechanisms.

A stricter frequency-balanced lexical control was
explored but was not included in the final analy-
sis. The curriculum-generated lexical distributions
were highly skewed, making it difficult to construct
well-matched irregular and regular subsets while
maintaining sufficient probe coverage and sample
diversity.

We do not yet report extensive architectural
sweeps, multiple language pairs, or broad-scale
hyperparameter sensitivity analyses. In addition,
expert intervention experiments (e.g., expert mask-
ing or routing interventions) are not included, lim-
iting our ability to make strong causal claims about
the functional role of individual experts.

Finally, the work focuses specifically on sparse
MoE architectures because expert-routing distri-
butions constitute the primary object of analysis.
Dense transformers do not expose an explicit rout-
ing mechanism, making direct comparisons of rout-
ing specialisation impossible. While dense base-
lines remain useful for behavioural benchmarking,
they cannot provide the routing-level signals stud-
ied in this work.

While the present study focuses on identifying
category-dependent routing behaviour, future work
could perform expert masking or routing interven-
tions to determine whether the identified expert
preferences play a causal role in linguistic process-
ing.
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A Probe Token Taxonomy

English lexical probes

A token 7 is classified as English lexical if either
condition holds:

1. Irregular past-tense verb. UPOS(7) = VERB,
Tense=Past € FEATS(T), VerbForm=Fin €
FEATS(7), and LEMMA(T) € VEN.

2. Irregular plural noun. UPOS(7) = NOUN
and TEXT(7) € NEN.
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German lexical probes

German lexical probes are operationalized as item-
specific or lexically exceptional forms:

1. Strong past-tense verbs. UPOS(7) = VERB,
Tense=Past € FEATS(T), VerbForm=Fin €
FEATS(T), and LEMMA(7) € VPE,

Suppletive or highly irregular finite
paradigm forms. TEXT(7) € Spg and
UPOS(7) € {VERB, AUX}.

. Irregular plural nouns. UPOS(7) = NOUN,
Number=Plur € FEATS(7), and TEXT(T) €
/DE

ur

Gender-marked determiners. UPOS(7) =
DET with nominative singular definite or in-
definite gender-marked forms. These probes
are grouped with lexical probes because they
depend on lexically specified noun-gender dis-
tinctions, even though they also involve mor-
phosyntactic marking.

English grammatical probes

1. Regular past-tense verb. UPOS(7) = VERB,
Tense=Past € FEATS(T), VerbForm=Fin €
FEATS(T), and LEMMA(7) ¢ VEN.

2. Auxiliary agreement. UPOS(7) = AUX with
number-marked auxiliary agreement.

German grammatical probes

1. Weak past-tense verb. UPOS(7) = VERB,
Tense=Past € FEATS(T), VerbForm=Fin €
FEATS(7), LEMMA(7) ¢ VPE, and the form

is not part of the suppletive set.

2. Auxiliary agreement. UPOS(7) = AUX with
number-marked auxiliary agreement.

Syntactic probes
1. UPOS(7) = SCONJ, or

2. DEPREL(T)
{advcl, ccomp, xcomp, acl, csubj}.

These labels should be interpreted as operational
probe families rather than perfectly discrete the-
oretical classes. Their purpose is to test whether
MOoE routing is sensitive to broad linguistically mo-
tivated contrasts under a consistent parser-based
annotation scheme.
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B Full Curriculum Schedule

Category sampling

Within every epoch, lexical, grammatical, and syn-
tactic sentences are sampled uniformly and shuffled
randomly.

Forward curriculum

Epochs  M\pg Description
1-8 0.00 EN only

9 0.20 L2 introduction
10 0.25

11 0.30

12 0.35

13 0.40

14 0.45

15-16 0.50  Stable bilingual

Table 7: Forward curriculum L2 exposure schedule.

C Hyperparameter Details

Hyperparameter Value
Layers 8
Embedding size 512
Attention heads 8
Feed-forward size 2048

MOoE layers 1,3,5,7
Experts N 8

Top-k 3
Load-balance « 0.01
Vocabulary mBERT WordPiece, ~119k
Optimizer AdamW
Peak LR 3x1074
Warmup steps 500

Batch size 8 sequences
Gradient clip 1.0

Epochs 16

Computing Infrastructure and Budget

All training, validation, and routing-analysis ex-
periments were conducted on NVIDIA T4 GPUs
and NVIDIA RTX A6000 GPUs. The primary
bilingual MoE model used in the study contains
86.4M parameters. Each training condition was run
for 16 epochs with 300,000 sentence instances per
epoch, corresponding to 4.8M sentence instances
per condition. Validation, routing extraction, and
downstream statistical analyses were performed
from saved checkpoints and held-out routing logs
on the same hardware class. Depending on hard-
ware availability, experiments were conducted on



either NVIDIA T4 or NVIDIA RTX A6000 GPUs.
Training time therefore varied across runs, ranging
from approximately 14-28 GPU-hours per condi-
tion

D Additional Routing Analysis Details

Permutation testing

Category labels are shuffled at the sentence level for
1,000 permutations per layer. Empirical p-values
are computed as the fraction of permutations with
I(R;C) > Iobserved- This tests whether the ob-
served routing-category dependence is larger than
would be expected under category-independent
routing.

E OpenAl Generation Details, Validation
Parsing, and Prompt Examples

The held-out validation sentences were generated
with the OpenAl Responses API using the Python
OpenAl client. In the generation script, the de-
fault model was GPT-5.1, configurable through
the OPENAI_MODEL environment variable. Re-
quests were made with max_output_tokens=420,
reasoning.effort="none", store=false, re-
quest timeout 40s, and max_retries=0. The API
call also included a fixed instruction string: “Fol-
low the output format exactly. Return only the
requested lines and nothing else.”

Generated candidates were then automatically
parsed and validated with Stanza using the proces-
sors tokenize, pos, lemma, and depparse. For
each generated ST sentence, the pipeline checked
that the marked probe token occurred exactly once,
that the output matched the required subtype in-
ventory, and that the parsed probe token satisfied
the subtype-specific constraints used in dataset con-
struction (e.g., finite past-tense verb, plural noun,
auxiliary, or subordinating conjunction, depending
on the subtype). Additional filters removed mal-
formed outputs, duplicates, and subtype violations
before acceptance into the held-out set.

For the final validation pair construction, the un-
grammatical sentence S~ was obtained determinis-
tically from the validated ST sentence by editing
only the probe token or deleting the probe in the
syntactic conjunction cases. The transformation
rule depended on subtype. For example, English
irregular past forms were replaced with regular-
ized forms, English regular past-tense verbs were
replaced with their lemma/base form, auxiliary
agreement probes were swapped to mismatching
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number forms, German strong verbs were weak-
regularized, German suppletive forms were re-
placed with present/agreement-incompatible alter-
natives, and subordinating conjunction probes were
removed to create a syntactically degraded variant.
This yielded minimal-pair contrasts in which S*
remained parser-validated and S~ differed by a
controlled probe-level manipulation.

Below we provide two illustrative prompt exam-
ples adapted directly from the generation templates
used in the pipeline.

Prompt Example 1: English irregular verb
probe.

Write exactly 10 EN sentences.

Subtype: irregular_verb

Preferred lemmas: become, draw, awake, speak,
throw, choose, write, drive, sing

Avoid recent probes: none

Rules: - Output exactly 10 lines, no more and
no fewer. - One sentence per line. - 6—12 words
per sentence. - Prefer a different listed lemma
on each line. - Mark target as [PROBE: word]. -
Prefer the correct irregular simple-past form of
one listed lemma. - Probe must be the main verb.
- Use simple past only. - No auxiliaries or partici-
ples with the probe. - Use the real irregular past
form, not the base form. - Examples: become —
became, awake — awoke, draw — drew. - Prefer
the listed lemmas strongly. - If one listed lemma
feels awkward, use another listed lemma. - No
numbering, bullets, quotes, parentheses, or extra
text. - Bare sentence text only.

Prompt Example 2: German subordinating con-
junction probe.

Write exactly 10 DE sentences.

Subtype: sconj

Preferred subordinating conjunctions: weil, ob-
wohl, bevor, nachdem, falls, sobald, damit, dass
Avoid recent probes: none

Rules: - Output exactly 10 lines, no more and no
fewer. - One sentence per line. - 6—12 words per
sentence. - Prefer a different listed conjunction on
each line. - Mark target as [PROBE: word]. - Pre-
fer one listed subordinating conjunction exactly
as shown. - Use the probe as a true subordinat-
ing conjunction with UPOS=SCON]J. - Build a
clear subordinate-clause construction. - Keep the
sentence fully grammatical as written. - Avoid
coordinators, adverbs, or discourse markers. - No
numbering, bullets, quotes, parentheses, or extra
text. - Bare sentence text only.

Parsing and Validation Tools

Parser-based probe annotation and validation were
performed with Stanza. We used the Stanza
pipelines for English and German with the proces-
sors tokenize, pos, lemma, and depparse. These
pipeline outputs were used to identify probe tokens,



verify subtype constraints, and validate generated
held-out examples.

F Dataset Diversity Statistics

To address concerns regarding dataset health and
template collapse, we provide diversity statistics for
the diagnostic set. All reported probe sets maintain
100% sentence-pair uniqueness.

Probe Set Records Tokens Uniqueness
EN Irregular Verb 1500 46 100%
EN Irregular Plural 1500 30 100%
DE Strong Verb 500 35 100%
EN SCONIJ 3000 21 100%
EN Aux Agreement 1500 17 100%

Table 8: Illustrative diagnostic probe diversity statistics.

G

The appendix currently includes four additional
controls beyond the main forward and no-
curriculum MoE comparisons: random routing,
frozen routing, top-k, and load-balancing (o =
0.005) ablations under the forward curriculum.
These controls are intended to distinguish curricu-
lum effects from generic sparse-routing effects and
to test how sensitive the observed specialisation is
to router flexibility and routing sparsity.

Ablation Controls

Ablation Combined EN DE

Random routing 0.0018 0.0029 0.0057
Frozen routing 0.0274  0.0647 0.0140
Load balancing (o = 0.005)  0.1482  0.3288 0.1042
Forward top-k = 2 0.1100  0.1767 0.1349
Forward top-k = 4 0.2382  0.4107 0.1144

Table 9: Routing-control and sparsity ablations evalu-
ated on the held-out validation set (MI@LS5). Random
routing collapses routing-category dependence toward
near-null values, indicating that specialisation does not
arise from architectural sparsity alone. Freezing router
parameters preserves weaker but non-zero specialisa-
tion. Lower load balancing increases routing-category
dependence, while the routing-sparsity ablations show
that top-k = 2 yields a similar but slightly lower pooled
MI than the main model, whereas top-k = 4 produces
substantially stronger category-conditioned routing, es-
pecially for English probes.

The random-routing condition replaces learned
router assignments with uniformly sampled expert
selection while preserving the underlying expert
parameters. As expected, routing-category mutual
information collapses to near-zero values, indicat-
ing that the observed specialisation patterns require
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adaptive routing rather than arising from architec-
tural sparsity alone.

The frozen-routing condition initializes routing
normally but prevents subsequent router optimiza-
tion during training. Although specialisation is sub-
stantially weaker than in the fully trainable model,
non-trivial routing-category dependence remains,
suggesting that expert differentiation can emerge
through changes in token representations interact-
ing with fixed routing boundaries.

Load-balancing strength additionally exerts a
strong influence on specialisation structure. Reduc-
ing the auxiliary load-balancing coefficient to o =
0.005 markedly increases routing-category depen-
dence, indicating that weaker balancing constraints
permit stronger expert partitioning. However, this
increase coincides with increasingly skewed expert
utilisation, suggesting a trade-off between speciali-
sation strength and balanced expert participation.

Routing sparsity also affects specialisation, but
not in the initially expected direction. Reducing ex-
pert selection from top-k = 3 to top-k = 2 leaves
pooled routing-category dependence at a similar
level, with a slight decrease overall. In contrast,
increasing routing breadth to top-k = 4 yields a
substantially stronger routing-category association,
especially for English probes. In the present runs,
broader routing therefore coincides with stronger
category-conditioned separation rather than weaker
specialisation.

G.1 Frequency-Binned Lexical Analysis

To examine whether lexical routing specialisation
is driven primarily by token frequency, English lex-
ical probes were grouped into frequency bins using
curriculum-weighted lemma frequencies. Mutual
information was then recomputed using only lexi-
cal irregular-versus-regular contrasts within each
frequency bin.

Frequency Bin  Forward MI@LS  No-Curr MI@LS5
Frequent 0.0149 0.0055
Medium 0.0206 0.0976
Rare 0.2261 0.2494

Table 10: English lexical irregular-versus-regular rout-
ing mutual information at layer 5 after binning probe
lemmas by curriculum-weighted frequency.

Mutual information remains non-zero across all
frequency bins in both training conditions. No-
tably, the strongest routing-category association
is observed for rare lexical items rather than the



most frequent items. This suggests that the lexical
routing effect cannot be explained solely by the
highest-frequency lexical forms.

Layer Forward I(R;C | L) No-Curr I(R;C | L)
1 0.0935 0.2584
3 0.0639 0.1084
5 0.1235 0.3787
7 0.0312 0.0895

Table 11: Conditional mutual information between rout-
ing and linguistic category given language, I(R;C | L),
across routed layers. In both the forward-curriculum
and no-curriculum conditions, conditional MI remains
clearly non-zero and permutation-significant at all
routed layers (p = 0.000999), indicating that category-
sensitive routing is not reducible to language separation
alone.

We additionally examined the evolution of rout-
ing specialisation during training using epoch-wise
routing logs. These analyses are provided here as
supplementary evidence.

G.2 Routing Specialisation Dynamics During
Training

To analyse routing specialisation throughout train-
ing, mutual information and entropy were com-
puted from the routing logs at checkpoints from
each training epoch. Figure 5 shows that category-
dependent routing emerges rapidly during the early
stages of training and stabilises over the following
epochs.

All Tokens: Mutual Information I(R;C) Across Training

—e— Layer1

Layer 3
—e— Layer5
—e— Layer 7

0.035

0.030

0.025

0.020

0.015

Mutual Information I(R;C)

0.010

0.005

0.000

Epoch

Figure 5: Evolution of routing-category mutual infor-
mation across training epochs for the routed layers.

The relative ordering of the routed layers re-
mains largely consistent throughout training, with
layer 5 exhibiting the highest mutual information
across all epochs. The figure also shows a decline
in category-dependent routing after epoch 8. Fol-
lowing this transition, the mutual information de-
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creases across all routed layers before stabilising
again during the later stages of training.

All Tokens: Mean Routing Entropy Across Training

—e— Layer1

Layer 3
—e— Layer5
—e— Layer7

°

°
@
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Epoch

Figure 6: Evolution of routing entropy across training
epochs for the routed layers.

Figure 6 presents the routing entropy across the
routed layers throughout training. A complemen-
tary trend is observed between mutual information
and entropy. As mutual information decreases af-
ter epoch 8, routing entropy increases across all
routed layers during the same period. This indi-
cates that expert utilisation becomes progressively
more distributed while category-dependent routing
behaviour remains present.
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