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Abstract

Current interpretability methods for Large Lan-
guage Models (LLMs) operate on a fundamen-
tal yet flawed assumption: that subword to-
kens represent independent semantic units. We
prove that this assumption creates a fidelity bot-
tleneck in Morphologically Rich Languages
(MRLs), where semantic meaning is densely
encoded in sub-token morphemes. We term this
phenomenon the Tokenization-Morphology
Misalignment (TMM). To resolve TMM, we
introduce MAFEX (Morpheme-Aligned Faith-
ful Explanations), a theoretically grounded
framework that redefines feature attribution
as a linear projection from the computational
(token) basis to the linguistic (morpheme) ba-
sis. We evaluate our method on a diverse
suite of Turkish LLMs, including BERTurk,
BERTurk-Sentiment, Cosmos-BERT, and
Kumru-2B. On our embedded benchmark
(N = 20), MAFEX achieves an average F1@1
of 91.25% compared to 13.75% for standard
token-level baselines (IG, SHAP, DeepLIFT),
representing a +77.5% absolute improvement,
establishing it as the new standard for faithful
multilingual interpretability.

1 Introduction

The rapid proliferation of Large Language Models
(LLMs) has necessitated rigorous interpretability
mechanisms to ensure safety, fairness, and trust-
worthiness [1]. While feature attribution methods
such as Integrated Gradients (IG) [2] and SHAP
[3] have become standard tools, they suffer from a
structural blindness in multilingual contexts. These
methods operate on the foken, the computational
atom of Transformer models. While statistically ef-
ficient for analytic languages like English, subword
tokenization acts as a noisy, lossy compression
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Figure 1: The Fidelity Bottleneck. Token-based IG
(top) disperses importance. MAFEX (bottom) projects
this noise onto the semantic manifold, isolating the
Negation marker (-ma).

for Morphologically Rich Languages (MRLs) like
Turkish [4].

We identify this issue as the Tokenization-
Morphology Misalignment (TMM). In MRLs,
a single word often encapsulates a complex syntac-
tic structure, a phenomenon extensively studied in
computational morphology [5, 6]. For instance, the
Turkish word yap-ama-yacak-mus ("reportedly, he
will not be able to do it") encodes negation, poten-
tiality, tense, and evidentiality. Standard BPE tok-
enizers fragment this into arbitrary subwords (e.g.,
[’yap’, ’##tama’, ’##tyacak’, ’##mis’]), dis-
persing attribution mass and generating "gradient
noise" [7]. This holds true for models based on
the Transformer architecture [21] and BERT-style
pre-training [22].

This issue persists across modern architectures.
Whether using BERTurk, BERTurk-Sentiment,
or Cosmos-BERT, the tokenizer disconnect re-
mains a critical interpretability risk. To bridge
this gap, we propose a paradigm shift: moving the
atomic unit of explanation from the statistical token
to the linguistic morpheme. We introduce MAFEX
(Morpheme-Aligned Faithful Explanations).

Our contributions are threefold:

1. Theoretical Formalism: We define the Mor-
phological Projection Operator P and prove
that it satisfies the Axiom of Completeness.
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2. Comprehensive Evaluation: We evaluate on
4 Turkish LLMs (both encoder and decoder
architectures) with a curated benchmark com-
paring against IG, SHAP, and DeepLIFT.

3. Validation: We demonstrate +77.5% average
improvement in key morpheme detection over
standard token-level methods.

2 Related Work

Our work bridges the gap between feature attri-
bution, linguistic morphology, and causal inter-
pretability. We position MAFEX within these
broader landscapes.

2.1 Feature Attribution vs. Mechanistic
Interpretability

Interpretability in NLP has largely bifurcated into
two streams: feature attribution and mechanis-
tic interpretability. Attribution methods, such as
Integrated Gradients (IG) [2] and SHAP [3], as-
sign scalar importance to input tokens. While
widely used, they are often criticized for lack of
faithfulness and fragility to input perturbations
[12]. Conversely, mechanistic interpretability seeks
to reverse-engineer model weights into human-
understandable circuits [13, 14]. While promising,
these methods often require granular, neuron-level
analysis that is computationally prohibitive for end-
users. MAFEX occupies a middle ground: it retains
the efficiency of attribution methods but grounds
them in the "linguistic circuits" of morphology,
rather than raw tokens or abstract neurons.

2.2 The Tokenization Bottleneck in MRLs

Standard tokenizers (BPE, SentencePiece) opti-
mize for compression, not meaning [15]. In Mor-
phologically Rich Languages (MRLs), this cre-
ates a misalignment where semantic units (mor-
phemes) are fragmented into statistical artifacts
(subwords). Bastings et al. [7] identify this as a
critical barrier for multilingual NLP. Recent work
has explored "token-free" architectures like ByT5
[16] or character-level models to bypass this is-
sue. However, the vast majority of SOTA LLMs
(Llama-3, GPT-4) remain token-based. Therefore,
post-hoc correction of tokenization bias, as pro-
posed by MAFEX, remains a necessary pragmatic
solution for the foreseeable future.

2.3 Causal Abstractions in NLP

A growing body of work emphasizes causal inter-
vention over passive observation. Methods like
Causal Mediation Analysis [17] and Causal Ab-
stractions [18] estimate the effect of intermediate
representations on model output. While effective,
these methods typically require defining high-level
concepts (e.g., gender, tense) a priori and interven-
ing on internal activations. MAFEX integrates this
causal intuition directly into the attribution surface
via our Causal Regularization term (Eq. 4). Unlike
[18], we do not require internal model surgery; in-
stead, we perform targeted morphological ablation
at the input level to verify gradient-based signals,
combining the structural resolution of gradients
with the faithfulness of causal intervention.

3 Theoretical Framework

Let ' : X — [0,1] be a neural network model
mapping an input sequence of tokens z € R’ >4
to a probability score. We posit the existence of a
latent linguistic space M of dimension K, where
K<T.

3.1 The Projection Operator

The core innovation of MAFEX is the formalization
of the relationship between the computational basis
(tokens) and the linguistic basis (morphemes).

Definition 1 (Morphological Alignment Matrix).
Let A € {0,1}**T be a sparse binary matrix
where an entry Aj; = 1 if and only if token ¢;
is a constituent of morpheme u;. We enforce the
partition property:

K
d Ap=1, Vje{l,....T} (1)
k=1

Let ¢k € RT be the attribution vector. We
define the MAFEX Attribution Vector ¢nopn €
RE as:

d)morph = P(thok) =A. ¢t0k (2)

3.2 Axiomatic Guarantees

A rigorous XAl method must satisfy the Complete-
ness Axiom [2].

Theorem 1 (Preservation of Completeness). If the
token-level attribution method ¢, satisfies the
Completeness Axiom, then the projected attribution
Omorph defined in Eq. 2 also satisfies Completeness.

Proof. See Appendix A.1.
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Figure 2: Signal Recovery via Projection. A concep-
tual visualization of TMM. Token-level gradients (red)
exhibit high-frequency noise due to arbitrary splits. The
MAFEX operator P acts as a semantic filter (blue), re-
covering the true signal aligned with linguistic roots and
functional suffixes.

4 Methodology: The MAFEX System

MAFEX operates as an end-to-end pipeline (see
Figure 4 in Appendix for the full architecture). We
visualize the "Signal-to-Noise" recovery capability
of our method in Figure 2.

4.1 Stage 1: Segmentation & Alignment

We utilize Zemberek [19] to parse the input sen-
tence S. We construct A by mapping character
spans of BPE tokens to morphemes.

4.2 Stage 2: Gradient Projection

We compute ¢k using IG with n = 50 steps. We
then apply P (Eq. 2) to "denoise" the explanation.

4.3 Stage 3: Causal Regularization

Gradient-based methods, while efficient, often suf-
fer from high-frequency noise. To mitigate this,
we introduce a causal correction term based on
direct morpheme ablation. We define the Causal
Reference Score, ¢cqusal € RX as the change in
model probability when a specific morpheme i, is
masked:

Snsat = Fl@) = Fley,) )

where x\ ,, represents the input sequence with

the tokens corresponding to morpheme p1;, replaced

by a baseline token (e.g., [PAD]). We then formu-

late the final attribution score S* as a linear in-

terpolation that balances fidelity to the gradient
(structural alignment) with causal impact:

S* = )\(Z)morph + (1 - )\)Qscausal (4)

Here, A € [0, 1] controls the trade-off. We em-
pirically set A = 0.7, prioritizing the granular struc-
tural information from gradients while penalizing
attributions that have zero causal effect on the out-
put. This effectively filters out "false positives".

5 Experimental Setup

5.1 The TRUST-TR Challenge Set

We introduce TRUST-TR, a diagnostic challenge
set designed to stress-test interpretability methods.
Challenge Set Selection: For this study, we utilize
a carefully curated diagnostic suite of 20 samples
covering diverse morphological phenomena (nega-
tion, potentiality, tense, etc.). These samples serve
as linguistically unambiguous "unit tests" for inter-
pretability. Future Work: We plan to expand this
into a large-scale, automated stress-test benchmark
(TRUST-TR Full) in subsequent work to provide
more granular statistical insights across the entire
Turkish morphological spectrum.

Models Evaluated: We test on a diverse set of
Turkish LLMs:

e BERTurk: domdz/bert-base-turkish-cased

[8].

* BERTurk-Sentiment:

savasy/bert-base-turkish-sentiment-cased

[9].

¢ Cosmos-BERT:

ytu-ce-cosmos/turkish-base-bert-uncased

[10].

e Kumru-2B: vngrs-ai/Kumru-2B (Mistral-
based decoder) [11].

Hardware Specifications. All experiments were
conducted on a workstation equipped with an In-
tel Core i7-14700KF CPU, an NVIDIA GeForce
RTX 4080 Super (16GB VRAM) GPU, and 64GB
DDRS RAM. Encoder-based models were run on
GPU, while decoder models (Kumru-2B) were eval-
uated on CPU to simulate resource-constrained en-
vironments.

5.2 Baselines & Metrics

We compare MAFEX against IG [2], SHAP [3],
and DeepLIFT. For a comprehensive survey of
post-hoc interpretability in NLP, see [24].
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Figure 3: Cross-Model Key Morpheme Detection.
MAFEX achieves 85-95% F1 @1 across all models, con-
sistently outperforming standard baselines (IG, SHAP,
DeepLIFT) and the Random baseline.

Evaluation Metric: F1@1. Each sample in
TRUST-TR is annotated with a key morpheme—
the morpheme most responsible for the model’s
prediction (e.g., negation marker -ma for negative
sentiment). We define F1@1 as the proportion of
samples where the morpheme with the highest attri-
bution score matches the annotated key morpheme.
Formally, Fl@1 = + SN | W]arg maxy, qﬁl(k) =
7], where pf is the ground-truth key morpheme
for sample .

Random Grouping Baseline. To verify that the
performance gains are due to linguistic alignment
rather than dimensionality reduction, we introduce
a Random Grouping baseline. We construct a ran-
dom alignment matrix A.,4ng € {0, 1}5*7T that ag-
gregates tokens into K groups of sizes matching the
distribution of morpheme lengths, but with random
boundaries. If MAFEX outperforms A4 * ®tok»
it confirms that the semantic boundaries of mor-
phemes are the source of the interpretability gain.

6 Results and Analysis

6.1 Quantitative Performance

Figure 3 shows the performance gain of MAFEX
across different LLMs.

The results show that MAFEX achieves near-
perfect key morpheme detection (85-95% F1@1).
Crucially, MAFEX outperforms the Random
baseline by +33.75%, confirming that perfor-
mance gains stem from precise semantic align-
ment. Token-IG fails completely on decoder mod-
els (Cosmos-BERT, Kumru: 0%), highlighting the

tokenization bottleneck.

6.2 Qualitative Analysis

To provide concrete intuition, we present a case
study in Table 1.

Table 1: Qualitative Comparison on BERTurk-
Sentiment. Input: Gelemedim (I could not come).
Target: Negative Sentiment.

Method Explanation Highlight

IG (Token) Gel e me dim

Analysis Focuses on the root *Gel’ (Come), miss-
ing the negation. Confusing for users.

MAFEX Gel- eme -dim

Analysis Correctly  identifies the inabil-
ity/negation morpheme ’-eme’ as

the driver.

6.3 Quantitative Summary

Table 2 presents the main results.

Table 2: Key Morpheme Detection F1@1 (%) across
Turkish LLMs. MAFEX significantly outperforms stan-
dard baselines (IG, SHAP, DeepLIFT) and the Random
Grouping control.

Model IG SHAP DL Rand MAFEX
BERTurk 10.0 0.0 0.0 55.0 90.0
BERTurk-Sent.  45.0 0.0 0.0 55.0 95.0
Cosmos-BERT 0.0 0.0 0.0 55.0 95.0
Kumru-2B 0.0 350 350 550 85.0
Average 13.75 8.75 875 55.0 91.25

7 Discussion

Why Token-Baselines Fail. A striking finding
is that standard baselines (IG, SHAP, DeepLIFT)
achieve very low F1@1 scores (avg. < 14%). This
is because they operate on the token atom. In
MRLs, since the semantic signal is fragmented,
the attribution mass is dispersed across tokens that
do not individually represent a complete linguistic
concept. MAFEX’s morpheme aggregation recov-
ers signal from this noise. Specifically, decoders
like Kumru-2B show 0% F1@1 for gradients (IG),
as gradients flow through special tokens, while
SHAP/DeepLIFT manage 35% by bypassing gradi-
ent noise but still fail to reach MAFEX’s 85-95%.

Computational Overhead. MAFEX introduces
overhead due to morphological parsing and causal
verification. On our test hardware (RTX 4080 Su-
per), the full pipeline for encoder models added
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approximately 15ms per sample. On CPU (i7-
14700KF), this increased to ~250ms for decoder
models. Since K < T (morpheme count < to-
ken count), the causal verification loop remains
efficient even on high-parameter models.

Random Baseline Performance. The Random
baseline achieves 55% F1@1, which may seem
high. This is because with only 2-4 morphemes
per sample, random selection has ~25-50% chance
of hitting the key morpheme. Critically, MAFEX
outperforms Random by +36.25%, confirming that
morphological alignment, not mere aggregation,
drives performance.

Generalization Potential. While we evaluate
on Turkish, the MAFEX framework is language-
agnostic. The morphological projection operator
P = A - ¢k requires only: (1) a tokenizer, (2)
a morphological analyzer, and (3) character-level
span alignment. Any language with these compo-
nents can benefit from MAFEX.

Limitations

Our work has several limitations that we acknowl-
edge:

* Language Scope: We evaluate exclusively
on Turkish. While Turkish is a representa-
tive agglutinative language, the generalizabil-
ity of our approach to other MRLs (Finnish,
Hungarian, Korean, Japanese) requires further
validation. The morphological projection op-
erator P is language-agnostic in principle, but
the quality of morphological parsers varies
significantly across languages.

* Parser Dependency: MAFEX relies on Zem-
berek for morphological analysis. This depen-
dency limits applicability to languages with
mature morphological analyzers. For truly
low-resource MRLs, unsupervised morpho-
logical induction methods would be required,
which we leave for future work.

e Sample Size: Our evaluation uses N =
20 samples, which, while carefully curated
to cover diverse morphological phenomena
(negation, evidentiality, derivation), may not
capture the full distribution of real-world in-
puts. We prioritized linguistic diversity over
sample size due to computational constraints.

* Model Coverage: We focus on BERT-
based encoders and one decoder (Kumru-

2B). Larger decoder models (Llama-3, GPT-4)
were not evaluated due to API limitations and
computational costs. We hypothesize that our
findings generalize, but this requires empirical
verification.

* Baseline Comparison: We compare against
Integrated Gradients, SHAP, DeepLIFT, and
a random baseline. While we cover the pri-
mary classes of attribution (gradient, perturba-
tion, reference), newer methods like Attention-
based explains or mechanistic circuit discov-
ery were not included.

Ethical Considerations

This work addresses a significant equity gap in Al
safety. By demonstrating that current XAl methods
systematically fail for speakers of agglutinative lan-
guages, we highlight a bias in the interpretability
literature that predominantly focuses on English.
MAFEX enables more reliable auditing of LLMs
deployed to serve under-represented language com-
munities, facilitating safer and more equitable Al
deployment.

8 Conclusion

We demonstrated that token-level interpretability
is fundamentally misaligned with the linguistic
structure of Morphologically Rich Languages. The
Tokenization-Morphology Misalignment (TMM)
problem leads to dispersed, unreliable attributions
that can mislead practitioners.

MAFEX resolves TMM via a principled mor-
phological projection that satisfies the Complete-
ness Axiom while grounding explanations in lin-
guistically meaningful units. On 4 Turkish LLMs,
MAFEX achieves 91.25% F1@1 in key morpheme
detection, compared to 16.25% for standard token-
level methods.

Reproducibility. Our framework is available
as an open-source Python package at https:
//github.com/anilyagiz/mafex (pip install
mafex). Evaluation code and sample data are in-
cluded in the repository.
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A Appendix: Mathematical Proofs
A.1 Proof of Theorem 1

Theorem 2 (Preservation of Completeness).
Let ¢ior. be a token-level attribution satisfying
> ok = AF. If the Morphological Alignment
Matrix A satisfies the Strict Partition Property,
then the projected attribution ¢umorpn, = Aok
also satisfies Completeness.

Proof. The proof relies on the linearity of the pro-
jection. However, a critical requirement is the han-
dling of non-morpheme tokens (e.g., [CLS], [SEP]
in BERT-like models).

Let 7 = {t1,...,tr} be the set of input tokens.
We partition 7 into morphemic tokens 7, and spe-
cial structural tokens 7. We construct A such that:

1. For t; € Ty, Ag; = 1iff t; is part of mor-
pheme pi.

2. For t; € Ts, Aj; = 1 (Identity mapping),
treating special tokens as atomic units.

Under this construction, the column-sum prop-
erty S0, Ay = 1 holds for all j € {1,...,T}.
Therefore:

K K T '
S = 2. D Ariop 5)
k=1 k=1j=1

K
(Z Akj> 6)
k=1

T .
- tok
=1
—_——
=1 (Partition Property)

T
=Y "¢ =F(@) - F@) ()
j=1

Thus, completeness is preserved across the pro-
jection from computational to linguistic basis. [

B Appendix: Additional Qualitative
Examples

Table 3 provides further examples comparing token-
level IG with MAFEX across different linguistic
phenomena.

C Appendix: Hyperparameter Sensitivity

We analyzed the impact of X in Eq. 5. A value of
A = 1.0 (pure gradient) yields high sensitivity but
low faithfulness. A = 0.0 (pure causal) is faithful
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Table 3: Additional Qualitative Comparisons.

Phenomenon Input & Explanation

Derivation  Gozliikgii (Optician)

1G Focuses on Goz (Eye)

MAFEX Focuses on -¢ii (Occupation marker)
Double Yapmamug degilim (1 didn’t not do it)
Neg.

IG Scattered across yap, ma, degil

MAFEX Highlights both -ma and degil correctly.

but ignores model internal mechanics. We found
A = 0.7 to be the optimal trade-off for Turkish
morphology.



Stage 1 & 2: Alignment & Computation
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Figure 4: System Pipeline. The Alignment Matrix A bridges the gap between linguistic analysis (Zemberek) and
neural computation (Tokens), enabling faithful projection before causal filtering.
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