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Abstract

Transformer layers can develop distinct attention routing patterns during training, but
how architectural access to structural information shapes this organization remains unclear.
Existing structure-aware methods make this difficult to determine by modifying several
components. To investigate this question, we compare two Transformers matched in field
ID inputs, embeddings, learned components, backbone, parameter count, and optimiza-
tion but differing in attention computation. Both use field embeddings; Structure-Aware
Attention Bias (SAAB) additionally transforms the supplied field IDs into a fixed pair-
wise same-field attention bias. We first train both models on the DBpedia dataset with
masked structure modeling (MSM), which requires the recovery of hidden field labels from
the context. Both models exceed 99.9% validation accuracy, yet they organize attention
differently. Across 64 paired validation examples from the seed-1001 model pair, SAAB
changes the mean same-field attention mass (SFM) by −0.085 at Layer 2 and +0.048 at
Layer 3 (95% confidence intervals: [−0.092,−0.078] and [+0.042,+0.055]). We call this
pattern competitive displacement. Across eight initializations, two show relatively strong
displacement; the others show weaker or different responses. For seed 1001, displacement
varies non-monotonically with the bias strength. Related changes persist with depth in
two selected seeds and appear differently on PubMed. These results show that SAAB
redistributes layer-wise attention routing under tested conditions.

Keywords: Transformer; attention mechanism; structured data; architectural information
accessibility; layer-wise attention routing; mechanistic interpretability; architectural
inductive bias

1. Introduction
Transformer layers develop different representation and attention routing patterns

during training. This organization is not built into the design, which means that the lay-
ers begin without predefined routing patterns and their distinct patterns develop during
training [1–5]. Previous studies have shown that even minor architectural modifications
can alter how information is distributed across the network’s layers [6]. However, it re-
mains unclear how specific architectural choices independently contribute to these shifts
when other architectural and training factors are controlled. Recently, several studies have
investigated how training dynamics, such as the training time, influence the emergence
of different internal representations during training [7,8]. While these studies offer valu-
able insights into representation dynamics, they attribute such shifts to training-related
factors, such as the training time. It remains unclear whether a controlled change in how
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existing structural information is made accessible to attention, without changing the train-
ing procedure, can trigger a comparable shift in layer-wise attention routing. The closest
approaches incorporate structural relations into their attention mechanisms [9–11], but
these approaches commonly also change the input representations, learned components, or
attention operations. Consequently, any observed changes in attention routing may result
from several changes rather than from any one intervention. In this work, we investigate
whether an additional fixed pairwise structural pathway in attention can change layer-wise
routing. To examine this intervention, we conduct a controlled study in which the field ID
inputs, learned components, Transformer backbone, model capacity, downstream task, and
optimization process are held constant, while SAAB additionally supplies a fixed pairwise
same-field relation to the attention logits. This experimental design tests the combined
effects of the additional pathway, pairwise relation, and attention-level access without
attributing the result to the injection location alone.

Structural deep learning methods make information accessible through several learn-
ing paradigms. Supervised task-specific systems organize features for labeled prediction
while incorporating structure through segmentation, graph interaction, or constrained atten-
tion, as illustrated by TableStructureFormer and Doc2GraphFormer [12,13]. Self-supervised
and mixed-objective models instead learn structural representations through masking
or reconstruction objectives, including LayoutLMv3, UDOP, and DocLLM [14–16]. Unsu-
pervised and domain-adaptive methods can organize unlabeled target-domain features
through cross-domain alignment and graph interaction [17]. Structural prior and graph-
driven methods make relations directly available through typed graph neighborhoods or
attention constraints [9–11]. These paradigms differ in how information interacts, whether
the structure is learned or supplied, and whether features are organized for prediction,
reconstruction, domain alignment, or relational processing. This comparison motivates the
examination of structural information from the perspective of architectural accessibility.

Our key idea is to use structured data to create a controlled additional pathway in the
network. To this end, we propose Structure-Aware Attention Bias (SAAB) and compare it
with a conventional Transformer baseline. Both models use the supplied field IDs through
the same field embedding pathway. SAAB additionally converts these IDs into an explicit
pairwise same-field relation and adds the resulting fixed, nontrainable bias to the attention
logits in every layer. It therefore introduces neither a new field label source nor additional
trainable parameters, although it changes the attention computation. The baseline and
SAAB share the same Transformer backbone, embeddings, learned components, prediction
head, and trainable parameter count, but differ in attention computation. Their compari-
son provides a controlled evaluation of the tested fixed pairwise attention pathway and
its effects on layer-wise attention routing. As illustrated in Figure 1, the baseline can
represent field relationships through the field information already present in its hidden
representations, whereas SAAB makes an explicit same-field relation directly accessible
in attention.

We train both models using masked structure modeling (MSM), a self-supervised
task derived from masked language modeling (MLM) [18]. In MSM, a subset of field
tags is masked while all textual content remains visible; the model recovers the missing
tags from token content and the remaining visible structural context. Consequently, MSM
provides a controlled task in which the field structure is directly relevant to prediction. Our
experiments are primarily conducted on the DBpedia dataset [19,20], a large-scale collection
of Wikipedia articles in which each instance consists of two field tags, including a short
title and a longer body description. We intentionally use only two field tags to construct a
controlled and simplified setting where every attention interaction can be clearly identified
as occurring either within the same field or across different fields, enabling an unambiguous
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analysis of the measured results. To examine the routing response in a different domain
and a more complex field structure, we conduct additional experiments on the PubMed
200k RCT dataset [21], where each instance contains three distinct fields. Across these
experiments, we find that the additional fixed pairwise pathway can influence how within-
field and cross-field attention are distributed across Transformer layers. Although the two
models achieve comparable task performance in terms of accuracy and loss, they develop
different layer-wise routing organizations. In the two relatively strong displacement cases,
one layer shifts toward more cross-field routing, while another shifts toward more within-
field routing relative to the baseline. We term this phenomenon competitive displacement
and study it in detail in this work. Beyond this specific pattern, the study identifies the direct
attention-level accessibility of the fixed pairwise field relation as an architectural factor
that can change routing organization without changing task performance. For explainable
AI, this controlled comparison helps to show that comparable predictive performance can
coexist with different measured attention routing organizations. The main contributions of
this paper are as follows:

• We show that adding a fixed pairwise field relation directly to attention can reshape
layer-wise attention routing, even when the models receive matched field ID inputs,
have the same trainable parameter count, and achieve comparable task performance.

• We introduce SAAB, which reuses the supplied field IDs through an additional fixed
pairwise pathway in attention, enabling a controlled comparison in which the tested
pathway differs while the shared components and training protocol remain fixed.

• Using controlled experiments and MSM loss gradient analysis, we characterize a rout-
ing reorganization pattern called competitive displacement and report its associated
changes in layer-wise routing and gradient strength.

• Through a systematic evaluation across five tested bias strengths and eight random
initializations, we show that competitive displacement varies non-monotonically with
the bias strength at seed 1001 and that relatively strong displacement occurs in two of
the eight initializations.

• We evaluate the effect in deeper Transformer models and on a second dataset, showing
that routing reorganization persists in two selected deeper-model runs and takes
a distinct form on PubMed, while the affected layers vary with the model depth,
initialization, and dataset.

The remainder of this paper is organized as follows. Section 2 reviews supervised, self-
supervised, unsupervised, and structural prior approaches together with analytical work on
layer-wise attention routing and training dynamics. Section 3 describes our proposed SAAB
model, the baseline model, and the MSM task. Section 4 gives the datasets and training
details. Section 5 presents the experimental results in three parts: the observed layer-wise
reorganization and its development during training, controlled experiments that identify
the conditions under which it occurs, and an evaluation of its variation across random
initializations, its conditional persistence across network depths, and its appearance in a
second dataset. Section 6 discusses the implications of our findings and their limitations,
while Section 7 summarizes the main contributions and concludes the paper.

The reference implementation, experimental configurations, and analysis scripts are
publicly available at https://github.com/mira-bau/layer-routing (accessed on 28 July 2026).
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Figure 1. Baseline and SAAB architectures. (A) The variants share the same input representation,
embeddings, Transformer backbone, and MSM prediction head. (B) They differ in self-attention com-
putation: the baseline uses standard self-attention, whereas SAAB additionally adds the nontrainable
pairwise bias BSAAB to the attention logits.

2. Related Work
Understanding how structural information shapes attention routing requires consid-

eration of both how the structure is learned and how it becomes architecturally available
within a model. With respect to learning paradigms, prior work spans supervised task-
specific methods, self-supervised or mixed-objective pretraining, and unsupervised or
domain-adaptive learning. From an architectural perspective, we categorize prior work
into structural prior and graph-driven methods, which incorporate relational information
through input representations, graph construction, or attention mechanisms. These ap-
proaches differ in how information interacts, how the structure is modeled, and how learned
features are organized. We first review these four areas and then turn to Mixture of Experts
routing and complementary studies of layer-wise organization and training dynamics.

2.1. Supervised Task-Specific Structural Modeling

Supervised models for document, table, and structured data tasks encode rows,
columns, page positions, field identities, or graph relations while optimizing labeled
prediction objectives. Existing approaches incorporate this information through dedicated
input embeddings, constrained attention, or graph interaction [10,11,22–24]. TableStruc-
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tureFormer, for example, combines supervised row–column segmentation with masked
attention, while Doc2GraphFormer combines graph message passing with global self-
attention for document understanding [12,13]. Transformer models for structured and tab-
ular data also learn embeddings for field identity, temporal information, or other structural
attributes [25–28]. These methods organize structural features for downstream prediction
through different combinations of structural inputs, task heads, attention constraints, and
message passing components.

2.2. Self-Supervised and Mixed-Objective Structural Pretraining

Unlike supervised task-specific systems, self-supervised and mixed-objective docu-
ment models learn structural representations through masking or reconstruction, some-
times together with labeled tasks. LayoutLMv3 jointly masks text and image content,
UDOP combines self-supervised reconstruction with supervised objectives, LayoutMask
predicts masked tokens and two-dimensional positions, and DocLLM uses segment infilling
with disentangled text and spatial attention [14–16,29]. These methods organize features
around reconstruction or pretraining objectives. MSM follows this general paradigm by
learning to recover masked field labels from the context.

2.3. Unsupervised and Domain-Adaptive Structural Learning

Whereas self-supervised pretraining organizes features through masking or recon-
struction objectives, unsupervised and domain-adaptive methods organize target-domain
features without target labels, often by combining cross-domain alignment objectives with
graph-based interaction. Graph Harmony combines nuclear-norm Wasserstein alignment
with a variational graph autoencoder to address shifts in structural patterns across do-
mains [30]. Wang et al. construct multi-domain prototypes and use graph interaction
to align category-level representations for unsupervised rotating machinery fault diag-
nosis [17]. Both approaches use structural interaction to organize features across source
and target domains. They illustrate how structure can support domain-invariant fea-
ture organization—a different use of structure compared to the architectural accessibility
question considered here.

2.4. Explicit Structural Priors and Attention Modification

Across these learning paradigms, a separate architectural question concerns how
structural relations are made available through attention design, input encoding, or graph
construction. Transformer approaches incorporate structural information for graph, rela-
tional, tabular, and web data through typed or relation-aware attention, learned attention
biases, attention masks, input positional encodings, and structural encoders [9–11,31–35].
Other work characterizes relational inductive biases in attention mechanisms [36]. Some
approaches use fixed graph-derived attention patterns [37], explicitly separate relational
from object-level features [38], or analyze how relational inductive biases vary across
learning settings [39]. Graph neural networks instead encode relational priors through
message passing over explicit edges and can represent richer, domain-defined topolo-
gies [40]. These methods supply structure through explicit edges, fixed attention patterns,
learned structural biases, or relation-aware representations. Attention regularization and
sparse attention methods impose different constraints. Scheduled DropHead stochastically
removes entire attention heads during training [41]. Selective self-attention uses query-
dependent temperature scaling to control attention concentration, whereas native sparse
attention changes attention support for efficient long-context processing [42,43]. SAAB
provides a contrasting constraint: it preserves all attention heads and dense token-to-token
attention while adding a fixed structural relation to the attention scores. Taken together,
these methods constrain attention at different levels, including head availability, atten-
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tion concentration, attention support, and pairwise structural scoring. They can therefore
influence within-layer attention organization through different mechanisms.

2.5. Mixture of Experts Routing

Beyond attention and graph constraints, Mixture of Experts models provide another
form of computational organization. They use learned dynamic routers to assign tokens
to distinct parameterized experts, with router design affecting expert utilization, load
balance, and specialization [44,45]. By contrast, SAAB changes attention routing within
Transformer layers rather than routing tokens among parameterized experts. MoE expert
specialization and layer-wise attention routing are therefore related organizational concepts
but not interchangeable mechanisms.

2.6. Layer-Wise Organization and Training Dynamics

Whereas MoE models organize computation across explicitly parameterized experts, a
complementary body of literature examines how representations and attention patterns be-
come distributed across depth within a Transformer. Early studies of BERT used lightweight
classifiers on internal representations to show that grammatical and semantic information
is distributed differently across layers [1,2]. Individual attention heads have also been
associated with grammatical dependencies or coreference relations [3]. These studies
establish that representations and attention patterns vary across depth, while changes
to pretraining objectives or model architecture can alter this distribution [6]. Related
work examines component-level organization and its emergence during training [46–48].
Causal intervention and mechanistic interpretability work further traces the contributions
of components and circuits [4,49,50]. Induction heads, for example, can emerge through
a relatively sharp transition during training [5]. More broadly, grokking and theoretical
studies show that learning dynamics can change abruptly as the training conditions, data
scale, or initialization vary [7,8,51,52]. Together, this literature shows that component-level
organization can emerge over training and vary with the training conditions and data
scale. Optimization dynamics provide one possible explanation for differences across depth
because the loss signal can be distributed unevenly across layers [53]. Repeated train-
ing can also produce different internal solutions across initializations despite comparable
task performance [54–57]. Together, these findings connect depth-wise organization with
optimization dynamics and initialization variability.

Taken together, prior methods demonstrate that structural information can shape
representations and attention, but they often change the inputs, objectives, trainable
components, or relational mechanisms together. This leaves it unclear how attention
organization responds when structural accessibility changes under otherwise matched
conditions. To address this gap, we use a controlled baseline–SAAB comparison, defined in
the following section.

3. Proposed Models and Methodology
We examine how adding a fixed pairwise structural pathway to attention influences

layer-wise attention routing by comparing SAAB with a conventional Transformer baseline.
The two variants receive the same token and field ID inputs and share the same embeddings,
encoder dimensions, Transformer backbone, prediction head, learned components, and
trainable parameter count. They differ in attention computation: SAAB retains the field
embedding pathway and additionally converts the field ID tensor supplied to the model
into a nontrainable pairwise relation in the attention logits. This controlled comparison
evaluates how the additional attention-level pathway affects layer-wise routing under the
reported controls. In the remainder of this section, we first describe the shared Transformer
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architecture and then present the baseline and SAAB models, and we finally introduce the
masked structure modeling task used for evaluation.

3.1. Shared Components and Parameterization

As illustrated in Figure 1, the baseline and SAAB models share the same Transformer
backbone, embeddings, learned components, prediction head, and trainable parameter
count, but differ in attention computation. The shared encoder takes structured input data
and converts them into a single ordered sequence of tokens, where each token is associated
with a field ID indicating the field from which it originates. At position i, xi is the token ID
and gi is the field ID supplied to the model; during MSM, gi is the field ID after masking.
The implemented embedding computation is

h(0)i = Dropout
(√

dmodel [TokenEmbed(xi) + FieldEmbed(gi) + PosEmbed(i)]
)

. (1)

Consequently, the field ID is embedded in the hidden representation from the first
layer in both models. The resulting sequence is then processed by a pre-layer-normalized
Transformer encoder with four layers, a model width dmodel = 768, six attention heads,
a feedforward network with 3072 hidden units in each layer, a dropout rate of 0.2, and
layer normalization with ϵ = 10−5. The feedforward sublayers use GELU activations, and
the encoder uses residual connections and a final layer normalization. A shared linear
token-level head maps the final hidden states to field ID logits. The baseline and SAAB
therefore have matched parameterization but different attention computations. An equal
trainable parameter count does not imply equal runtime or memory costs; these quantities
are evaluated separately in the computational overhead analysis.

3.2. Baseline Model

The shared Transformer architecture shown in Figure 1 serves as the baseline model.
Field embeddings influence the hidden states and therefore the queries and keys, but no
fixed same-field indicator is added directly to the attention logits. The attention compu-
tation follows the standard formulation introduced in [58], where the softmax operation
converts the pairwise attention scores into normalized weights that are nonnegative and
sum to one. Both variants apply the ordinary key padding mask before the softmax. The
baseline can learn field-level relations through the field information already present in its
hidden representations.

3.3. SAAB: Structure-Aware Attention Bias

As illustrated in Figure 1, the proposed SAAB model uses the same shared Trans-
former encoder as the baseline model. However, unlike the baseline, SAAB introduces
an additional information pathway. In addition to incorporating field IDs into the input
embeddings, SAAB adds BSAAB to the scaled attention scores:

Attn(Q, K, V) = softmax

(
QK⊤√

dk
+ BSAAB

)
V (2)

Here, dk is the per-head key dimension.
For an input sequence of length n, SAAB constructs BSAAB ∈ Rn×n from the field ID

tensor g supplied to the model:

BSAAB[i, j] = w f 1[gi = gj], w f = 1.0, (3)
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where i and j index token positions and 1[·] equals one when its condition is true and zero
otherwise. Equal supplied field IDs receive an additive bias of +1.0, whereas unequal
IDs receive zero. Because the bias is applied before the softmax, +1.0 multiplies a pair’s
unnormalized attention weight by e, holding the learned attention logits fixed; it does not
add 1 to the final attention probability. During MSM, g is the already masked field ID
tensor. Thus, two selected positions match through the shared [FIELD_MASK] ID, while an
original target identity never enters the indicator relation. The ordinary key padding mask
remains active independently, so padded keys do not contribute to attention. The matrix is
broadcast across all heads and, in the main SAAB model, is added in every encoder layer.

The structural bias depends only on the supplied field IDs and remains independent
of token content. This additional pathway introduces no additional trainable parameters.
The bias is input-dependent but nontrainable: its construction rule and w f = 1.0 are fixed
in the main comparisons, while the dedicated bias strength ablation varies w f explicitly.
The matrix is recomputed from each input’s field ID tensor, and the same masked tensor
supplies both the field embeddings and BSAAB. Keeping this rule fixed preserves the shared
learned components and trainable parameter count while changing the explicit pairwise
relation available to attention. The paired comparison therefore tests the routing response to
this combined intervention; it does not isolate a causal effect of the injection location alone.

3.4. Masked Structure Modeling (MSM)

MSM is a self-supervised task in which the model reconstructs masked field labels
from the context. It is inspired by masked language modeling [18], but, instead of predicting
masked tokens, it focuses on predicting structural tags. The text tokens remain unchanged,
so prediction can use the token content together with the unmasked structural context.

Masking is performed across each micro-batch and separately for every field ID
represented at non-padding positions. Let E = {i : Ai = 1} be the eligible positions and
Pf = {i ∈ E : Fi = f } the positions carrying field ID f . For every nonempty Pf , the seeded
generator samples without replacement positions. Thus, each represented field contributes
approximately 15% of its eligible positions, with at least one selected position. Padding is
excluded, and the masking routine applies no additional field ID filtering.

k f = min
(
|Pf |, max

(
1, round(0.15|Pf |)

))
(4)

Before the forward pass, the selected entries of F are copied only into the prediction-
target tensor and are then replaced with the shared [FIELD_MASK] ID to form F̃. The
token sequence X is unchanged. Both variants receive (X, F̃, A) and use F̃ for their field
embeddings; SAAB also constructs BSAAB from F̃. The original field IDs are never passed
to either model at the selected positions.

Keeping the input text visible is essential to the design of MSM. In conventional
downstream tasks, such as document classification, models may achieve high performance
by exploiting semantic content without necessarily learning to organize attention according
to the document structure. Consequently, task performance alone provides limited insight
into whether structural routing has emerged. MSM instead supplies a common field
label recovery objective and known field boundaries for comparing the paired models’
attention routing. Because the field identity remains recoverable from the token content and
unmasked structural context, MSM does not assign successful prediction to a single route,
and a particular SFM value is neither necessary nor sufficient for solving the task. Both
variants receive the same tokens, masked field ID tensor, targets, and training procedure;
the comparison tests whether SAAB’s additional fixed pairwise pathway changes the
measured routing organization while the models solve the same task. Figure 2 illustrates
the MSM design, and Algorithm 1 details the training procedure.
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Figure 2. Design of masked structure modeling (MSM) task. Selected field IDs are replaced with
the shared [FIELD_MASK] ID before the forward pass, while the token text remains unchanged. Both
variants embed the masked IDs, and SAAB also derives its fixed pairwise bias from them. Original
field IDs are used only as prediction targets.

Algorithm 1: Masked Structure Modeling for Baseline and SAAB
Input: token IDs X, original field IDs F, attention mask A, variant v ∈ {Baseline, SAAB}, masking rate

p = 0.15, accumulation count R, shared [FIELD_MASK] ID m, and seeded masking generator G.
Optional control (SAAB-shuffled): shuffled bias flag c and shuffle seed s.
Output: trained parameters and optional gradient summaries.

for each optimizer step t do
Set the scheduled learning rate and clear accumulated gradients.
for micro-batch r = 1, . . . , R do

E← {i : Ai = 1}; S← ∅.
for each field f represented in E do

Pf ← {i ∈ E : Fi = f }; set k f ← min(|Pf |, max(1, round(p|Pf |))).
Sample S f ⊆ Pf , |S f | = k f , without replacement using G; set S← S ∪ S f .

end for
Y ← IGNORE_INDEX and F̃ ← F; set YS ← FS and F̃S ← m.
if v = Baseline then set B← 0.
else set FB ← F̃. If c is enabled, permute FB only among positions where Ai = 1 using s; retain

unpermuted F̃ for the embeddings.
Set Bij ← w f 1[FB

i = FB
j ] with w f = 1.0 and add B in every encoder layer.

end if
Forward only (X, F̃, A) and obtain token-level logits Z.
Lr ← CE(ZS, YS)/R; backpropagate Lr .

end for
If gradient diagnostics are enabled, record each layer’s joint Q/K/V weight gradient norm after

accumulation and before clipping.
Clip the global gradient norm, apply the AdamW update, and advance to the next optimizer step.

end for
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4. Experimental Setup
This section presents the experimental setup used throughout the study. We describe

the datasets, training configuration, and implementation details, followed by the evaluation
protocol and the measurements used to compare the baseline and SAAB models.

4.1. Datasets and Evaluation

Our primary experiments based on MSM are conducted on the DBpedia dataset [19]
using the simplified two-field setting, where each document consists of a short title and a
longer content description. We intentionally restrict the input to two field IDs to create a
controlled setting in which every attention interaction can be clearly classified as occurring
either within the same field or across different fields, enabling a clear interpretation of the
resulting measurements. Each document is converted into a single sequence of tokens, with
every token assigned a field ID indicating its source field. The original DBpedia training
split contains 560,000 examples. We divide it into 490,000 training examples and 70,000
validation examples using a deterministic random split with seed 42. The benchmark’s
original test split is excluded from training, validation, and checkpoint selection and is
used only for the confirmatory analysis reported in Section 5.10. The models are trained for
500 optimization steps. Unless otherwise specified, the detailed routing and bias strength
analyses use seed 1001. The gradient analysis uses seed 1001 as the main case and is
repeated for seed 99, which also shows relatively strong displacement, and seed 42, which
does not. Training loss curves are reported as the average over three independent runs with
random seeds 42, 123, 1001, while a more comprehensive evaluation across eight random
initialization seeds is presented in Section 5.4.

To track the development of routing behavior during training, we record model
checkpoints at optimization steps 1, 10, 50, 100, 200, 300, and 500. At each checkpoint, we
evaluate attention patterns using the first 32 examples from the validation split. We repeat
the analysis using the first 64 validation examples to confirm that the observed patterns are
not sensitive to the number of examples used. The maximum absolute difference between
the corresponding layer-wise SFM values is less than 0.005, which is small relative to the
strong L2 decreases of 0.085 and 0.469 observed at seeds 1001 and 99. We analyze the final
routing behavior at step 500 because both models reach comparable loss and accuracy
levels at this point. The routing differences are therefore observed despite the comparable
final task performance; the trajectory analyses below examine how their development
coincides with the measured optimization signal.

To examine routing effects in a different domain and a more complex field structure,
we replicate our analysis on PubMed 200k RCT [21], a biomedical abstract dataset de-
rived from randomized controlled trial reports. In this experiment, we use the provided
training and development splits and retain only abstracts containing all three structural
fields (i.e., methods, results, and conclusions), resulting in 177,533 training records and
2336 validation records, with mean sequence lengths after tokenization and the configured
512-token cap of 293.400 tokens in training and 295.100 tokens in validation. Each retained
record is linearized in the fixed order of methods, results, and conclusions, and the MSM
task is extended from binary field prediction to a three-field prediction problem. Models
are trained for 1500 optimization steps using three random seeds 42, 123, 1001, and the
primary routing comparison uses the first 64 validation examples at a 256-token evaluation
cap; Section 5.11 reports the corresponding 512-token reevaluation.

4.2. Training Protocol

Both models are trained under identical experimental settings. Within every reported
seed pair, both variants start from the same initial parameter tensors and use the same
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prepared-example order, batching, MSM mask generator state, and optimization config-
uration. Retained run artifacts confirm matching sample-row and sample-batch hashes
and identical trainable parameter counts within each pair. The variant setting determines
whether the fixed SAAB attention bias path is active. This pairing controls the within-seed
comparison but does not imply bitwise-identical execution across different software or
hardware environments. The implementations use PyTorch 2.11.0 with CUDA 12.8, and
tokenization is performed using the Hugging Face tokenizers library (version 0.22.2). The
Transformer, SAAB, MSM, training, and evaluation implementations use custom PyTorch
code; Hugging Face Transformers is not used. The recorded run environments additionally
use Python 3.12.13, NumPy 2.0.2, pandas 2.2.2, PyYAML 6.0.3, and scikit-learn 1.6.1. We
optimize the models with AdamW using a learning rate of 1× 10−4, weight decay of 0.01,
and momentum parameters (β1, β2) = (0.9, 0.999). Gradients are clipped to a maximum
global norm of 1.0. Training uses a micro-batch size of 64 with gradient accumulation over
eight steps, giving an effective batch size of 512 examples. The MSM loss is divided by
eight before each backward pass. When joint Q/K/V gradient norms are analyzed, they
are measured after all eight gradients have accumulated and immediately before global
clipping. The learning rate is linearly warmed up during the first 50 optimization steps and
subsequently decayed using a cosine schedule to 10% of its peak value. Input sequences
are truncated to 256 tokens for the DBpedia dataset and 512 tokens for PubMed. Training
and evaluation use the standard float32 tensor path without automatic mixed precision
or gradient scaling. No explicit TF32 override was applied, and both variants within
each pair used the same numerical configuration. Python, NumPy, PyTorch, CUDA, data
loader, and MSM masking generators are explicitly seeded. Each run used one NVIDIA
A100-SXM4 GPU, (NVIDIA Corporation, Santa Clara, CA, USA) with 40 GB of VRAM,
provided through Google Colab.

4.3. Metrics and Analyses

The primary objective of this study is to characterize layer-wise attention routing
rather than to optimize task performance. Task accuracy and loss are therefore treated as
secondary measures. Comparable values indicate that the observed routing differences are
not accompanied by a gross failure in predictive performance, but they do not eliminate
possible differences in training dynamics. To quantify layer-wise attention routing, we
introduce the same-field mass (SFM) metric. Inside each layer, each valid named-field
query allocates attention to tokens in the same field and to tokens in other fields. The SFM
summarizes this allocation; it does not measure a layer’s complete computational function.

The SFM is defined within each example as the mean, across heads and valid named-
field query positions, of the attention probability assigned to valid named-field keys with
the same field ID; the resulting values are then averaged equally across examples. Positions
are valid only when they are non-padding and belong to a named analysis field; attention
to other keys is not reassigned before the same-field mass is summed. An SFM value of 1.0
indicates that a layer attends exclusively within fields. In addition to the SFM, we report
the attention entropy to characterize the concentration of attention distributions, indicating
whether a layer distributes attention broadly across tokens or concentrates it on a smaller
subset. Entropy is computed with the natural logarithm and reported in nats. It is averaged
within each example over heads and the same valid query positions and then equally across
examples. It uses the model’s unmodified attention distribution and is not renormalized to
the named-field keys. When we describe a layer as the cross-field layer, or say that it shifts
toward cross-field routing, we mean its routing pattern relative to the other layers. In the
standard four-layer DBpedia comparison, we use competitive displacement to describe the
relatively strong paired reorganization in which SAAB decreases the L2 SFM and increases
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the L3 SFM relative to the corresponding baseline layers, enlarging the L3−L2 SFM gap.
Because the effect magnitudes vary across initializations, Section 5.4 reports the seed-wise
layer changes directly. “Competitive” names the observed redistribution; it does not assert
literal optimization competition between layers.

The raw SFM has an example-specific neutral level because fields can contain different
numbers of valid tokens. For example e, let ne f be the number of valid tokens in field f , and
let Ne = ∑ f ne f . We define the same-field opportunity and opportunity-adjusted SFM as

Oe =
∑ f n2

e f

N2
e

, SFMadj
e,ℓ =

SFMe,ℓ −Oe

1−Oe
. (5)

Equivalently, ∑ f n2
e f counts the available ordered same-field query–key pairs among

the N2
e valid named-field pairs, making Oe the same-field mass expected under uni-

form attention. For both raw and adjusted analyses, a valid position must be non-
padding and carry one of the named analysis field IDs (title/content for DBpedia; meth-
ods/results/conclusions for PubMed). Padding, special or unknown field IDs, and the
MSM mask field ID are not included in ne f or Ne. The adjusted SFM is zero at this neutral
reference, one when attention is exclusively within fields, and negative when attention
allocates more mass across fields than the neutral opportunity. It is undefined when only
one named field is visible; such examples are retained in the raw SFM analyses but counted
and excluded from the adjusted summaries.

To examine how the optimization signal is distributed across layers, we record the
gradients of the actual MSM cross-entropy loss on the masked training batches at every
optimization step. After accumulating gradients over eight micro-batches and before global
gradient clipping, we calculate the joint L2 norm of the Q, K, and V projection weight
gradients in each attention layer. We then compare L3 and L2 using the ratio of their
norms. A ratio above 1.0 indicates a larger loss gradient magnitude at L3, while a ratio
below 1.0 indicates a larger magnitude at L2. Because individual training batches introduce
variation, we summarize this ratio using a trailing mean over up to 10 optimization
steps and report it at selected checkpoints. This measure describes the relative gradient
strength; it does not provide the gradient direction, show whether the SFM will increase
or decrease, or represent the parameter update magnitude produced by AdamW. To
summarize differences in layer-wise routing with a single quantitative measure, we define
the profile distance as the Euclidean distance between the layer-wise SFM vectors of the
two models (SFML0, . . . , SFML3). This metric quantifies the overall difference in routing
organization across the Transformer encoder.

5. Experiments and Results
We first establish the principal routing difference between the baseline and SAAB mod-

els and trace its emergence alongside the measured loss gradient signal (Sections 5.1–5.3).
We then characterize its variation across initializations and probe the roles of the bias
strength, layer placement, and alignment with field structure (Sections 5.4–5.7). Finally,
we examine deeper DBpedia models and PubMed, quantify paired uncertainty and field
opportunities, confirm the principal pattern on untouched test records, assess sequence
length effects, and report the computational overhead (Sections 5.8–5.12).

5.1. Effects of the Fixed Pairwise Structural Path on Layer-Wise Attention Routing

To determine whether the fixed pairwise structural path is associated with different
layer-wise routing, we compare the baseline and SAAB models at optimization step 500,
when both models have reached comparable performance on the DBpedia dataset: valida-
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tion accuracy of 0.9997 and training loss of 0.0021. Table 1 reports the results based on the
selected evaluation metrics of the SFM and attention entropy (defined in Section 4.3) for
the four layers spanning the first layer (L0) to the last layer (L3).

Table 1. Task performance and layer-wise routing at optimization step 500 for seed 1001. SFM and
attention entropy are computed over 64 held-out validation examples. Bold values indicate the
highest SFM within each model.

Model Loss Val Acc
Same-Field Mass ↑ Attention Entropy (Nats)

L0 L1 L2 L3 L0 L1 L2 L3

Baseline 0.0021 0.9997 0.750 0.884 0.904 0.899 3.80 3.92 3.80 3.62
SAAB 0.0021 0.9997 0.814 0.860 0.820 0.949 3.77 3.90 3.55 3.75

Note: Here, ↑ indicates that higher SFM values correspond to a larger share of attention allocated to keys in the
same field.

Table 1 shows that the two models develop different routing patterns across their
layers, with the clearest change occurring at L2 and L3. Compared with the baseline,
SAAB decreases the SFM by 0.084 at L2 and increases it by 0.050 at L3, moving the highest
SFM from L2 to L3. Across all four layers, the increases and decreases balance each other,
leaving the average SFM nearly unchanged (0.859 in the baseline and 0.861 in SAAB) and
showing that SAAB redistributes within-field routing across layers rather than increasing it
uniformly. Paired confidence intervals, effect sizes, and Holm-adjusted permutation test
p-values for these layer-wise changes are reported in Table 2. We refer to this shift from
L2 to L3 as competitive displacement because L3 becomes the strongest within-field layer
while L2 moves in the opposite direction by attending more to tokens in the other field.
At L2, cross-field attention nearly doubles, from 9.6% in the baseline to 18.0% in SAAB,
while most of its attention still remains within fields, meaning that its routing role changes
relative to the baseline without completely reversing. The change at L2 is also reflected
in its attention entropy, which decreases from 3.80 in the baseline to 3.55 in SAAB—the
lowest value reported in Table 1. This decrease shows that L2’s attention becomes more
concentrated overall, even as a larger share is dispersed across fields.

To quantify uncertainty across records for this fixed model pair, we reproduced the
DBpedia comparison on the same 64 held-out validation examples and calculated the
paired per-example difference—SAAB minus baseline. The reproduced mean SFM values
were within 0.004 of those in Table 1. For each layer, we estimated a 95% confidence interval
via paired bootstrap resampling and applied a two-sided paired sign-flip permutation test,
with Holm correction across the four layers. Table 2 reports the results.

Table 2. Paired per-example DBpedia SFM changes for the fixed seed-1001 model pair on the same
64 held-out validation examples. ∆ is SAAB minus baseline, CI is the paired-bootstrap 95% confidence
interval, dz is the paired Cohen’s effect size, and pHolm is the Holm-adjusted paired permutation test
p-value.

Layer Mean ∆ 95% CI dz pHolm

L0 +0.060 [+0.055,+0.065] +3.03 0.0002
L1 −0.026 [−0.028,−0.024] −3.32 0.0002
L2 −0.085 [−0.092,−0.078] −3.04 0.0002
L3 +0.048 [+0.042,+0.055] +1.86 0.0002

The confidence intervals exclude zero at all four layers, supporting increases at L0 and
L3 and decreases at L1 and L2 for this fixed model pair. These tests quantify the variability
across validation examples conditional on the fixed seed-1001 pair; they do not measure
variability across independent training initializations, which is examined separately in
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Section 5.4. Each interval uses 10,000 paired-bootstrap resamples, and each two-sided
sign-flip test uses 20,000 draws. With the plus-one permutation correction, the minimum
attainable raw p-value is 1/20,001 ≈ 0.00005; the corresponding Holm-adjusted value
across the four layers is 0.0002.

Figure 3 shows which field-to-field interactions contribute to the redistribution be-
tween L2 and L3. In each matrix, rows show where attention originates and columns show
where it is directed. Thus, the bottom-left cell represents attention from content tokens
to title tokens, while the top-left cell represents attention from title tokens to other title
tokens. Compared with the baseline model, SAAB increases content-to-title attention at
L2 by more than three times, from 4.7% to 14.9%. This means that more attention from
content tokens crosses into the title field, contributing to the lower SFM at this layer. At L3,
the change is toward stronger within-field routing, with title-to-title attention increasing
by 16.5 percentage points, from 49.3% in the baseline to 65.8% in SAAB. Together, these
field-level changes show that SAAB shifts the attention routing of L2 and L3 in opposite
directions rather than increasing within-field attention uniformly across layers.

0.408 0.592

0.047 0.953

title

content

Baseline – L2

title content

0.501 0.499

0.149 0.851

title

content

SAAB – L2

title content

0.493 0.507

0.061 0.939

title

content

Baseline – L3

title content

0.658 0.342

0.026 0.974

title

content

SAAB – L3

title content

Attention mass

low high

Figure 3. Field-to-field attention at L2 and L3 for the baseline and SAAB models at step 500 for seed
1001. Attention values are computed over 64 held-out validation examples. Rows indicate source
fields, and columns indicate attended fields.

Figure 4 complements the field-level averages with one word-level example from
the untouched DBpedia test split. Without inspecting model outputs, we selected the
lowest-index record satisfying the predeclared length and field coverage criteria within the
deterministic 2,336-record sample. Its title is Aerostar, and its content is Aerostar S.A. is an
aeronautical manufacturing company based in Bacău Romania. Attention is averaged over
all six heads. To obtain readable words, BPE query-piece rows are averaged, and attention
to the key pieces of each word is summed. Title start and content start denote the special
tokens inserted before the respective fields. In Figure 4, T and C distinguish the title and
content occurrences of Aerostar, and the horizontal and vertical lines separate title tokens
from content tokens.

The four maps show that SAAB reorganizes this record differently across depth rather
than uniformly increasing same-field attention. At L2, SAAB produces a stronger vertical
band at the title occurrence of Aerostar: most content words redirect more attention toward
the title field. For example, attention from manufacturing to the title occurrence increases
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from 0.038 to 0.142, and attention from company increases from 0.049 to 0.128. The change
is selective rather than uniform; attention from content start to the same title word decreases
from 0.267 to 0.068. At L3, the organization shifts toward clearer field separation. The
title occurrence’s attention to itself increases from 0.238 to 0.629, while attention from
content start to this title word decreases from 0.431 to 0.126, and most content queries
reduce their total attention to title keys. Thus, this record illustrates one way in which
greater content-to-title routing at L2 and stronger title-field consolidation at L3 can produce
opposing aggregate SFM directions. Because it represents one record and one fixed model
pair, the figure is a qualitative illustration rather than inferential or across-seed evidence.
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Figure 4. Word-level attention at L2 and L3 for the baseline and SAAB models on one DBpedia test
record at step 500 for seed 1001. Rows indicate query words or field-start tokens, columns indicate
attended words or field-start tokens, and all panels use the same attention weight scale.
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5.2. Tracing Layer-Wise Routing Differences in SAAB and Baseline

To examine how routing patterns develop during training, we track the SFM across all
four layers at selected checkpoints for the baseline and SAAB models trained with seed
1001. Since competitive displacement in this four-layer model occurs between L2 and L3,
we use their trajectories to determine when the pattern emerges. Figure 5 traces the SFM
across all four layers for seed 1001.
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Figure 5. Same-field mass (SFM) per layer across training for seed 1001. Each marker is the mean SFM
over 32 fixed held-out validation examples; lines connect recorded checkpoints without smoothing.
The L3−L2 separation is temporary in the baseline and persists in SAAB.

At the first recorded checkpoint, step 1, the SFM is nearly uniform across the layers
within each model, with values of around 0.83 in the baseline and 0.90 in SAAB. SAAB
begins at a higher level because the fixed bias favors same-field attention from the start of
training, but no individual layer stands out in either model. By step 50, the mean training
loss has fallen sharply in both models, while their layer-wise routing profiles remain nearly
flat, showing that the early reduction in loss occurs before a clear difference develops
between L2 and L3. The difference becomes visible between steps 100 and 200. In the
baseline, L3 overtakes L2 at step 200, but this change is temporary because L2 again has the
highest SFM at step 500. In SAAB, L3 continues to increase while L2 decreases, producing
an L3−L2 gap of 0.109 at step 200 and 0.129 at step 500. The same temporary rise for L3
therefore appears in the baseline, but SAAB develops a much larger and persistent separa-
tion between the two layers. The competitive displacement pattern therefore develops after
the early reduction in loss rather than being present at the first checkpoints.

5.3. Layer-Wise Gradient Differences Accompanying Routing Reorganization

Table 1 shows that the clearest competitive displacement pattern occurs between L2
and L3, even though SAAB applies the same fixed bias to both layers. Because uniform bias
placement does not by itself explain the unequal measured response, we examine whether
the routing separation is accompanied by a difference in the MSM loss gradient magnitude
received by the two layers during training. Figure 6 reports this comparison for seed 1001
using the ratio of the L3 gradient norm to the L2 gradient norm at selected checkpoints. A
ratio above 1 indicates a larger gradient at L3, whereas a ratio below 1 indicates a larger
gradient at L2. Each point represents a trailing mean over up to 10 training steps.

At the early checkpoints, the two models have almost identical gradient ratios, with
10-step means of 1.027 in the baseline and 1.028 in SAAB at step 50. After step 50, the ratios
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move in opposite directions: by step 100, the baseline ratio rises to 1.374, while the SAAB
ratio falls to 0.312, and, by step 200, the corresponding values are 2.841 and 0.161. This
means that the baseline develops a larger MSM loss gradient magnitude at L3, whereas
SAAB develops a larger magnitude at L2. The individual SAAB norms show the size of
this difference: averaged over steps 191–200, the L2 gradient norm is 0.00544 and the L3
norm is 0.00086, making the L2 gradient approximately 6.3 times larger.

The timing of this gradient separation is important because the ratios have already
diverged by step 100, while the SAAB L3−L2 SFM gap remains only 0.025, compared with
0.001 at step 50 and 0.109 at step 200. The relative gradient strengths therefore begin to
separate before the L2–L3 routing separation becomes large, and they remain different as
the routing patterns diverge. However, gradient norms measure only magnitude and not
direction, so these measurements show how the gradient and routing differences develop
over time but do not prove that the larger L2 gradient causes the SFM to decrease.
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Figure 6. L3-to-L2 MSM loss gradient norm ratio for seed 1001 (log scale). Points show trailing means
over up to 10 steps at selected checkpoints.

5.4. Effects of Initialization on Competitive Displacement

The preceding analyses focus on seed 1001, where competitive displacement is clearly
observed. To examine whether the same pattern develops under different initializations,
we train the baseline and SAAB models with eight seeds, {0, 7, 42, 99, 123, 256, 1001, 2024},
while keeping w f = 1.0, and we measure the SFM at step 500. Table 3 reports the observed
layer changes directly.

Table 3. Layer-wise routing changes across eight seeds at step 500. SFM is computed over 64 held-
out validation examples for each seed. Changes are calculated as SAAB minus baseline using the
unrounded SFM values.

Seed
Baseline SFM SAAB SFM SAAB − Baseline

Observed Pattern
L2 L3 L2 L3 ∆L2 ∆L3

0 0.800 0.902 0.819 0.889 +0.019 −0.013 Gap narrows
7 0.891 0.909 0.918 0.857 +0.027 −0.052 Ordering reverses

42 0.933 0.943 0.932 0.909 −0.001 −0.034 Ordering reverses
99 0.822 0.891 0.353 0.927 −0.469 +0.036 Relatively strong paired change

123 0.960 0.947 0.973 0.986 +0.013 +0.039 L3-dominant change
256 0.887 0.891 0.881 0.957 −0.006 +0.066 L3-dominant change
1001 0.904 0.899 0.820 0.949 −0.084 +0.050 Relatively strong paired change
2024 0.829 0.906 0.827 0.960 −0.002 +0.054 L3-dominant change

Seeds 99 and 1001 show relatively strong competitive displacement: SAAB lowers
the L2 SFM by 0.469 and 0.084, respectively, while raising the L3 SFM by 0.036 and 0.050.
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Seeds 256 and 2024 have the same change directions, but their L2 decreases are near-zero
(−0.006 and −0.002); seed 123 instead combines an L3 increase of 0.039 with an L2 increase
of 0.013. These three runs therefore show L3-dominant changes while L2 remains close to
its baseline value. In seeds 0, 7, and 42, SAAB does not increase the L3-over-L2 gap, and,
at seeds 7 and 42, the ordering of these two layers is reversed. Thus, the relatively strong
paired pattern appears in two of the eight runs, three show L3-dominant changes, and three
do not produce a larger L3-over-L2 gap. Since all training settings remained unchanged
across seeds, the observed variation shows that the matched training protocol can produce
different layer-wise attention routing organizations across initializations.

To examine whether this variation was associated with measurable properties of the
initial state, we conducted an exploratory analysis using the recorded seeds and experiment
specification. Five candidate scalar summaries, namely the title–content field embedding
distance, the mask-to-named-field-centroid distance, and the L3/L2 ratios of the joint
Q/K/V, attention output, and feedforward weight norms, showed no consistent monotonic
relationship with the final displacement score, defined as ∆L3 − ∆L2; the largest absolute
descriptive Spearman correlation was 0.286. A one-update MSM probe likewise gave weak
associations for the SAAB-minus-baseline changes in the L3/L2 Q/K/V gradient ratio
(ρ = 0.286) and AdamW update ratio (ρ = −0.095). In contrast, the initial change in
MSM loss produced by activating the SAAB pathway showed a moderate positive rank
association with the final displacement. This dropout-disabled comparison used 256 fixed
validation records in four non-overlapping blocks and five deterministic MSM masks. The
mean initial SAAB-minus-baseline loss change ranged from −7.68× 10−4 to 1.99× 10−3

across seeds and had ρ = 0.619 with final displacement; the same ρ was obtained under
each mask and after excluding the first 64 records used for the final SFM comparison.
Across individual block–mask conditions, ρ ranged from 0.524 to 0.738, and the leave-one-
seed-out values ranged from 0.500 to 0.857. These descriptive results suggest that later
routing reorganization may be related to the initialization’s higher-dimensional functional
sensitivity to the added pathway rather than to a simple layer-scale imbalance. Because
the analysis uses the same eight final training outcomes and the loss changes are small, it
identifies a candidate association and not a causal mechanism or a validated predictor for
new initializations.

Among the two relatively strong displacement cases, seed 99 shows the larger change
and therefore provides a clearer view of whether the reduction at L2 is shared across its
attention heads. SAAB reduces the L2 SFM from 0.822 to 0.353, i.e., a decrease of 0.469
or 57%. This decrease is more than five times the decrease of 0.084 observed at seed 1001
and places L2 below L0, which has an SFM of 0.629. The reduction is visible across most
attention heads: five of the six heads in L2 have an SFM of 0.40 or lower, while only head
4 maintains strong within-field routing with an SFM of 0.933. The low layer-level SFM
therefore reflects the low SFM across most heads, rather than the behavior of a single
unusual head. At the same time, the L3 SFM increases from 0.891 to 0.927, while L2
content tokens direct 69% of their attention to title tokens. Despite this stronger internal
reorganization, both models reach validation accuracy of 0.9994 and training loss of 0.0019.

The seed-1001 analysis shows that the routing separation between L2 and L3 develops
alongside a change in their relative gradient strength, while the eight-seed results show that
the routing outcome depends on initialization. This raises the question of whether relatively
strong displacement is accompanied by the same gradient ordering across different seeds.
We repeat the gradient measurement for seed 99, the other relatively strong displacement
case, and seed 42, which does not show displacement. Figure 7 compares the L3-to-L2
gradient norm ratios for these three seeds. For the 10-step window ending at step 200,
the two relatively strong displacement seeds show a large difference between the baseline
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and SAAB ratios, but in opposite directions. At seed 1001, the ratio is 2.841 in the baseline
and 0.161 in SAAB, meaning that the larger gradient is at L3 in the baseline but at L2 in
SAAB. At seed 99, the ratios are 0.150 and 51.981, respectively, giving the reverse ordering:
the larger gradient is at L2 in the baseline but at L3 in SAAB. Seed 42 shows a different
pattern with similar ratios of 0.590 in the baseline and 0.538 in SAAB. Both ratios are
below 1, indicating that L2 receives the larger gradient in both models. This comparison
shows that relatively strong competitive displacement is not tied to one fixed ordering
of gradient strength. Seeds 99 and 1001 develop the same type of routing reorganization
even though the relative gradients at L2 and L3 are ordered in opposite directions. In these
three examined runs, the two relatively strong displacement cases coincide with a larger
separation between the baseline and SAAB gradient patterns than in the non-displacement
case, while the direction of this separation differs between the two positive cases.
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Figure 7. L3-to-L2 MSM loss gradient norm ratios across three seeds (log scale). Points show trailing
means over up to 10 steps at selected checkpoints; the dashed line indicates equal gradient strength.

5.5. Effects of Bias Strength on Competitive Displacement

To examine how competitive displacement varies with the bias strength, we evaluate
seed 1001 at w f ∈ {0.0, 0.25, 0.5, 1.0, 2.0}. All training settings are fixed, and each condition
is evaluated at step 500 on the same 32 held-out examples. We also evaluate an explicit
baseline under the same protocol. An earlier diagnostic reconstruction did not restore
each checkpoint’s saved value of w f and instead evaluated the sweep checkpoints with
the default value of 1.0. This affected the diagnostic evaluation, not checkpoint training.
We therefore reran the analysis after reading and verifying the checkpoint-specific weight
before every evaluation.

The corrected null condition provides an internal check: SAAB with w f = 0 matches
the explicit baseline to numerical precision. Across every reported layer and checkpoint,
the maximum absolute SFM difference is 1.19× 10−7. Figure 8 shows the corrected L3−L2
gap, and Table 4 reports the complete step-500 routing profiles.

The corrected profiles show that the bias strength affects routing before competitive
displacement appears. At w f = 0.25 and 0.50, several layer values differ from the baseline,
but L2 remains the routing peak and the L3−L2 gap stays near zero (−0.007 and −0.005,
respectively). At w f = 1.0, L2 decreases to 0.820 while L3 increases to 0.949, producing the
largest tested gap, +0.129. At w f = 2.0, the SFM increases broadly across the layers, and
the gap decreases to +0.014. Thus, the seed-1001 response is non-monotonic: among the
tested weights, competitive displacement is largest at w f = 1.0 and becomes much smaller
at w f = 2.0.
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Figure 8. L3−L2 SFM gap across the tested bias weights at step 500 for seed 1001. SFM is computed
over the same 32 held-out validation examples; the dotted line is the explicit baseline, and the dashed
line marks a zero gap.

Table 4. Per-layer SFM at step 500 for the explicit baseline and the seed-1001 bias strength sweep.
Values are computed over the same 32 held-out examples; bold indicates the highest SFM in each row.

Model w f L0 L1 L2 L3 L3−L2

Baseline — 0.754 0.887 0.907 0.903 −0.004
SAAB 0.00 0.754 0.887 0.907 0.903 −0.004
SAAB 0.25 0.795 0.902 0.926 0.919 −0.007
SAAB 0.50 0.801 0.883 0.933 0.928 −0.005
SAAB 1.00 0.814 0.860 0.820 0.949 +0.129
SAAB 2.00 0.883 0.917 0.962 0.977 +0.014

This discrete five-point sweep does not establish a continuous threshold or a formal
phase transition. It characterizes one initialization; Section 5.4 separately evaluates the
initialization dependence at the standard weight w f = 1.0. The sweep concerns attention
routing only, while the gradient analyses use w f = 1.0.

5.6. Routing Peak in Competitive Displacement

The standard SAAB setup cannot show why L3 develops the highest SFM because L3
is affected by the bias in two ways. First, the bias is added directly to L3’s own attention
scores. Second, L3 receives the outputs of L0–L2, where the bias has already been applied.
L3 may therefore become the strongest within-field layer because of its own bias or because
of changes passed forward from the earlier layers. To separate these possibilities, we train
three variants with seed 1001 and evaluate them at step 500. SAAB-all includes both effects
by applying the bias to every layer. SAAB-L3only isolates the direct effect by applying the
bias only to L3, whereas SAAB-notL3 tests the effects of the earlier layers by applying the
bias to L0–L2 but not to L3. Table 5 reports the resulting layer-wise routing profiles.

Table 5. Per-layer SFM under different bias placements at step 500 for seed 1001. SFM is computed
over 32 held-out validation examples. Bold values show the routing peak.

Variant L0 L1 L2 L3 L3−L2

Baseline 0.750 0.884 0.904 0.899 −0.005
SAAB-all 0.814 0.860 0.820 0.949 +0.129

SAAB-L3only 0.704 0.862 0.892 0.949 +0.057
SAAB-notL3 0.843 0.878 0.830 0.919 +0.089

The SAAB-notL3 results show that L3 can become the strongest within-field layer
without receiving direct bias. At step 1, L3 has an SFM of 0.826, which is lower than the
values of 0.895–0.896 at L0–L2. However, L3 overtakes these layers by step 200 and reaches
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an SFM of 0.919 at step 500. Because only L0–L2 receive the bias in this variant, the rise
for L3 shows that the bias can influence its routing through the outputs of earlier layers
without being added directly to L3’s attention scores. The variants also show that L0 and
L2 respond differently to bias placement. When only L3 receives the bias, L2 remains close
to its baseline value (0.892 compared with 0.904), while L0 falls to 0.704. When the bias is
applied to L0–L2 or to all layers, L2 decreases to 0.830 and 0.820, respectively, whereas L0
increases to 0.843 and 0.814. Applying the bias at earlier layers is therefore accompanied
by stronger within-field routing at L0 and a larger reduction at L2, while L3 remains the
routing peak in all three SAAB variants. The three variants show that the effect of the bias
is not limited to the layers where it is applied. Bias at L0–L2 can change L3 routing enough
for it to become the routing peak, while different placements produce different responses
at L0 and L2. Competitive displacement therefore cannot be explained solely as a direct
local effect of the bias at L3.

5.7. Effects of Bias Alignment with Field Structure

SAAB constructs its attention bias from the field ID tensor supplied to the model after
MSM masking. The observed routing reorganization may therefore depend on whether
the positive bias values are aligned with the field relationships at the corresponding token
positions. Alternatively, the change may result simply from adding the same number and
magnitude of fixed positive values to the attention logits, regardless of their structural
alignment. To distinguish these possibilities, we created the SAAB-shuffled control.

In SAAB-shuffled, the masked field IDs used only for bias construction are determinis-
tically permuted within each example over valid, non-padding positions. This preserves
the exact multiset of valid-position field IDs. It therefore also preserves the number and
magnitude of positively biased valid-token pairs while disrupting their alignment with
token positions. MSM masking is performed first, after which the resulting masked field
IDs are permuted for bias construction. The field embeddings continue to receive the
unpermuted masked IDs, and the original field IDs remain prediction targets only. Thus,
only the IDs used to construct the bias are shuffled. The backbone, embeddings, learned
components, trainable parameter count, training protocol, and token and field embed-
ding inputs remain fixed. We evaluate this control at step 500 for seeds 99 and 1001, the
two relatively strong displacement cases identified in Section 5.4.

At both selected seeds, SAAB-shuffled remains close to the baseline, whereas standard
SAAB produces a substantially larger change, as shown in Figure 9.

At seed 99, the L2 SFM decreases from 0.826 in the baseline to 0.353 in SAAB but
remains at 0.828 in SAAB-shuffled. At seed 1001, SAAB-shuffled has L2 and L3 SFM values
of 0.916 and 0.907, respectively. This retains the near-equal L2–L3 profile of the baseline
rather than the L3 peak of standard SAAB. For both selected seeds, all three arms achieve
validation accuracy above 99.9%. The baseline-like SAAB-shuffled profiles therefore do not
coincide with a material loss in validation accuracy.

The profile distances support the same result. The baseline-to-SAAB distances are
0.530 at seed 99 and 0.119 at seed 1001, whereas the corresponding baseline-to-SAAB-
shuffled distances are 0.021 and 0.012. For these two selected relatively strong displacement
seeds, preserving the bias magnitude and positive valid-token pair count is insufficient to
reproduce competitive displacement when alignment with the supplied field structure is
disrupted. This supports correct structural alignment as contributing to the larger routing
change under the tested conditions. The control does not separately identify the effects of
the additional attention pathway, pairwise transformation, and injection location.
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Figure 9. Per-layer SFM for baseline, SAAB, and the valid-token-only SAAB-shuffled control at step
500 for seeds 99 and 1001. SFM is computed over 32 held-out validation examples for each seed.

5.8. Routing Reorganization in Deeper Models

The experiments so far have used a four-layer model, leaving it unclear whether the
same routing reorganization appears in deeper architectures. We train the baseline and
SAAB models with 6, 8, and 12 layers using seeds 99 and 1001, deliberately selected because
they show relatively strong displacement in the four-layer model. This experiment therefore
asks whether an observed displacement persists and changes location as the depth increases;
it is not designed to estimate the prevalence of displacement across arbitrary deeper-model
initializations. The models are trained for 750, 1000, and 1500 steps, respectively, while all
other experimental settings remain fixed. Table 6 compares the last-layer SFM across the
tested model depths.

Table 6. Last-layer SFM across model depths for seeds 1001 and 99. SFM is computed over 32 held-out
validation examples. BL denotes baseline, and SB denotes SAAB.

Depth Steps
Seed 1001 Seed 99

BL SB ∆ BL SB ∆

4L 500 0.899 0.949 +0.050 0.891 0.927 +0.036
6L 750 0.952 0.981 +0.029 0.784 0.936 +0.152
8L 1000 0.914 0.946 +0.032 0.936 0.968 +0.032

12L 1500 0.693 0.945 +0.252 0.855 0.795 −0.060

For seed 1001, the last-layer SFM is higher in SAAB than in the baseline at every depth,
meaning that SAAB makes the final layer more within-field. Seed 99 follows the same
pattern at four, six, and eight layers. At 12 layers, however, its last-layer SFM decreases
from 0.855 in the baseline to 0.795 in SAAB, meaning that the final layer becomes more
cross-field. Examining only the last layer cannot show whether the routing reorganization
has disappeared or has changed which layers are involved. To distinguish between these
possibilities, Table 7 reports the complete profiles of the 12-layer models.

The complete 12-layer profiles show that SAAB reorganizes routing in both seeds even
though the final-layer changes have opposite directions. At seed 1001, the baseline has
a low SFM of 0.693 at L11, while SAAB raises it to 0.945, leaving the lowest SFM in an
earlier layer, L2, at 0.680. At seed 99, the baseline places its strongest cross-field routing at
L1, where the SFM is 0.525. SAAB raises the SFM of L1 to 0.819, while L3 and L4 become
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the layers with the lowest values, at 0.719 and 0.723, respectively. The final-layer SFM
also decreases from 0.855 to 0.795. These results show that SAAB does not have one fixed
effect on the final layer. Instead, it changes which layers carry more cross-field routing in
each model.

Table 7. Per-layer SFM in the 12-layer models at step 1500 for seeds 1001 and 99. SFM is computed
over 32 held-out validation examples. BL denotes baseline, and SB denotes SAAB.

Layer
Seed 1001 Seed 99

BL SB BL SB

L0 0.689 0.842 0.716 0.748
L1 0.728 0.761 0.525 0.819
L2 0.632 0.680 0.722 0.803
L3 0.800 0.867 0.778 0.719
L4 0.642 0.880 0.870 0.723
L5 0.910 0.913 0.764 0.856
L6 0.926 0.863 0.931 0.950
L7 0.903 0.946 0.909 0.934
L8 0.931 0.962 0.932 0.813
L9 0.926 0.952 0.896 0.933

L10 0.959 0.972 0.873 0.855
L11 0.693 0.945 0.855 0.795

The affected layer is also not stable as the model depth changes. At seed 1001, the SFM
decreases at L2 in the four-layer model, from 0.904 to 0.820, whereas the main reduction
appears at L5 in the eight-layer model, from 0.937 to 0.797. At seed 99, the eight-layer
model shows reductions at L3, from 0.893 to 0.720, and L6, from 0.936 to 0.789. Together
with the 12-layer results, these changes show that routing reorganization occurs in the
tested deeper models but is not tied to a fixed layer index.

Across all tested depths and both selected seeds, the baseline and SAAB models
achieve comparable task performance but develop different layer-wise routing profiles.
These results show that routing reorganization can persist beyond the four-layer model
when it is already present in the corresponding four-layer runs. The additional fixed
pairwise pathway changes the measured routing profile across layers, while the model
depth and initialization affect where the largest changes appear.

5.9. Routing Reorganization on a Three-Field Dataset

The DBpedia dataset experiments used two fields—title and content—so we also
examine whether routing reorganization appears when the model must distinguish among
more fields. We train the baseline and SAAB models on PubMed 200k RCT [21], repre-
senting each abstract with three fields: METHODS, RESULTS, and CONCLUSIONS. The
experiment uses seeds {42, 123, 1001}. Across the three seeds, both models achieve similar
validation accuracy. Table 8 compares the layer-wise SFM changes on the PubMed and
DBpedia datasets for seed 1001, which shows an L2 reduction in both datasets.

The PubMed values in Table 8 use the 256-token evaluation cap of the primary compar-
ison, whereas the PubMed models were trained with a configured maximum of 512 tokens.
We therefore reevaluate the same examples at 512 tokens as a sensitivity analysis, reported
in Section 5.11. This sensitivity analysis tests the evaluation length choice and does not
replace the primary 256-token comparison.

At seed 1001, SAAB also reorganizes routing on PubMed, although the changes across
layers differ from those observed on DBpedia. The SFM of L2 decreases by 0.054 on
PubMed, compared with a decrease of 0.084 on DBpedia, showing that the L2 reduction
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remains present but is smaller. On PubMed, the largest increases occur at the early layers,
with changes of +0.172 at L0 and +0.168 at L1, while L3 remains unchanged. In comparison,
DBpedia shows a smaller increase of +0.064 at L0, a slight decrease of −0.024 at L1, and an
increase of +0.050 at L3. The added fixed pairwise pathway therefore changes layer-wise
attention routing in both datasets, but the affected layers and effect sizes differ.

Table 8. Per-layer SFM for seed 1001 on the DBpedia and PubMed datasets. SFM is computed
over 64 held-out validation examples from each dataset; the PubMed comparison uses the primary
256-token evaluation cap. ∆ is SAAB minus baseline.

Layer
DBpedia (2 Fields) PubMed (3 Fields)

BL SFM ∆ BL SFM ∆

L0 0.750 +0.064 0.478 +0.172
L1 0.884 −0.024 0.461 +0.168
L2 0.904 −0.084 0.489 −0.054
L3 0.899 +0.050 0.445 0.000

We applied the same paired procedure to the fixed seed-1001 PubMed model pair on
the same 64 held-out validation examples. The reproduced mean SFM values were within
0.004 of those in Table 8. Table 9 reports the resulting confidence intervals, effect sizes, and
Holm-adjusted permutation test p-values.

Table 9. Paired per-example PubMed SFM changes for the fixed seed-1001 model pair on the same
64 held-out validation examples. ∆ is SAAB minus baseline, CI is the paired-bootstrap 95% confidence
interval, dz is the paired Cohen’s effect size, and pHolm is the Holm-adjusted paired permutation
test p-value.

Layer Mean ∆ 95% CI dz pHolm

L0 +0.172 [+0.160,+0.183] +3.48 0.0002
L1 +0.168 [+0.157,+0.180] +3.60 0.0002
L2 −0.054 [−0.060,−0.048] −2.28 0.0002
L3 +0.000 [−0.010,+0.010] +0.00 0.9963

The positive changes at L0 and L1 and the negative change at L2 are supported for
this fixed model pair, whereas L3 shows no detectable mean change. As in the DBpedia
analysis, these estimates quantify variability across validation examples and not across
independent training initializations.

5.10. Field Opportunity Adjustment and Untouched Test Confirmation

Because the raw SFM depends on the number of same-field and cross-field key po-
sitions available in each example, we repeated the paired analysis using the opportunity
adjustment in Equation (5). Table 10 reports the resulting changes. The adjustment pre-
serves the principal directions in both datasets: DBpedia decreases at L1 and L2 and
increases at L0 and L3, while PubMed increases at L0 and L1, decreases at L2, and changes
little at L3 in the primary 256-token analysis. For DBpedia, the adjusted L2 and L3 changes
are −0.659 (95% CI [−0.754,−0.569]) and +0.270 ([+0.262,+0.279]). All four adjusted DB-
pedia intervals exclude zero. For PubMed, at 256 tokens, the adjusted L3 change is +0.002
([−0.019,+0.026]); at 512 tokens, it is +0.047 ([+0.027,+0.069]). The adjusted PubMed
intervals exclude zero at L0–L2 under both evaluation caps, but not at L3 in the primary
256-token analysis. Nineteen of the 2,336 PubMed records expose only one named field at
256 tokens, although none occurs among the primary 64 examples; no record is excluded at
512 tokens.
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Table 10. Opportunity-adjusted paired SFM changes for the fixed seed-1001 model pairs. Oe is the
uniform-attention same-field opportunity, and ∆adj is adjusted SAAB minus adjusted baseline.

Dataset Evaluation Cap n Mean Oe
∆adj

L0 L1 L2 L3

DBpedia Validation 256 64 0.819 +0.367 −0.192 −0.659 +0.270
PubMed Validation 256 64 0.470 +0.331 +0.336 −0.103 +0.002

512 64 0.424 +0.355 +0.247 −0.087 +0.047

DBpedia Untouched
test 256 2336 0.813 +0.356 −0.192 −0.616 +0.266

We also performed a confirmatory evaluation on the original DBpedia benchmark
test split, which remained untouched during training, validation, and checkpoint selection.
Before inspecting the test outputs, we fixed a deterministic reservoir sample of 2336 records
from the 70,000-record split using seed 1001. We then applied the existing tokenizer and the
exact retained seed-1001 baseline and SAAB checkpoints, without retraining or model selec-
tion; the retained analysis manifest records the source-data and checkpoint SHA-256 hashes.
The raw test-set SFM changes at L0–L3 are +0.061, −0.028, −0.081, and +0.049, respec-
tively. The L2 and L3 confidence intervals are [−0.082,−0.080] and [+0.048,+0.050], closely
matching the validation changes of −0.085 and +0.048. Opportunity adjustment likewise
preserves the test-set pattern: the adjusted L2 and L3 changes are −0.616 ([−0.632,−0.599])
and +0.266 ([+0.265,+0.268]), with no excluded test records. This confirms that the routing
differences generalize to unseen records for the fixed seed-1001 model pair; it does not add
evidence across independent training initializations.

5.11. Input Length and Routing Differences

Because the PubMed abstracts are substantially longer than the DBpedia records,
the sequence length is a plausible contributor to their different routing profiles. Table 11
summarizes the prepared validation splits. PubMed has a mean tokenized length of 295.130,
compared with 69.310 for DBpedia, and its interquartile range of 235–345 lies well above
DBpedia’s range of 44–93. Pre-truncation lengths were not retained in the prepared artifacts,
so the proportion observed at the configured maximum is reported as a saturation rate
rather than an exact truncation rate.

Table 11. Tokenized length distributions of the prepared validation splits. Lengths are in tokens; IQR
denotes the interquartile range, and P90 and P95 denote the 90th and 95th percentiles. Max. n (%)
reports the number and percentage of records observed at the configured maximum length.

Dataset Records Mean (SD) Median IQR P90 P95 Max. n (%)

DBpedia 70,000 69.310
(29.750) 69.000 44–93 108 115.000 13 at 256

(0.019%)

PubMed 2336 295.130
(86.850) 285.500 235–345 412 465.500 70 at 512

(3.000%)

The primary PubMed routing diagnostic used a 256-token evaluation cap, whereas the
PubMed models were trained with a configured maximum of 512. We therefore repeated
the analysis on the same examples at 512 tokens. The mean layer-wise SFM changes
remain positive at L0 and L1 and negative at L2, with values of +0.199, +0.138, and −0.049,
respectively; L3 shows a smaller positive change of +0.023. Thus, the main PubMed routing
pattern is not an artifact of evaluating only the first 256 tokens.

We next associate the tokenized length with the per-example SFM change on a de-
terministic sample of 2336 validation examples per dataset, using DBpedia’s configured
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256-token maximum and PubMed’s configured 512-token maximum. The PubMed cor-
relations use the configured 512-token artifact and not the primary 256-token diagnostic
output. As shown in Panel A of Table 12, the length is associated with the routing response
in every layer, although the direction and magnitude differ across layers and datasets; all
associations remain supported after Holm correction across the four layers within each
dataset (p ≤ 0.0009). To assess whether the length alone accounts for the cross-dataset
difference, we then standardize both datasets to identical weights at every exactly shared
token length. This comparison is limited to 31 observed lengths from 83 to 223 tokens, with
an overlap target mass of 42 examples per dataset. Panel B reports the standardized effects.

Table 12. Association between sequence length and paired SFM change, followed by exact-length
standardization. Correlations are Spearman’s ρ with bootstrap 95% CIs. Standardized ∆ is the mean
SAAB-minus-baseline SFM change under identical exact-length weights; the final column is PubMed
minus DBpedia with a stratified-bootstrap 95% CI.

A. Within-dataset length association

Layer DBpedia ρ [95% CI] PubMed ρ [95% CI]

L0 −0.555 [−0.581,−0.527] −0.069 [−0.112,−0.024]
L1 +0.149 [+0.103,+0.192] +0.243 [+0.201,+0.284]
L2 −0.871 [−0.886,−0.856] +0.530 [+0.490,+0.568]
L3 −0.724 [−0.744,−0.703] +0.350 [+0.311,+0.388]

B. Exact-length-standardized routing change

Layer DBpedia ∆ PubMed ∆ PubMed − DBpedia
[95% CI]

L0 +0.045 +0.199 +0.155 [+0.151,+0.158]
L1 −0.022 +0.094 +0.115 [+0.111,+0.120]
L2 −0.098 −0.051 +0.047 [+0.040,+0.055]
L3 +0.028 +0.018 −0.010 [−0.015,−0.005]

The sequence length is therefore materially associated with routing heterogeneity,
but it does not fully account for the difference between the datasets within their observed
shared-length region. In particular, the standardized L1 effect remains negative for DBpedia
and positive for PubMed, while PubMed also retains a substantially larger positive L0 effect.
The standardized contrasts are stable when lengths are grouped into 2-, 5-, or 10-token
bands. However, the limited overlap between the two length distributions prevents this
comparison from establishing a causal dataset effect or from generalizing to the longer
PubMed examples that have no DBpedia counterparts.

5.12. Computational Overhead

To determine whether the fixed structural pathway introduces a meaningful computa-
tional cost, we benchmark the matched four-layer baseline and SAAB models at sequence
lengths 64, 128, and 256. For these benchmark measurements, automatic mixed precision
and TF32 are disabled. Measurements use a batch size of 4 on an NVIDIA A100-SXM4-40GB
GPU in float32. Latency is measured with synchronized CUDA events after warm-up. We
use five timed blocks, with 20 iterations per block for inference and five iterations per block
for a complete training step; each training step includes gradient clearing, the forward pass
and cross-entropy calculation, backpropagation, and the AdamW update. Here, forward
GFLOPs denotes the PyTorch profiler estimate, in billions of floating-point operations, for
one batch-4 forward pass at the indicated sequence length. Table 13 reports the matched
static costs and absolute baseline/SAAB measurements. Block-level measurements are
retained with the reproducibility artifacts.
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Table 13. Computational cost of SAAB relative to the matched baseline under the reported batch-4
A100 setting. Panel A reports static costs. Panel B reports absolute measurements followed by a
separate ∆ row for each sequence length, where ∆ = SAAB− Baseline in the unit shown by each
column. Positive latency and memory differences indicate overhead; negative throughput differences
indicate reduced throughput.

A. Static model cost

Variant Trainable params. GFLOPs (64) GFLOPs (128) GFLOPs (256)

Baseline 51,598,085 14.702 29.808 61.229
SAAB 51,598,085 14.703 29.809 61.236

B. Measured runtime and memory

Inference
Length Variant Latency (ms) Throughput (ex./s) Peak memory (MB)

64
Baseline 3.713 1077.300 227.100
SAAB 3.867 1034.400 237.500

∆ +0.154 −42.900 +10.400

128
Baseline 3.658 1093.400 250.600
SAAB 3.796 1053.800 250.800

∆ +0.138 −39.600 +0.200

256
Baseline 4.908 815.000 270.500
SAAB 4.966 805.500 271.500

∆ +0.058 −9.500 +1.000

Training
Length Variant Latency (ms) Throughput (ex./s) Peak memory (MB)

64
Baseline 15.222 262.800 1056.500
SAAB 15.417 259.500 1057.500

∆ +0.195 −3.300 +1.000

128
Baseline 15.144 264.100 1058.000
SAAB 15.558 257.100 1058.000

∆ +0.414 −7.000 0.000

256
Baseline 17.982 222.400 1074.300
SAAB 18.102 221.000 1074.300

∆ +0.120 −1.400 0.000

Both models contain exactly 51,598,085 trainable parameters. The largest profiler-
supported forward computation difference is only 0.007 GFLOPs. The fixed pathway
additionally requires pairwise equality, multiplication, and broadcast addition operations
that scale quadratically with the sequence length; these element-wise operations are not all
included in the profiler estimate. Across the tested lengths, SAAB adds only 0.058–0.154 ms
of inference latency and 0.120–0.414 ms of complete training-step latency. The largest
memory differences are 10.400 MB during inference and 1.000 MB during training. The
comparatively large relative values occur for inference at length 64, where the measured
differences are 0.154 ms and 10.400 MB. Thus, SAAB adds no trainable parameters and
remains computationally efficient under the tested conditions, with only a small absolute
runtime and memory overhead. These hardware-specific measurements should not be
extrapolated beyond the tested precision, batch size, and sequence lengths.

6. Discussion
The results show that adding a fixed pairwise field relation to attention can change

how within-field and cross-field attention are distributed across layers, even when the
models receive the same masked field ID tensor, have the same number of trainable
parameters, and achieve comparable task performance. This difference is clearest in the
four-layer runs that show relatively strong competitive displacement. Relative to the
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baseline, SAAB strengthens within-field routing at L3, while L2 shifts toward more cross-
field routing. Since the same fixed bias is applied to every layer, these opposite changes
cannot be explained by a uniform increase in SFM. Instead, they show that the routing
response to the additional fixed pathway differs across depths. For the fixed seed-1001
model pair, the paired confidence intervals, reproduction on 2336 untouched DBpedia
test records, and opportunity adjustment all preserve the L2 decrease and L3 increase.
The training trajectories show that competitive displacement develops after the early
reduction in loss rather than being present at the first checkpoints. The gradient analysis
examines how this later routing separation develops alongside the optimization signal.
In the two relatively strong displacement runs, the baseline and SAAB develop different
relative gradient patterns across L2 and L3, but the ordering of these layers is reversed
between seeds 99 and 1001. The non-displacement run at seed 42 does not show this
model-dependent ordering at step 200. Across these three examined runs, the relatively
strong displacement cases coincide with larger baseline–SAAB gradient pattern differences
than in the non-displacement case, although no single gradient ordering explains the effect.

The layer restriction experiment shows that L3 can become the routing peak without
receiving the bias directly; direct bias at L3 is therefore not required for the downstream
routing change. In contrast, the valid-token-only SAAB-shuffled control preserves the bias
weight and positive valid-token pair count but disrupts systematic alignment with the
field relationships encoded by the supplied tensor, and its routing profile remains close to
the baseline. Together, these controls support sensitivity to correct field alignment in the
two selected seeds while showing that the layer with the stronger routing change need not
receive the bias locally; they do not establish that alignment is universally necessary or pro-
vide complete causal decomposition of the intervention. Meeting these conditions does not
make competitive displacement inevitable. The bias strength and multi-seed experiments
show that the response also depends on initialization. For seed 1001, the response is non-
monotonic across the tested weights; it does not establish a continuous threshold or formal
phase transition. Among the eight seeds, two show relatively strong displacement, three
show L3-dominant changes while L2 remains close to its baseline value, and the remaining
three do not produce a larger L3-over-L2 gap. These different routing outcomes under the
matched training procedure are consistent with initialization-dependent, underspecified
solutions [57]; they do not establish dynamical basins or a predictor of the outcome. The ex-
ploratory initial-state analysis found no consistent relationship with simple parameter scale
or field embedding distance summaries, but it found a moderate descriptive association
between the initialization’s immediate MSM loss response to the SAAB pathway and later
displacement. This points to a higher-dimensional functional sensitivity as a candidate
explanation, while remaining insufficient to predict outcomes for new initializations.

The variation across initializations is part of a broader pattern, as the affected layers
also change with the model depth and dataset. In the conditional deeper-model analysis,
the largest SFM reductions appear at different layers across the two selected seeds; this
shows persistence with a changed affected layer index in these cases, not prevalence across
deeper-model initializations. At seed 1001, SAAB also reduces the L2 SFM on the three-field
PubMed dataset, but the reduction is smaller than on DBpedia. On PubMed, the largest
SFM increases occur at L0 and L1, while L3 remains unchanged in the primary 256-token
comparison. Reevaluation at 512 tokens preserves the L0/L1 increases and L2 decrease,
indicating that the principal PubMed pattern is not specific to the shorter evaluation cap.
The sequence length is nevertheless associated with the routing change. Exact-length
standardization retains cross-dataset differences within the limited shared range, so the
length remains materially associated with routing heterogeneity but does not fully account
for the observed dataset difference in this overlap. Across the tested settings, the additional
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fixed pairwise pathway repeatedly reorganizes layer-wise routing, although the affected
layer and direction vary with the initialization, depth, and dataset. The controlled MSM
setting is important to this interpretation because the field labels define the structure that
is relevant to prediction and provide known boundaries for measuring within-field and
cross-field routing. Within this setting, the ability of the additional fixed pairwise pathway
to reorganize routing supports the view of attention-level accessibility as an inductive bias.
SAAB makes the pairwise relation derived from the field ID tensor supplied to the model
directly available in the attention scores without adding trainable parameters, and this
change affects the measured routing profile across layers. This complements prior evidence
that the depth-wise localization of information varies across Transformer variants [6] by
identifying the additional fixed attention pathway as the controlled architectural difference.

SAAB is particularly well suited to the setting examined in this study. DBpedia and
PubMed are represented as serialized text records with known field IDs, and the relevant
structural relation is whether tokens belong to the same field. SAAB derives this relation
directly from the field ID tensor already supplied to the Transformer and makes it accessible
in attention while preserving the shared backbone, learned components, global token-to-
token attention, and trainable parameter count. This design allows us to study the effect of
the additional structural pathway without introducing a separate graph representation or
message-passing architecture. A graph model would require defining nodes and edges and
changing the computational backbone, making it less suitable for the controlled architectural
comparison pursued here. Graph neural networks are more naturally suited to applications
in which the input has an explicit sparse, typed, irregular, hierarchical, or multi-hop topology
that must be modeled directly through message passing [40]. In comparison, SAAB’s fixed
same-field relation is less expressive for such graph structures, and its dense attention retains
quadratic token-pair computation. The two approaches therefore serve different structural
settings. Because no graph-model baseline was evaluated, we do not claim that SAAB has
better predictive performance or computational efficiency than GNNs.

These observations also have implications for model design and explainable AI. Our
findings suggest that interpretations of layer behavior should account for how information
becomes accessible within the computation graph. Consequently, layer-level explanations
should be interpreted in the context of architectural information accessibility, since models
with the same learned components but different attention computations can develop differ-
ent patterns of layer-wise attention routing while achieving comparable task performance.
When structural information is incorporated into a Transformer, its attention-level pathway
should be treated as a deliberate design choice and evaluated for its effect on internal
routing. Task performance alone cannot reveal how attention is distributed within and
across fields at each layer, so researchers should examine layer-wise routing alongside
accuracy and loss when comparing such designs. This analysis can show whether models
organize the same structural information differently and identify which layers change. For
a reliable interpretation, the bias should be checked against the task-relevant structure, and
the analysis should be repeated across multiple initializations because the affected layers
can vary. The overhead benchmark further shows that this pathway adds no trainable
parameters and remains computationally efficient under the reported conditions, with only
a small absolute latency and memory overhead (Section 5.12).

The main limitation concerns the mechanistic interpretation of the routing changes.
The SFM measures attention allocation within and across represented fields; it does not
establish a layer’s complete computational or semantic function. The paired tests measure
variability across validation examples for fixed seed-1001 model pairs and should not be
interpreted as variability across independently trained models. The eight-seed analysis
addresses initialization variability, but the number of initializations remains limited. The exact-
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length comparison covers only 31 shared lengths from 83 to 223 tokens and cannot establish a
causal dataset effect or represent longer PubMed records without DBpedia counterparts. The
overhead measurements are specific to the reported A100, float32, batch size, and sequence
length settings. Likewise, the untouched-test analysis evaluates new records for the same seed-
1001 model pair and therefore does not constitute an additional training initialization. The
gradient analysis covers three four-layer DBpedia runs selected to represent both displacement
and non-displacement outcomes, and it measures the gradient magnitude rather than direction
or the parameter updates produced by AdamW. It therefore shows that changes in relative
gradient strength accompany routing reorganization, but it cannot establish that a particular
gradient pattern directly causes a layer’s SFM to increase or decrease. The results support
a connection between optimization and routing without identifying the complete causal
mechanism. The present study evaluates the SAAB intervention as a whole and does not
independently isolate the effects of the additional attention pathway, pairwise relational
representation, and injection location. The conclusions should therefore not be interpreted as
establishing a location-only causal effect.

Future work can examine the optimization mechanism more directly by considering
the gradient direction and the parameter updates produced by AdamW. It can also test
whether the exploratory initial loss sensitivity identified here predicts routing outcomes in a
substantially larger, independently trained set of initializations and determine which higher-
dimensional parameter relationships produce this sensitivity. A broader architectural study
could compare explicitly defined mechanisms for making pairwise structure accessible at
the embedding and attention levels to determine which aspects of the intervention drive
the observed routing changes. The structural setting could be expanded to include more
fields, nested fields, and graph-shaped relationships. Extending the analysis to pretrained
models would require a similarly controlled comparison, in which paired models start from
the same checkpoint and are trained under the same conditions but differ in whether the
visible structural relation is supplied through the fixed attention pathway. This would test
whether the additional pathway can reorganize the layer-wise attention routing established
during pretraining while preserving the central comparison of this study.

7. Conclusions
This study demonstrates that adding a fixed pairwise field relation directly to Trans-

former attention can reorganize how within-field and cross-field attention are distributed
across layers. The baseline and SAAB models receive the same masked field ID tensor and
share the same Transformer backbone, embeddings, learned components, prediction head,
and trainable parameter count but differ in attention computation, because SAAB adds the
fixed relation directly to its attention scores. For the fixed seed-1001 DBpedia model pair,
both models achieved 0.9997 validation accuracy, and SAAB changed the mean SFM by
−0.085 at L2 and +0.048 at L3 across 64 paired validation examples. On 2336 previously
unused test records, the corresponding changes were −0.081 and +0.049. Across the eight
tested initializations, two showed relatively strong competitive displacement, three showed
L3-dominant changes while L2 remained close to its baseline value, and the remaining three
did not produce a larger L3-over-L2 gap. The L3−L2 routing separation appears only after
training has progressed, and it varies non-monotonically across the tested bias weights.
Changes in the MSM gradients develop alongside the routing differences, but no single
gradient ordering explains the effect across the examined runs. The bias placement experi-
ment shows that a downstream layer can become the strongest within-field layer without
receiving the bias locally, while the valid-token-only SAAB-shuffled control supports a
contribution from correct field alignment in the two selected seeds without providing com-
plete causal decomposition. The selected deeper-model experiments show that an existing
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routing pattern can persist while moving to different layers, rather than establishing its
prevalence across deeper-model initializations. The PubMed experiment likewise shows a
routing response in a three-field dataset, with the affected layers and effect sizes differing
from those in DBpedia. Models can solve the same task equally well while developing
different patterns of layer-wise attention routing. For the design and interpretation of
structured Transformers, the additional fixed pairwise attention pathway should therefore
be treated as part of the model’s inductive bias rather than as a neutral implementation
detail. These findings concern attention allocation within and across represented fields,
rather than a layer’s complete computational or semantic function.
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