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Abstract

Language models perform well on grammat-
ical agreement, but it is unclear whether this
reflects rule-based generalization or memoriza-
tion. We study this question for German defi-
nite singular articles, whose forms depend on
gender and case. Using GRADIEND, a gradient-
based interpretability method, we learn param-
eter update directions for gender-case specific
article transitions. We find that updates learned
for a specific gender-case article transition fre-
quently affect unrelated gender-case settings,
with substantial overlap among the most af-
fected neurons across settings. These results
argue against a strictly rule-based encoding of
German definite articles, indicating that models
at least partly rely on memorized associations
rather than abstract grammatical rules.

1 Introduction

Modern Language Models (LMs; Vaswani et al.
2017) achieve a near-perfect accuracy on many
grammatical phenomena, yet it remains unclear
how this competence is realized internally (Rogers
et al., 2020; Belinkov and Glass, 2019; Lindsey
et al., 2025). Do LMs encode abstract grammatical
rules, or do they rely on surface-level memorization
of frequent token-context associations? This ques-
tion is particularly interesting for morphologically
rich languages such as German, where grammatical
gender, case, and number jointly determine surface
forms (Seeker and Kuhn, 2013). Crucially, Ger-
man definite singular articles are syncretic: the
same article can appear across multiple genders and
cases (e.g., der appears as nominative masculine
and as dative/genitive feminine; see Table 1). This
ambiguity lets us test whether article behavior re-
flects rule-based generalization or context-specific
memorization, framed through two hypotheses.

H1 Memorization hypothesis: LMs memorize
surface-level grammatical associations with-
out utilizing the underlying rules.

Nom. Acc. Dat. Gen.
Male der den dem des
Neutral das das dem des
Female die die der der

Table 1: German definite singular articles.

H2 Rule-encoding hypothesis: LMs generate
text based on internally represented abstract
grammatical rules.

To investigate these hypotheses, we apply GRA-
DIEND (Drechsel and Herbold, 2026), a sim-
ple encoder-decoder gradient-based interpretabil-
ity method for feature learning based on param-
eter update directions for controlled substitutions
(here, gender-case specific article swaps like die —
der or der — die). GRADIEND learns a one-
dimensional latent feature: its encoder maps gra-
dients from opposite swap directions to different
scalar values (£1), while neutral inputs are en-
coded near 0. This scalar is then used to recon-
struct gradients, which can be applied to rewrite
the base model along the learned feature direction.
By learning such features for different gender-case
pairs, we analyze how grammatical information for
article prediction is encoded internally and whether
these transition-specific updates generalize across
grammatical settings. See Figure 1 for an overview.

Our analysis examines (i) how applying a
learned gradient direction affects article probabili-
ties beyond the specific trained gender—case transi-
tion, and (ii) the overlap among the most affected
model parameters across gender—case settings. We
find statistically significant generalization across
gender and case, as well as substantial neuron over-
lap between different transformations. Overall, our
results argue against a strictly rule-based encoding
of German definite articles (H2), indicating that
in some contexts and nouns, article prediction is
learned via memorized associations (H1) rather
than abstract grammatical rules.
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For brevity, we will use article to refer exclu-
sively to German definite singular articles.

2 Related Work

2.1 Morphosyntactic Information in Model
Representations

A large body of work asks whether transformers
encode linguistic information internally. Probing
studies suggest that syntactic structure is recover-
able from representations, including hierarchical
relations captured by structural probes (Hewitt and
Manning, 2019) and a layer-wise organization re-
sembling a classical NLP pipeline (Tenney et al.,
2019). However, probe accuracy is not mechanistic
evidence: the presence of a feature in model repre-
sentations does not entail that it causally drives the
model’s predictions (Belinkov, 2022).

Beyond English, multilingual probing shows that
morphosyntactic features such as case, gender, and
number are often accessible in model representa-
tions, with substantial variation across languages
and phenomena (Acs et al., 2022). Recoverabil-
ity depends on how directly and unambiguously a
feature is realized in surface form. German case
is explicitly identified as difficult because nouns
are not case-inflected and case is marked on arti-
cles that jointly encode case and gender under high
syncretism. In gender-marking languages, noun
representations also exhibit distributional traces of
grammatical gender (e.g., nouns sharing gender are
closer in embedding space) (Gonen et al., 2019),
but such effects doesn’t imply rule-based use.

2.2 Behavioral and Mechanistic Analyses of
Grammar

Controlled minimal pairs provide fine-grained be-
havioral tests of grammatical sensitivity in LMs.
Early studies show that models can prefer grammat-
ical continuations over minimally perturbed alterna-
tives, yet show systematic failures as constructions
become more complex (Linzen et al., 2016; Marvin
and Linzen, 2018). Large-scale benchmarks such
as BLiMP reveal wide variation across phenom-
ena (Warstadt et al., 2020), leaving open whether
correct behavior reflects abstract rules or surface
heuristics and memorized patterns.

To move beyond behavior, causal and mecha-
nistic work intervenes on internal representations.
Finlayson et al. (2021) show that modifying inter-
nal representations yields systematic changes in
subject—verb agreement predictions, indicating that

grammatical behavior depends on specific inter-
nal states. Relatedly, Ferrando and Costa-jussa
(2024) find highly similar circuit structures for
subject—verb agreement across languages despite
surface-level topological differences.

Recent sparse autoencoder (SAE) approaches
(Bricken et al., 2023) further decompose activa-
tions into sparse features: Brinkmann et al. (2025)
identify multilingual features corresponding to mor-
phosyntactic concepts such as number, gender,
and tense, and Jing et al. (2025) introduce Lin-
gualens, combining SAE features with counter-
factual datasets and interventions to identify and
manipulate mechanisms across linguistic phenom-
ena. These results suggest that grammatical con-
cepts can align with reusable internal feature di-
rections. We complement this line by testing how
article-transition interventions distribute across the
German gender-case paradigm.

2.3 Memorization vs. Generalization

A separate line of work documents that neural LMs
can memorize training sequences in ways that en-
able verbatim extraction, and that memorization
increases with scale and with training-data duplica-
tion (Carlini et al., 2023). For grammar, morpholog-
ical productivity offers a controlled test of rule-like
generalization beyond frequent lexical items, e.g.,
Wug-style evaluations show uneven morphological
generalization even for strong LMs (Weissweiler
et al., 2023). Complementarily, Anh et al. (2024)
find that generalization to nonce words varies sys-
tematically across languages and is predicted by
morphological complexity. Together, these find-
ings motivate our case study: high surface-level
agreement can coexist with non-uniform general-
ization, and our gradient-based interventions probe
whether German article behavior reflects reusable
grammatical variables or surface-level associations.

3 Methodology

Our goal is to probe how a LM chooses German
definite articles (see Table 1). We do this by ask-
ing a counterfactual question: if the article in a
given context were different, which parameters
would need to change to make the model prefer
the alternative article? Concretely, we use a fac-
tual target article and a controlled counterfactual
(an article swap between two gender-case cells).
The resulting gradient difference isolates an update
direction associated with this specific grammati-
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Nom. Acc. Dat. Gen.
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Neutral das
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(a) Nlustration of factual (y) and alternative (y*) targets for the
gender-case transition (NEUT, NOM) = (NEUT, DAT). Non-target

(b) GRADIEND is trained for a given transition using
alternative gradients (V) and the difference to

cells form identity pairs (only one shown). Dataset labels (e.g., DNEYT factual gradients (V). We evaluate the model via

denote the corresponding gender-case datasets (Section 4).

(1) encoder analysis, (ii) decoder-based probability
shifts, and (iii) weight overlap across transitions.

Figure 1: Overview: Using gender-case-specific data, we learn GRADIEND models from MLM/CLM gradients of
factual vs. alternative targets for two gender-case cells. GRADIEND learns to map input gradients to a scalar label h
(£1 for the two target classes; 0 for neutral inputs) and enables analyses to test our hypotheses.

cal transition. The GRADIent ENcoder Decoder
(GRADIEND; Drechsel and Herbold 2026) opera-
tionalizes this idea by compressing gradients into a
single scalar feature and decoding it back into an
update direction. This enables three analyses (see
Figure 1): (i) Encoder analysis: whether and how
the learned feature separates gradients from oppo-
site swap directions and neutral inputs, revealing
similarities across inputs; (ii) Probability shifts:
applying decoded update directions to test which
article probabilities change (and which remain sta-
ble), linking interventions to our hypotheses; and
(iii) Weight overlap: comparing learned directions
across transitions to quantify parameter reuse be-
tween conceptually different updates.

3.1 German Definite Articles as a Controlled
Morphosyntactic System

German articles form a small closed-class
paradigm whose surface form is determined by
grammatical gender and case. Male, neutral,
and female gender labels are represented by
G :={MAsc, NEUT, FEM}, and the German cases
nominative, accusative, dative, and genitive are
represented by C:={Nowm, Acc, DAT, GEN}.
We represent each gender-case combina-
tion as a cell z=(g,c)€GxC and denote
its article by a(g,c)€.A (defined by Ta-
ble 1) with A= {der, die, das, den, dem, des}.
Due to syncretism, multiple (g,c) pairs
share the same surface article (e.g.,
a(MASC,NOM) = der = a(FEM, DAT)). This lets
us test whether models condition article choice
on abstract (g,c) variables or on surface-level
token-context associations.

3.2 Article Prediction Task

We study LMs in a Masked Language Modeling
(MLM; Devlin et al. 2018) setting using an article
as masked target. Given a sentence, we construct
an input by masking every article occurrence corre-
sponding to a targeted gender-case cell z = (g, ¢),
while leaving the remaining context unchanged.
For each masked instance, we define two targets:
(i) Factual target i, the grammatically licensed
article for z = (g, ¢) specified by the sentence con-
text, i.e., y¥ =a(g, c). (ii) Alternative target y*,
an article specified by a predefined transition be-
tween two cells (defined in the next subsection).
These induce corresponding factual (VW)
and alternative (VAW,,) gradients with respect to
the selected model parameters W,,,. We define their
difference as VAW,, .= VIW,, — VAW,,,.

3.3 GRADIEND for German Gender

We train one GRADIEND model (Figure 1b)
per targeted transition 7T = (z1 &= z2) between
gender-case cells z; = (g;, ¢;) differing in exactly
one dimension: gender at fixed case (g1 # g2,
c1 = co) or case at fixed gender (g1 = g2, ¢1 # C2).
For instance, the nominative gender transition
z1,= (MASC,NOM) and z, = (FEM, NOM) corre-
sponds to the article transition der <+ die. For mask-
ing tasks for z; and 29, we construct swapped tar-
get pairs: for z; we set (y7, y4) = (a(21), a(2)),
and for z we set (y7,y4)=(a(z),a(z)).
These swaps induce non-zero gradient differences
VAW, that encode the transition direction 7.

To keep the learned update specific to 7', we ad-
ditionally include masking tasks from all other cells
z ¢ {21, 2o} as identity pairs. Under this construc-
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tion, the factual and alternative gradients are iden-
tical by definition, yielding VAW,,, = 0. This ex-
plicitly enforces a do-not-change constraint: GRA-
DIEND is trained to produce no update for non-
targeted gender-case settings.

Figure 1a illustrates the construction. We denote
GRADIEND models targeting gender transitions at
fixed case c as G719 and case transitions at fixed

FEM,MASC NEUT
gender g as Ggm, e.g2.. Gyom and GNOM,DAT'

3.4 GRADIEND Architecture and Training

GRADIEND learns a bottleneck encoder-decoder
f =dec o enc that maps gradient information to a
single scalar feature and decodes it into a parameter-
space update direction (see Figure 1b). We use a
one-dimensional bottleneck 4 € [—1,1]:

h = enc(ViaWp,) = tanh(W, VisW,, + be),
VourWm =~ dec(h) =h- -Wy+ by,

where W,,, € R" are the selected model parameters
and W, Wy, by € R™, b, € R are learned.
Departing from Drechsel and Herbold (2026),
who use factual gradients as input, we set
VisWo, = VAW, and VeuW,, := VAW,,. Ar-
ticle prediction is often highly confident, making
factual gradients near-zero and GRADIEND train-
ing unstable. Alternative targets of the (g, ¢), by
construction, typically receive substantially lower
probability, producing more informative gradients.
We train GRADIEND with the reconstruction loss

‘CGRADIEND = Hdec(enc(vinWm)) - Vouth”ga

encouraging h to encode the targeted transition
while remaining neutral for identity pairs.

After training, GRADIEND yields an update di-
rection for any h* € R via dec(h*). We intervene
on the base model with Wy, =W, + - dec(h*)
with learning rate c.

4 Data

To extract gender-case—specific article transition
gradients, we construct one dataset for each cell
z=(g,c) €G xC. Each dataset contains sen-
tences in which only articles corresponding to z
are masked. We filter German Wikipedia sen-
tences (Wikimedia Foundation, 2022), retaining
only those where spaCy (Honnibal et al., 2020)
identifies a definite singular article with the desired
gender and case (Figure 2). We denote the result-

ing datasets by D? (e.g., DMASC for masculine-

{ Der | Algorithmus analysiert | die | Struktur | der | Daten. }

spaCy v SpaCy plural X
6: (Masc,Nom) ( = (FEM, AcC)
Masc
\ 4 D N(/)\M A 4 D .EEI\(/ZI
[MASK] Algorithmus Der Algorithmus
analysiert die analysiert [MASK]
Struktur der Daten. Struktur der Daten.

Figure 2: Data generation: spaCy determines gender
and case of articles to determine the target dataset.

nominative). Sizes range from 19K to 61K (Ta-
ble 6), and each dataset is split into train (80%),
validation (10%), and test (10%) subsets.

To probe behavior without gender/case cues, we
construct DngytraL, @ dataset with minimized gen-
der and case cues. It is derived from the Wortschatz
Leipzig German news corpus (Goldhahn et al.,
2012; Leipzig Corpora Collection, 2024) and fil-
tered to exclude sentences containing determin-
ers, definite or indefinite articles, or third-person
pronouns. The resulting dataset serves as a gen-
der—case—independent reference in our analyses.

Full generation details are in Appendix A.

5 Experiments

We evaluate whether German definite articles in
LMs are memorized from context (H1) or deter-
mined via abstract grammatical representations
(H2). We analyze GRADIEND models from three
complementary angles: (i) how encoded values h
distribute, (ii) how applying the decoded update af-
fects article probabilities across gender-case cells,
and (iii) how similar the learned update directions
are in parameter space via Top-k weight overlap.

5.1 Experimental Setup

Models. We study four German models (German-
BERT, GBERT, ModernGBERT, GermanGPT-2)
and two multilingual models (EuroBERT, LLaMA),
covering encoder-only and decoder-only transform-
ers. We include ModernGBERT (1B parameters)
as an intermediate-size model between the smaller
German models (109M-336M) and LLaMA (3.2B).
Table 13 summarizes architectures and sizes.
Targeted transitions. Across the German arti-
cle paradigm, transitions cluster into: (i) two-di-
mensional groups (gender- and case-based transi-
tions within the same article pair), (ii) one-dimen-
sional groups (multiple transitions along a single
dimension), and (iii) singleton groups (a single
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Article Pair Datasets

GRADIEND Variants

Left Article

Right Article | Gender Transition

Case Transition

Two-dimensional transitions (gender and case vary)

. MAsC FEM FEM FEM FEM FEM,MAsC FEM FEM FEM FEM
der > die Dow s Dpars Daen Dyiows Dace . ﬁN N GNOM,DAT’ GNOM GEN>» GACC DAT» GACC,GEN
MASC  yFEM MASC yNEUT EM, ase EM,NEUT ASC
der <> dem Dxéw s Dpar Dy Dpar G][:)AT M > Tpar N GNOM DAT
ASC FEM ASC NEUT EM ASC EM,NEUT MA§C
der < des DNOM s Dgex DGEN » Daix Gaex s Goen' GNow,Gex
One-dimensional transitions (only gender or only case varies)
. FEM FEM NEUT NEUT FEM,NEUT FEM,NEUT
das <> die DNNOM, DQCC DNém : D xée G ,Gace . .
EUT EUT EUT EUT EUT
das <+ dem DI;IOM s ?ICC DEAT GII\\IIOM DAT» GACC DAT
EUT EUT EUT EUT
das <> des DIICI/IOM s D/;.Icc MD N GIK/})M,GI:N’ GI/\?LC GEN
ASC EUT ASC EUT ASC EUT
dem < des DDAT s =/ DAT DGEN » =/ GEN GGEN,DAT ’ GGEN ,DAT

Table 2: Targeted bidirectional article transitions and GRADIEND variants. Listed are all trained transitions grouped
by their structural diversity (two- vs. one-dimensional), together with the corresponding datasets and model variants.

transition). We focus on two- and one-dimensional
groups, which enable within-group comparisons,
and list all these transitions in Table 2. For each of
these transitions 7' = (z; & 23), we train one GRA-
DIEND model, inducing two directed transitions
21— 29 and 29— 21.

Training. We train GRADIEND models as de-
scribed in Section 3, using swapped targets for the
two cells defining 7" and identity pairs for all re-
maining cells, with the gender-case datasets from
Section 4. For consistent visualization across base
models, we normalize the sign of the encoded value
so the same targeted directional article transition
has a consistent polarity (positive vs. negative h).
Training details are provided in Appendix C.

Evaluation. Unless stated otherwise, we evalu-
ate on the test splits of the corresponding datasets.

Decoder-only models. German articles depend
on the noun’s gender, so left-to-right context is in-
sufficient. Hence, we add a MLM-style article clas-
sifier for bidirectional conditioning (Appendix B).

5.2 Feature Encoding Analysis

We analyze how GRADIEND maps gradient inputs
to the scalar bottleneck value h. Figure 3 shows
the encoded-value distributions for a representative
GRADIEND variant, GE%T&MASC, across all base
models (other variants in Appendix D). Table 3
complements this view by reporting correlations
between h and our expected labels, assigning +-1
to the two directed transition tasks and O to identity
pairs (neutral updates). All models reach correla-
tions of at least 50% across all GRADIENDSs, while
German encoder-only models often exceed 90%.
Stable orientation on the targeted transition.
Across models, the two targeted directed transitions
(blue in Figure 3) map to opposite signs, consis-

3 D), (die—sder) 3 die—sder [ das—des [ den—den [ des—des [ Dyporun
B DY (der—dic) B der—dic W dem—sdem  EER der—der  EEE die—die

=] 1.0

o~

|SEEY

2

Z= 00 —
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Nom

GERMANGPT-2  EUROBERT MODERNGBERT

LLAMA
h

Figure 3: Encoded value distribution of G
(other GRADIENDs in Figures 11-28).

tently separating the directional article transitions.
Other realizations of the same article transi-
tion. Beyond the trained pair (21, 22), we evaluate
the encoder on other gender-case pairs (21, Z2) that
realize the same article transitions a(21) — a(22)
and vice versa (green). Encoder-only models often
assign these non-target transitions the same signed
encoding as the trained transition, suggesting that
gradient directions for different realizations of an
article transition are closely aligned. Decoder-only
models show less stable behavior, with encodings
frequently clustering around zero rather than the ex-
tremes +1, probably due to the custom MLM-style
prediction head used during GRADIEND training.
Identity pairs. By construction, identity-pair
gradients (red/orange/purple) map to h =~ 0, which
is clearly observed for German encoder-only mod-
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der <> die der <> dem der <> des das<>die das<>dem das<>des dem<>des
2 & z 2 5 & 2 5 z 5 £ & z
= = = =9 =Y s =g 22 =z =z 2 =9 = 2 29 2 29 2% 27
B2 &5 B2 i% i EZ E5 32 EE Es 32 EX B2 22 2% 22 25 38 28
o T O U0 O GG T O 0 (O O O o0 O O
GermanBERT  96.3 95.7 97.1 953 91.9 964 95.8 957 96.5 95.7 96.6 93.5 97.8 96.5 90.7 96.6 94.1 984 97.0
GBERT 98.4 97.8 96.3 96.1 96.2 98.6 98.4 97.8 979 97.7 95.6 963 98.6 96.6 953 97.1 973 982 974
ModernGBERT 94.1 939 933 84.3 82.7 90.2 88.7 939 87.2 855 922 88.7 950 935 84.8 912 81.3 946 90.9
EuroBERT 61.9 61.3 594 522 50.6 61.2 59.8 61.3 50.7 50.6 64.7 64.7 729 61.7 523 657 55.1 66.2 53.3
GermanGPT-2 56.6 64.3 58.8 57.8 51.0 69.1 59.5 64.3 61.7 58.0 67.3 582 71.1 63.1 57.1 62.5 67.7 656 57.1
LLaMA 59.2 62.1 58.5 55.8 52.5 61.3 552 62.1 589 51.1 57.6 529 67.0 577 50.5 629 546 639 558
Table 3: Pearson correlation of encoded values, scaled by 100.
Nom. Acc. Dat. Gen. Nom. Acc. Dat. Gen. Nom. Acc. Dat. Gen.
Male den dem des
Neutral dws das dem des zlale 1 z[ale 1 ((ilen gem §e§
Female m die der der eutral dwys dys da dvs eutral AS “15 em des
Female [ die] Female die
(a) Local Rule (LR) (b) Generalized Rule (GR) (c) Spillover (SO).

Figure 4: Patterns of generalizations, exemplified using G

els. EuroBERT exhibits larger deviations: while
most identity pairs remain centered near zero, gradi-
ents involving articles from the trained GRADIEND
variant shift toward the same signed encoding as
the targeted transition, aligning with the sign of the
target article. A plausible explanation is that multi-
lingual representations encode German article dis-
tinctions less sharply, so gradients for factual pre-
dictions may still share task-relevant information
in the article prediction task. Decoder-only mod-
els show a similar pattern and additionally spread
identity pairs involving other articles across much
of [—1, 1], likely reflecting variance introduced by
our lightweight article classification head.
Neutral control. Finally, gradients on Dngyrrar
(where no articles are masked by construction) map
consistently close to zero across models and con-
figurations (yellow), providing a sanity check.

GRADIEND learns a meaningful scalar repre-
sentation that robustly separates transition direc-
tions and often generalizes across gender-case
pairs of the same surface article transition.

5.3 Intervention Effects on Articles

Next, we evaluate how GRADIEND updates affect
article probabilities and how these effects distribute
across gender-case cells. Examining where proba-
bility changes occur is central to our analysis, since
different internal mechanisms imply different pat-
terns of generalization. A grammar-tracking mech-
anism should yield either (i) local rule-based (LR)

FEM,MASC
Nom

(der — die).

effects restricted to the trained cell, or (ii) general-
ized rule-based (GR) effects that propagate system-
atically to grammatically related cells (e.g., along
gender while preserving case). In contrast, surface-
level behavior can yield spillover (SO), where the
same surface transition (e.g., der — die) appears in
grammatically unrelated cells that share the same
source article. Figure 4 illustrates these patterns.

Selected article transitions. To focus on the
most diagnostic settings, we restrict this analysis
to article groups containing gender and case transi-
tions, enabling evaluation of a trained GRADIEND
along the other dimension (Table 2). Such evalu-
ations are possible within each two-dimensional
transition group. For example, we assess the im-
pact of GE%TA’MASC der — die on DEEM and DEEM,
since these datasets share the source article der-.

Intervention strength and o selection. Large
updates can change predictions by degrading lan-
guage modeling (Drechsel and Herbold, 2026). Fig-
ure 5 shows this trade-off for GermanBERT under
GE%“;'LDAT der — die: as « increases, P(die) rises
(until a certain point) while a Language Model-
ing Score (LMS) measured on Dngyrrar drops.
We therefore analyze probability shifts only un-
der an explicit LMS-preservation constraint. Con-
cretely, we apply scaled decoder updates W,,, =
Wi + - dec(h*), where h* = +1 selects the tran-
sition direction, and evaluate a grid of a > 0 values.
We retain only candidates that preserve at least 99%
of the base-model LMS on Dygyrrar (masked-
token accuracy for encoder-only models, perplexity
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D%(?ﬁ?[c (der) DF}E}\]: (der) D]li)‘llil:1 (der) DNgutraL

Model Art. Trans. a AP d Sig. AP d Sig. AP d Sig. AP d Sig. SuperGLEBer
GermanBERT - 0.0 - - - - - - - - - - - - 70.7 4+ 0.4
+G§,EO“§4’MASC der — die  0.01 0.04 030 **=x 000 0.12 *= 0.01 0.16 *** 0.05 0.0l ns. 70.1 +0.4
+ G by der = die 0.1 005 025 % 004 016 = 033 024 = 009 002 ns. 702+ 0.4
+GEEM o der — die 0.5 0.66 032 *rr 185 047 e 140 037 #0118 0.03  w 70.2+0.4
+G&“35CDAT der — dem 0.05 0.04 0.16 **= 000 0.08 =*= 002 0.13 *= 002 0.0l ns. 70.1+0.4
GEEMNEUT ger s dem 0.01 000 0.1 =% 000 008 * 001 0.17 * 003 002 ns. 70.1+0.4
+ Gy der = des 02 0.4 005 # 028 035 = 002 004 #4001 001 ns. 70.2+0.4
GEBLNEUT gor s des 05 025 0.2 0 370 0.55 #5008 007 * 007 005 #** 70.2 £0.4

GEN

Table 4: GRADIEND-modified GermanBERT models (others in Table 15): AP of target article (scaled by 100),
Cohen’s d, and significance as *** (p < .001, ** p < .01, * p < .05; n.s. otherwise). Bold marks corresponding
GRADIEND datasets. SuperGLEBer score (scaled by 100) use bootstrapped 95% confidence intervals (n = 1000).

DMASC a3

Nom

T T - T
0 10 2 10 * 10° 10! 10?
arnng ¢

Figure 5: Gy par applied to GermanBERT for the

der — die transition: mean article probabilities and
LMS across learning rates o. The candidate range
(ov > 0 and before the 99% LMS drop) is shaded gray.
Highlighted LMS points mark the base model (left) and
a* (maximizing P(der) on DEEM in gray area).

for decoder-only models), and choose o* as the
candidate that maximizes the mean probability of
the target article on the corresponding target-article
dataset (e.g., DEEM for GIEI%\{\I/[,D A der — die). The
candidate range and «* are highlighted in Figure 5.
Details are in Appendix E.2.

Probability evaluation. For each gender-case
dataset, we compute the mean article-probability
change AP(art) of the GRADIEND-modified
model relative to the base (positive indicates an
increase). We report Cohen’s d with pooled vari-
ance (Cohen, 1988) and test significance with a
permutation test (Good, 2005). Table 4 shows rep-
resentative results for GermanBERT (other models
in Table 15).

Effects occur before broad degradation.
Across transitions, GRADIEND-updates induce sig-
nificant shifts on article datasets while changes on
Dygurrar are mostly non-significant. Because a*
is chosen conservatively, AP is typically below 1%,
but effect sizes and significance indicate consistent

directional shifts. Effects are usually strongest on
the trained cell, yet remain substantially larger on
other article datasets sharing the same source arti-
cle than on Dngyrrar, Suggesting the changes are
not due to broad degradation. This is further sup-
ported by mostly unchanged SuperGLEBer scores,
a German NLP benchmark consisting of 29 tasks
(Pfister and Hotho, 2024).

Effects on all cells. Figure 6 visualizes AP
over the full gender-case grid for the GE%%’MASC
(der — die) across all base models as heatmap.
We additionally overlay the three patterns of gen-
eralization from Figure 4. The heatmap par-
tially matches GR, but with deviations: some GR-
predicted cells are neutral or opposite-signed (e.g.,
GermanBERT DEEM for der), and several effects
appear in cells that are not predicted by a clean
grammar-preserving rule. Notably, the two clearest
GR contradictions in Figure 6, P(der) on DEEM
and DEPM, align with SO, which explains most of
its predicted cells in terms of probability-change
direction. Decoder-only models show more devi-
ations, probably due to the custom small MLM
head. LLaMA is the only model not showing the
P(der) increase on DEEM/DEEM  possibly indicat-
ing a trend of less memorization in larger mod-
els. Across models, cells sharing a surface article
with the same gender or case (e.g., DMASC/DNEUT

DAT DAT

and DMA3¢/DXEUT) often behave similarly, indicat-

GEN GEN FEM M
. .. . EM,MASC
ing transitive spillover. For example, G\,

die — der increases P(des) on DMASC (GR consis-

GEN
tent), and concurrently on DNEUT

GEN *

Probability-shift patterns are neither fully rule-
based nor consistent with unrestricted spillover,
but instead suggest a mixture of structured gen-
eralization and surface-article-linked effects.
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(Benjamini and Hochberg, 1995) applied per model. Marked cells are expectations for LR, GR, and SO (Figure 4).
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Figure 7: Top-1, 000 weight overlaps across different GRADIENDs for GermanBERT (other models in Figure 35).
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Figure 8: Top-1, 000 weight overlaps for GermanBERT
der + die article group (other models in Figure 36).

5.4 Overlap of Most Affected Parameters

Finally, we compare GRADIEND models directly
in the parameter space. We define parameter im-
portance by the absolute value of decoder weights
W and extract the Top-k weights for £ = 1000.

Overlap within article groups. Figures 7
and 8 show article group Venn diagrams for Ger-
manBERT (additional models are reported in Ap-
pendix F). Across base models, Top-k weights over-
lap substantially across GRADIENDs within an arti-
cle group. For instance, overlap in the der <> die
group remains high even between variants trained
on different case/gender axes (e.g., GE%I\:A’MASC
Gowm.par ad GROY Gey)» suggesting a shared sub-
set of weights despite differing grammatical con-

texts.

NEUT
(B GACC,DAT
(— e

Acc,Dar

[ GFEMA,NEUT

Acc

FEM,NEUT
GDAT

Figure 9: Top-1, 000 weight overlaps for the German-
BERT control group (other models in Figure 37).

Control group. To test whether overlap is ex-
pected in general, we analyze a control group of
four GRADIEND variants spanning ACC/DAT and
FEM/NEUT whose cells realize disjoint surface arti-
cles. Figure 9 shows the Top-k overlap for German-
BERT, which is smaller than in the article groups,
indicating that the high overlap in Figures 7 and 8
is not a generic artifact.

Quantifying overlap. Table 5 quantifies these
observations. For each article group (including the
control), we report the maximum pairwise Top-k
overlap, max g @, where A and B are the
Top-k sets of two variants. Groups with at least
two variants realizing the same surface article pair
show consistently high overlap (> 75% on aver-

age), whereas the control group is much lower
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der <> die
der <> dem
der <> des
das <> die
das<>das
das<>des
dem <+ des

Control

Model

GermanBERT 734 92.1 80.2 63.5 56.3 73.5 78.5 27.4
GBERT 774 864 76.8 642 81.1 613 69.5 27.5
ModernGBERT 87.2 89.7 70.9 80.7 70.0 68.5 66.2 27.5
EuroBERT 83.7 95.3 88.1 71.6 783 78.0 854 51.2
GermanGPT-2 90.8 93.9 86.5 854 86.8 83.7 95.7 51.7
LLaMA 91.7 82.1 91.5 88.1 83.6 853 87.2 482

Mean 84.0 89.9 823 75.6 76.0 75.1 80.4 38.9

Table 5: Maximum pairwise Top-1,000 weight overlap
(scaled by 100) for article groups including the control

group.

(mean 38.9%). This suggests that gender-case tran-
sitions of the same articles rely on a shared sub-
set of parameters rather than disjoint, transition-
specific mechanisms.

Top-k weights overlap strongly within article
groups and far less in the disjoint-article control
groups, suggesting shared parameters for the
same article transitions.

5.5 Discussion

Taken together, our analyses show that German
definite article behavior is not fully explained by
a uniformly rule-based mechanism, providing ev-
idence against H2. First, the encoding analysis
shows that the learned bottleneck value h reliably
separates the two swapped training cells, yet of-
ten assigns similar encodings to gradients from
other gender-case transitions with the same articles,
suggesting limited cell-specific disentanglement.
Second, interventions shift article probabilities be-
yond the trained cell and only partially follow clean
gender-/case-preserving generalization, while ex-
hibiting spillover. We also observe a tentative size
trend: larger models (LLaMA) show less spillover
(as also suggested by the encoded value distribu-
tions, e.g., Figure 3). Third, the Top-k overlap anal-
ysis reveals substantial intersections of the most
affected weights across variants within an article
group, with smaller overlaps in a control group
with disjoint surface articles, indicating that multi-
ple transitions rely on a shared parameter subspace.

Our results provide evidence that a purely rule-
based account (H2) is unlikely to be sufficient,
and suggest that the memorization hypothesis
(H1) holds at least to some extent.

6 Conclusion

We studied whether German definite singular ar-
ticles in LMs reflect abstract rule encoding (H2)
or surface-level memorization (H1). Using GRA-
DIEND across multiple gender-case cells, we find
that article transition updates shift article proba-
bilities significantly beyond the trained cell under
a LMS constraint and only partially follow rule-
based generalization. The results are not consistent
with a purely rule-based encoding of the grammar
and suggest that memorization-like mechanisms
are important. This suggests that while LMs can
be used reliably to assess if text is grammatical and
to produce grammatical text, they should be used
with care when using them to analyze grammati-
cal systems, since rules might not be encoded as
expected.

We release our code and datasets:
https://github.com/aieng-1lab/gradiend-
german-articles.

7 Limitations

Our study has several limitations that constrain the
scope of the conclusions.

First, we focus exclusively on German defi-
nite singular articles, a small and highly regular
closed-class system. While this makes the analy-
sis controlled and interpretable, the findings may
not transfer to other morphosyntactic phenomena
(e.g., adjective agreement, verb inflection, or freer
word order) or to other languages, where gram-
matical cues are distributed differently. However,
the lack of a strict, rule-based encoding of such
a regular, closed-class system indicates that more
complex systems are also not learned through rules,
but rather memorized.

Second, our conclusions rely on gradient-based
interventions using GRADIEND. Although the ap-
plied update is dense and affects (in principle) all
parameters, it is restricted to a single update direc-
tion scaled by a scalar a. Thus, our interventions
primarily reveal mechanisms that can be expressed
as a coherent, scalable update direction. More dis-
tributed or highly context-specific rule implemen-
tations may not be captured by this probe.

Third, the measured intervention effects are
small by design. Because we select o* under a
strict LMS-preservation criterion, mean probabil-
ity shifts are typically below 1%. While effect
sizes and significance indicate consistent direc-
tional changes, small magnitudes make it harder
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to judge downstream behavioral impact and may
understate the extent of generalization that would
appear under less conservative constraints.

Fourth, we evaluate only a limited model scale
range (up to ~3B parameters). Larger models
or models trained with substantially different data
mixtures or objectives may encode grammatical
information differently, and scaling trends cannot
be confidently concluded from our setup. Neverthe-
less, we highlight that all models we analyzed con-
sistently yielded results consistent with our memo-
rization hypothesis, indicating that this is a general
pattern.

Fifth, we rely on spaCy-based annotation to
construct gender-case datasets. While effective at
scale, automatic annotation can introduce noise,
especially in ambiguous or syntactically complex
sentences, which may affect gradient estimates and
significance patterns. To estimate labeling qual-
ity, we manually annotated 20 randomly sampled
instances per gender-case dataset and obtain an
overall accuracy of 82% (Appendix A.1.4). Many
mis-classifications are not for other definite arti-
cles and are rather other errors that should only
introduce random noise, e.g., mislabelling the rel-
ative pronoun der as an article. Errors that mix
up definite singular articles are only commonly
occurring for des, but there is no visible different
trend when restricting to transitions and dataset in-
tersections with near-perfect labeling, suggesting
that spaCy noise is unlikely to impact our findings.
This noise-tolerance of GRADIEND is further sup-
ported by earlier results, where noisy features for
race and religion could also be identified by GRA-
DIEND (Drechsel and Herbold, 2026).

Sixth, decoder-only models are evaluated using
a custom MLM-style head to enable bidirectional
conditioning. This departs from their native train-
ing objective and may influence gradient structure
and intervention behavior, limiting direct compa-
rability with encoder-only models. However, the
general consistence of the results with the encoder-
only models indicates a limited impact on our study
of this, though we believe that this is — at least par-
tially — responsible for different pattern for neutral
results that the MLM heads are not specifically
trained for.

Finally, our evaluation focuses on controlled
probability shifts and parameter overlap rather
than downstream generation behavior.
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A Data

Detailed data generation details for the article data
and DngutraL, Introduced in Section 4.

A.1 Article Data

This section provides details on generation for the
GRADIEND training datasets, like DXA5C. Table 6
provides an overview of the generated datasets in-
cluding sizes. Note that in this study, sometimes
only a subset of the subsets is used for specific
experiments, e.g., to balance datasets by min sam-
pling. We release the dataset on Hugging Face

under aieng-lab/de-gender-case-articles.

A.1.1 Source Corpus and Sentence
Segmentation

We use the German Wikipedia dump (snapshot
20220301 .de) as the underlying text corpus (Wiki-
media Foundation, 2022).

Due to the size of the German Wikipedia dump
and the fact that the GRADIEND training does not
require a very large number of data points, we do
not process the corpus exhaustively. Instead, arti-
cles are subsampled using a fixed stride. Specifi-
cally, we extract short contiguous blocks of articles
and skip large intervals between blocks. This yields
a lightweight subset with broad topical coverage
while avoiding locality effects introduced by pro-
cessing consecutive articles only. The resulting
subset is used solely as a source of naturally oc-
curring sentences for morphosyntactic filtering and
is not intended to represent a statistically uniform
sample of Wikipedia.

A.1.2 Morphosyntactic Annotation

Each sentence is processed with spaCy to obtain
token-level part-of-speech tags and morphological
features. We rely on spaCy’s morphological anno-
tations to identify the grammatical case, gender,
and number of determiner tokens. Only tokens
tagged as determiners (POS=DET) are considered as
candidates for definite singular articles.

A.1.3 Sentence Filtering

For each gender-case combination z = (g, ¢) € G X
C, we construct a separate dataset by retaining
only sentences that satisfy all of the following con-
straints:
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Size Nom. Acc. Dat. Gen. All
Dataset ID Total Train Val  Test Male 0.80 1.00 080 0.70 0.83
Neutral 090 085 095 070 0.85
DNASC masc_nom 34,350 27,829 3,084 3,437
DI e aee 30538 24781 2705 302 Female 080 070 085 090 0.81
DN2SC masc_dat 23,437 18918 2,176 2,343 All 083 085 087 077 083
DMMC masc_gen 34,087 27,417 3,254 3416
DE fem_nom 61,328 49,399 5,796 6,133 Table 7: Accuracy of spaCy-labeled gender-case cell
DEM  fem_acc 34,801 28,155 3,166 3,480 data.
DEM  fem_dat 46,601 37,458 4482 4,661
DEM fem_gen 38,811 31,219 3,711 3,881 Vi v v
DNV peut_nom 33350 26,680 3335 3335 DswS Dpar Dgix  Other
DYEU™ peut_acc 19,012 15209 1,901 1,902 DMasc 20 0 ) 4
DN neut_dat 16,075 13,020 1447 1,608 Nowm
DNEUT peut_gen 25351 20436 2387 2,528 DX 1 20 1 1
DEVT 0 1 23 1

Table 6: Dataset overview with full dataset sizes.

1. Article presence. The sentence contains at
least one occurrence of the surface form cor-
responding to the target definite article.

2. Morphological agreement. All occurrences
of the target article in the sentence are anno-
tated with GENDER = g, CASE = ¢, and
NUMBER = SING. Sentences containing plu-
ral uses of the article are excluded.

3. Limited ambiguity. Sentences containing
more than four occurrences of the target arti-
cle are discarded to reduce structural ambigu-

ity.

4. Length constraints. Only sentences with a
character length between 50 and 500 are re-
tained.

5. Named entity control. Sentences containing
more than three named entities are excluded to
reduce confounds introduced by entity-heavy
contexts.

6. Duplicate removal. Duplicate sentences are
removed.

A.1.4 Data Quality

Error types. To quantify noise introduced by
spaCy-based labeling, we manually annotated a
small sample of instances from each gender-case
dataset and analyzed the resulting errors. We dis-
tinguish two error categories:

 In-paradigm cell errors (Cell): spaCy assigns
a token to the wrong gender-case cell within the
definite singular article paradigm (e.g., DEEM,
mislabeled as DYEM). These errors can be prob-

lematic because they effectively move examples

Table 8: der: confusion matrix (spaCy rows; manual
columns).

DEEM - DEEM - Other
DEEM 21 0 4
DEEM 4 19 2

Table 9: die: confusion matrix (spaCy rows; manual
columns).

between our datasets and may introduce mislead-
ing transition cues.

¢ Out-of-paradigm errors (Other): spaCy as-
signs a token to a category outside singular defi-
nite articles, e.g., relative pronouns, plural deter-
miners, or other non-target uses. These instances
primarily add random noise, since they do not
systematically correspond to any other gender-
case dataset used in our analyses.

Evaluation protocol. We manually labeled 20
randomly sampled text instances from each of the
12 gender-case datasets (Table 1). Labels cor-
respond to the intended gender-case cell of the
masked singular definite article (or Other if the
token is not a singular definite article in context).

Overall accuracy. Table 7 reports accuracies
aggregated by gender and case. spaCy achieves an
overall accuracy of 0.83 across all datasets, with
the lowest performance in the genitive cells (0.7).
Accuracy is measured based on texts, i.e., texts
containing multiple masks are only classified as
True Positive if all its masks are correct.

Confusion matrices. To characterize Cell vs.
Other errors in more detail, Tables 8—12 report
confusion matrices for each surface form (exclud-
ing the non-syncretic den because of perfect accu-
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DXEUT  DNEUT  Other
DXEUT 19 1 1
DYEUT 3 17 0

Table 10: das: confusion matrix (spaCy rows; manual
columns).

DMasc DREUT - Other
DMase 18 3 1
DXEUT 1 19 0

Table 11: dem: confusion matrix (spaCy rows; manual
columns).

DMase  DNEUT  Other
D¥iAse 15 7 1
DXEUT 3 14 3

Table 12: des: confusion matrix (spaCy rows; manual
columns).

racy). Rows correspond to spaCy assignments and
columns to manual labels. Counts are raw mask
counts (i.e., each mask is counted individually).

Discussion and implications for our analyses.
Across forms, Other errors are present, but they
primarily inject random noise and are unlikely to
induce systematic trends in gradient-based analy-
ses. More critical are Cell errors within the article
paradigm, which are most pronounced for genitive
forms (notably des). Nevertheless, we observe that
analyses relying on clean dataset combinations, in
particular those involving der datasets and DEEM,
(die), match the conclusions obtained from noisier
dataset combinations (see e.g., Figures 6, 8, and
36 with clean results). This consistency suggests
that the overall trends reported in the paper are not
driven solely by spaCy labeling noise.

A.2 Gender-Case Neutral Dataset (Dngyurrar)

The Dngpurrar dataset is constructed from the
Wortschatz Leipzig German news corpus' (Gold-
hahn et al., 2012; Leipzig Corpora Collection,
2024) to provide sentence contexts without gram-
matical gender or case cues. We apply a series of
linguistic filters using spaCy to remove sentences
that could implicitly encode such information.
Specifically, we exclude sentences that con-

1https ://downloads.wortschatz-leipzig.de/
corpora/deu_news_2024_300K.tar.gz

tain determiners or definite and indefinite arti-
cles (including der/die/das, ein/kein and their in-
flected forms), as well as sentences containing
third-person pronouns. To further reduce implicit
gender signals, we remove sentences dominated by
named entities, as proper names can carry gender
information. We additionally filter out very short
sentences and sentences containing the token das
to avoid homonym-induced ambiguity.

The resulting dataset with 9,570 entries consists
of well-formed sentences that are largely free of
explicit and implicit morphosyntactic gender—case
cues and is used as a grammar-neutral reference
throughout our experiments.

We release the dataset on Hugging Face under
aieng-lab/wortschatz-leipzig-de-grammar-
neutral.

B Decoder-Only Models for MLM

Due to the fact that the gender of the definite arti-
cle is usually only determined by the noun which
naturally occurs in the right context, only using
the left context is not an option for the considered
problem, as done by (Drechsel and Herbold, 2026).
Instead, we convert the decoder-only model into a
model that can also predict a token given a right
context, similar to the MLM task. We use the fol-
lowing general approach. We add a [MASK] token
to the decoder’s tokenizer, and use the next NV > 0
final hidden states of the decoder after the [MASK]
token as mean-pooled input for a simple classifier
network. The classifier has six classes, one for
each German definite articles. This custom head
makes it possible to use the decoder-only model for
a bidirectional prediction task similar to a MLM
task, at least to predict one of the six articles, and,
importantly, create meaningful gradients through
the entire model.

For the training of the classifier, we froze the
core model parameters. This avoids changing the
model, which could invalidate the GRADIEND mod-
els, as they may instead of analyzing the original
model learn where the fine-tuning for this MLM-
head updated the model. To choose an appropriate
N, i.e., the hidden states after the [MASK] to con-
sider as pooled classifier input, there is a natural
trade-off. A low number might not include the
encodings of the noun tokens (e.g., due to an adjec-
tive token(s) between the article and the noun). A
too large number makes the relevant information
from the noun less relevant, as it contributes less to
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Model # Parameters  Checkpoint Reference

GermanBERT 109.1M  google-bert/bert-base-german-cased Devlin et al. (2018)

GermanGPT-2 124.4M  dbmdz/german-gpt2 Radford et al. (2019)

EuroBERT 211.8M  EuroBERT/EuroBERT-210m Boizard et al. (2025)

GBERT 335.7M  deepset/gbert-large Chan et al. (2020)

ModernGBERT 1.06B  LSX-UniWue/ModernGBERT_1B Wunderle et al. (2025)

LLaMA 3.21B meta-llama/Llama-3.2-3B Grattafiori et al. (2024)

Table 13: Hugging Face model checkpoints used in this study.

Hyperparameter Value and constructs batches containing only one gender-
Optimizer Adam case dataset label at a time. To ensure equal ex-

1x107° (encoder-only);
1x 1074 (decoder-only)
1x1072

4 (LLaMA), 32 (others)

1

Learning Rate

Weight Decay
Batch Size Gradient Computation
Batch Size GRADIEND

Training Criterion MSE
Training Steps 5,000
Evaluation Steps 1,000
Evaluation Max Size 500

Evaluation Criterion Cor on validation split

Table 14: GRADIEND training hyperparameters.

00 el T
0.0 \‘\\’/‘
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Figure 10: Decoder-only article classifier performance
across different pooling lengths.

the average pooling. We use N = 3 for GPT2 and
N =5 for LLaMA, as shown in Figure 10.

Overall, the classification performance is not too
great considering the low number of classes (six),
but sufficient to train the GRADIEND models.

C Training

Model details and training hyperparameters are re-
ported in Tables 13 and 14, respectively. Following
Drechsel and Herbold (2026), we train each GRA-
DIEND variant with three random seeds and select
the best run by the validation-set correlation as
used in Table 3 (see Appendix D for details). For
efficiency, we estimate this correlation on a 100-
example subset per gender-case dataset from the
validation split. We train LLaMA and ModernG-
BERT in torch.bfloat16 and all other models in
torch.float32.

We use an oversampled single-label batch sam-
pler that groups examples by gender—case dataset

posure across datasets, batches are oversampled to
match the maximum number of batches per label
and then interleaved in a round-robin fashion.

Experiments are run in Python 3.9.19. LLaMA
is trained on three NVIDIA A100 GPUs (80 GB
each), while all other models use a single A100.
Per-seed training time ranges from ~1 hour
(smaller models) to ~3 hours (LLaMA) for a single
variant.

D Encoded Values

Figures 11-28 show encoded-value distributions
for the remaining GRADIEND variants.

Correlations in Table 3 are computed from the
same gradient types used during training. We as-
sign labels +1 and —1 to the two directed transi-
tions z; — 22 and z3 — 21, respectively, and label
the ten identity tasks Z — Z for Z ¢ {z1, 22} as 0.
Normalizing the sign of h during training makes
correlations non-negative by construction (apart
from extreme distribution shifts between the vali-
dation set used for normalization and the test set).

Since test splits differ in size across gender-case
datasets, we compute correlations after randomly
downsampling each dataset to the smallest test-set
size. Likewise, for violins that combine multiple
data sources in Figures 3 and 11-28, we downsam-
ple each source to the smallest subset contributing
to that violin.

For Dngurrar on decoder-only models, we use
CLM gradients, since the auxiliary MLM head is
restricted to predicting article tokens.

E Probability Analysis

Table 15 and Figures 29-34 show results for other
models and variants reported in the main part of the
paper. Due to computational constraints, we limit
the German Language Understanding Evaluation
Benchmark (SuperGLEBer) evaluation to models
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Masc

DN()M (der) Dgﬁl(d”) Dll;i!:‘l(der) DNELTKAL

Model Art. Trans. « AP d Sig. AP d Sig. AP d Sig. AP d Sig. SuperGLEBer
GBERT - 0.0 - - - - - - - - - - - - 76.7 £ 0.4

GRMMASC - der — die 0.05 013 027 #0001 0.1 *= 002 014 #** -002 -000 n.s. 76.6 + 0.4
+ G e par der — die 10 070 036 ¥ 045 034 #* 420 071 *= 012 003  ° 76.6 + 0.4
+ Ghow Gen der — die 005 001 025 * 001 017 *# 001 013 ** 006 -001 ns 76.6 + 0.4
+GNSSC e der — dem 001 0.00 012 ** 000 008 ** 000 004 * -000 -0.00 ns 76.8 + 0.4
+GEMONUT der 5 dem 001 0.00 008 ¥t 0.00 004 ¢ 000 016 002 001 ns 76.7 4+ 0.4
+GonCaen  der —des 001 0.00 008 #0002 022 ** 000 007 ** 000 -0.01 ns. 76.7 4+ 0.4
+ G N der — des 02 003 007 * 044 032 = 001 008 #0002 003 e 76.6 + 0.4
ModernGBERT - 0.0 - - - - - - — — _ — _ _ _

GEMMASC - der — die 02 10.67 0.69 *# 309 038 #0728 052 ek 126 0.4 e -
+ G o der — die 02 809 059 #+ 483 050 #1373 076 = 126 0.4 _
+ G der —die 0001 001 019 * 000 011 * 001 016 * 002 000 ns. -
+ GLAS;%DAT der — dem 0.2 6.85 0.52 ek 0.65 0.15 k%% 722 051 ek 059 Q.15 kw _

GEMNIUT der — dem 02 7.5 047 e 217 023 e 27.06 1.02 R 083 (.17 e -
+Grosleen  der — des 0.1 057 016 ¥ 262 033 #0011 009 *F 013 0.06 e -
+ GEUNEUT ger s des 02 321 034 #2638 117 *=% 165 026 *** 081 0.14 -
EuroBERT - 0.0 - - - - - - - - - - - - 68.3 £+ 0.4

GEMASC der — die 001 7.36 0.60 *# 025 011 ¥ 048 021 ** 001 001 ns 68.4 + 0.4
+Ghee par der — die 001 0.17 034 % 008 020 *** 045 030 *** 000 -0.00 ns 67.0 + 0.4
+Ghoe Gex der — die 001 0.2 033 ##% 012 023 #0201 029 #0000 -0.00 ns 67.5+ 0.4
+GNaSC e der — dem 001 016 032 *% 000 009 ** 003 0.8 *** 000 -0.00 ns. 68.4 4+ 0.4
+GEMNUT ey — dem 001 0.8 017 ¥ 006 005 128 028 000 0.04 b 67.4+0.4
+Glow'gen  der —des 001 0.60 029 #% 044 030 **+ 003 009 *=* 000 008 67.0 +0.4
+ G der 5 des 001 025 0.8 #2001 036 *#F 007 007 % 000 006 68.1+0.4
GermanGPT-2 - 0.0 - - - - - - - - - - - - 45.4+0.4
+ Gt M der s die 0.5 031 0.08 = (.15 005 ** 025 008 * 000 -0.03 e 45.34+0.4
+GRE der — die 0.5 020 004 * 025 009 #*¥ 024 007 FE 000 006 e 45.3+0.4
+GRR der — die 0.5 1.08 034 #¥% 127 046 ¥ 131 049 *¥% 000 001 ns. 45.3+0.4
+ Gt der —dem 0.1 048 048 tet 010 020 006 004 F* 000 009 453+ 0.4
+GEMNT der s dem 1.0 021 059 #0003 004 007 001 *E 000 006 45.3+0.4
+Guase o der — des 0.1 047 027 ¥ 049 011 *¥ 053 019 *¥% 000 002 @ * 45.3+0.4
+ G N der — des 05 043 023 = 139 027 = 061 020 ¥ 000 002 ¥t 453+ 0.4
LLaMA - 0.0 - - - - - - - - _ - _

G MASE - der — die 02  0.03 010 == 000 004 = 002 006 * 000 012 Fkx -
+ Glaon par der — die 02 003 010 *#* 000 004 #*= 003 0.07 *#+ 000 011 = -
+ Ghow Gex der — die 02 004 0.10 *# 000 0.04 == 003 007 *== 000 011 -
+GMasC o der —dem 02 001 0.09 * 000 007 Pt 002 009 FE 000 006 e —
+GIVNET e dem 05 003 009 ® 000 007 009 008 et 001 001 e -
+Gyonaen  der — des 02 000 001 ns. 003 008 *= 000 003 * 000 005 _
+ GEPONEUT e s des 02 001 025 * 009 015 *# 002 012 *% 000 007 -

GEN

Table 15: GRADIEND-modified models for non-GermanBERT models: mean change in target-article probability
AP scaled by 100, effect size (Cohen’s d), and significance as *** p < .001, ** p < .01, * p < .05 (n.s. otherwise).
Bold marks datasets being part of GRADIEND gender-case cells. SuperGLEBer score is scaled by 100, and only

reported for small models (<1B).

with fewer than 1B parameters, and therefore ex-
clude ModernGBERT and LLaMA.

E.1 Details on Probability Calculation

For an entry « from a fixed gender-case dataset
(clear from context) with a single article mask, let
P, (art|x) denote the MLM/CLM probability that
model m assigns to the article art € A at the
masked position for model m (treating tokens as
equal up to casing and leading whitespace). We
define the mean article probability P, (art) as the
dataset average of IP,,, (art|z) over all single mask
entries of the dataset. For two models m1, ms, we

define the mean probability change as
APy o (art) = Py, (art) — Pryy, (art).

For this study, m; is the a* selected GRADIEND-
modified model (clear from context) and my the
base model, so we write AP(art) or simply AP
when the article is clear from context.

E.2 Selection of the Intervention Strength «.

We evaluate a discrete set of step sizes a > 0
that induce GRADIEND-modified models at « (in-
dicated in Figure 5). Let sg denote the LMS of
the unmodified base model on the grammar-neutral
dataset Dngyrrar. For encoder-only models, this
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score corresponds to masked-token accuracy, while
for decoder-only models it corresponds to perplex-
ity (lower is better).

We define a tolerance threshold 7 = 0.99 and
select a* according to the following procedure.
Among all evaluated step sizes, we retain those
as candidates whose score satisfies the constraint
s(a) > 7 - so for accuracy-based metrics or
s(a) < so/7 for perplexity-based metrics. This
candidate range is shaded in Figure 5. Among can-
didates, we select the o, whose score is the largest:
ao* = argmax P, (target).

E.3 SuperGLEBer

We evaluate downstream language understanding
using the German Language Understanding Evalua-
tion Benchmark (SuperGLEBer; Pfister and Hotho
2024), a German NLP benchmark covering multi-
ple classification and inference tasks. We follow
the standard implementation provided by Pfister
and Hotho (2024).

We note that for some model-task combinations,
the Named Entity Recognition (NER) components
yield empty entity predictions, resulting in zero pre-
cision and recall, a known degeneracy in sequence
labeling. We attribute this to a dependency incom-
patibility in our evaluation pipeline, since it occurs
consistently for both the base model and the corre-
sponding GRADIEND-modified variants.

We extend their evaluation code to support
bootstrap-based uncertainty estimation (Davison
and Hinkley, 1997). Our procedure mirrors the ap-
proach used by Drechsel and Herbold (2026) for
GLUE (Wang et al., 2018) and SuperGLUE (Wang
et al., 2019), computing 95% confidence intervals
via resampling.

F Top-k Analysis

Figures 35-37 show the Venn diagrams of non-
GermanBERT-models similar to Figures 7-9.

Our overlap analysis depends on the choice of
k. Choosing k too small makes overlaps sensi-
tive to ranking noise and a few extreme weights,
whereas choosing k too large gradually includes
many weakly-informative weights, making overlap
less diagnostic.

To motivate our choice, we ablate k£ and plot
pairwise Top-k overlap within each article group
as a function of k (Figures 38-40). Across model/-
group combinations, the curves vary in detail, but
many exhibit a recurring three-range pattern:

(i) Transition-dominated range (small/inter-
mediate k): overlap is comparatively high
and relatively stable, indicating that the Top-k
sets are dominated by weights that are consis-
tently ranked highly across variants within the
same article group.

(ii)) Reduction range (intermediate/large k):
overlap often decreases as increasing k begins
to include additional weights whose ranks are
less consistent across variants, reducing the
intersection proportion.

(iii) Trivial convergence range (very large k):
overlap increases again as selectivity vanishes;
in the limit, overlap approaches 100% when &
becomes large relative to the parameter count.

While this trend is not uniform for all models
and variants, k=1000 yields a stable and compa-
rable operating point across article groups, focus-
ing on a small but informative subset of weights.
We choose k=1000 because it lies in the first,
transition-dominated regime for most model-group
combinations in Figures 38 and 39, before the
dilution-driven decrease becomes prominent. Im-
portantly, the intersection proportions of the arti-
cle groups (Figures 38 and 39) are consistently
above the control group proportions (Figure 40)
for £ < 10, 000, indicating a generalization of our
main claim based on Table 5 across a wide range
of small k.
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