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Abstract

Prior work on attention—syntax alignment has
largely focused on single-hop Universal De-
pendency edges (DPs). In this paper, we
treat short multi-hop dependency paths (MDPs)
(e.g., “obl+case”) as first-class units and an-
alyze them alongside DPs. Across three pre-
trained autoregressive LMs (GPT-2 XL, Llama
3 8B, Qwen3-8B) and one encoder baseline
(BERT-large), we extract 2—3 hop MDPs from
UD-parsed English and quantify head-relation
alignment with an Unlabeled Attachment Score
(UAS)-style metric modified for causal mask-
ing in decoder-only models. Rank visualiza-
tions reveal both overlap and specialization:
we observe heads that align with both DPs and
MDPs, as well as heads that appear specialized
for one route. To test functional relevance, we
first identify heads by UAS and then apply an
undifferentiated (uniform) attention ablation to
those heads; we evaluate the impact on BLiMP
and LAMBADA. Ablating the top 10% of all
heads shows that MDP-selected heads induce
larger drops than DP-selected heads and that
the union (“Mix”’) of DP- and MDP-selected
heads yields the largest drops. For GPT-2 XL,
the observed drops are (BLiMP: ADP = 1.35
pp, AMDP =4.81 pp, AMix =7.11 pp; LAM-
BADA: ADP = 4.70 pp, AMDP = 25.17 pp,
AMix = 32.99 pp), all exceeding size-matched
random controls. These results indicate that
models can route information consistent with
syntactic dependencies via both DP and MDP
pathways, with MDPs playing a distinct and
measurable role in some settings under our in-
terventions.

1 Introduction

Large language models (LLMs) trained on raw text
often achieve strong performance on grammati-
cal benchmarks without explicit syntactic super-
vision. Prior work on how LLMs encode gram-
matical structure has examined whether individual
attention heads systematically align with single-

hop Universal Dependencies (UD) relations such as
nsubj, obj, and det(Clark et al., 2019; Kovaleva
et al., 2019; Ravishankar et al., 2021). While this
line of work has provided useful descriptive maps
of attention—syntax alignment, it has typically not
foregrounded causal tests (e.g., intervention-based
validation of functional roles). Moreover, syntax
has often been operationalized at the granularity
of a single dependency edge, leaving relatively
unexplored the possibility that models maintain
multiple, partially overlapping internal routes for
representing the same syntactic configuration.

We argue that LMs parse sentences via two com-
plementary routes: (i) single-hop UD dependency
edges (DPs) and (ii) Multi-Hop Dependency Paths
(MDPs)—short sequences such as obl+case or
nmod+case that frequently occur in UD trees yet
are not primitive units in mainstream linguistic the-
ory (see Figure 1). Our claim is not that MDPs
supersede DPs; rather, both routes are used in prac-
tice, sometimes by the same heads and sometimes
by distinct heads.

Methodologically, we extract frequent 2—3 hop
MDPs from UD-parsed English and quantify head—
relation alignment with a UAS-style metric mod-
ified for causal masking in decoder-only models
(Clark et al., 2019; Htut et al., 2019). We then rank
heads for nine frequent relations (DPs and their
corresponding MDPs) and visualize overlap vs. in-
dependence via rank scatter/heatmaps to see which
heads are shared across routes vs. specialized. Fi-
nally, to test causal impact beyond correlation, we
perform uniformization interventions (flattening se-
lected attention heads) and measure functional im-
pact on BLiMP (grammatical minimal pairs) and
LAMBADA (discourse-level consistency) against
random and size-matched controls (Warstadt et al.,
2020; Paperno et al., 2016).

Our results indicate that both DP-aligned and
MDP-aligned heads are behaviorally relevant. In
some relations (e.g., conj+cc, obl+case), inter-
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Figure 1: Overview of our setup and goals. Left: Universal Dependencies (UD) edges in He sat on the chair—we
refer to single-hop UD edges as DPs (e.g., obl: sat—chair; case: chair—on)—and the corresponding MDP
multi-hop path obl+case (sat—on). Middle: we identify attention heads from attention weights and group them
as DP heads vs. MDP heads. Right: two evaluations with purposes: (i) UAS-style alignment—to test whether
attention follows dependency structure; (ii) causal impact via flat attention intervention—to test whether those
heads functionally affect grammaticality and task performance (BLIMP/LAMBADA).

ventions on MDP-aligned heads have compara-
tively larger effects. The evidence suggests that an
analysis confined to single UD edges is insufficient
to fully account for internal syntactic routing in
LMs; an MDP lens complements DP-based views.

Contributions

* We recast attention—syntax alignment in
decoder-only LMs through a multi-route lens:
DPs and MDPs co-exist and jointly support
parsing.

* We map where routes overlap vs. specialize
across layers and heads, aligning with circuit-
style redundancy and backups.

* Via interventions on route-specific head sets,
we quantify functional impact of the heads
on grammaticality and task performance
(BLIMP/LAMBADA).

2 Related Work

Attention and Syntactic Dependencies UD
(Universal Dependencies) relations have long pro-
vided a standard footing for probing syntactic infor-
mation in large language models. A substantial line
of work examines whether attention patterns align
with single dependency edges (DPs)—e.g., nsubj,
obj, det—and reports heads that appear special-
ized for particular relations (Clark et al., 2019; Ko-
valeva et al., 2019; Ravishankar et al., 2021). In
addition, several studies infer or reconstruct de-
pendency structure directly from attention weights
and evaluate agreement using UAS or maximum-
spanning-tree—based metrics (Htut et al., 2019).

These findings suggest that attention can corre-
late with syntactic structure, but analyses are typ-
ically operationalized at the granularity of a sin-
gle edge (or a single relation type at a time), leav-
ing less systematically explored whether a given
syntactic configuration is represented and utilized
through multiple internal routes distributed across
layers and heads.

In this paper, we make this assumption explicit
and test it. Beyond single edges, we treat short, fre-
quent multi-hop dependency paths (MDPs), such
as obl+case, as first-class units and compare them
to their corresponding DPs within the same frame-
work. Crucially, we do not claim that MDPs re-
place DPs; rather, we ask whether there exist ad-
ditional routes that a DP-only view may miss, and
whether those routes matter functionally.

What counts as an “edge” versus a “path” can de-
pend on the chosen dependency formalism. Across
formalisms such as UD and SUD, a relation that is
realized as a single edge in one representation may
correspond to a longer path in another (and vice
versa), motivating work that studies model prefer-
ences over formalisms and the stability of syntactic
signals across them (Kulmizev et al., 2020).

Our focus is complementary: we fix the
formalism (UD) and ask whether, within UD,
models exhibit evidence for multiple coexist-
ing routes—single edges (DPs) and short chains
(MDPs). Moreover, rather than relying only on
probing or reconstruction, we causally test func-
tional importance by intervening on head sets se-
lected by these routes.

Confounders in attention-based alignment In-
terpreting attention as evidence of syntactic routing
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Figure 2: Bar plot of the 50 most frequent dependency paths in the corpus. Each bar’s height shows the absolute
count, and bar colors encode hop counts, highlighting which syntactic hop counts occur most often.

requires care due to known confounders. First, ap-
parent alignment can arise from positional heuris-
tics—e.g., “previous-token” heads or approximate
fixed-distance heads—which can mimic structural
effects. Second, autoregressive LMs exhibit at-
tention sink behavior, where sequence-initial to-
kens (e.g., BOS) attract disproportionate attention
mass, and related phenomena such as “null atten-
tion” have been discussed in earlier analyses (Gu
et al., 2025; Vig and Belinkov, 2019). Motivated by
these concerns, we explicitly examine the role of
local linear proximity by recomputing alignment af-
ter excluding relations between neighboring tokens,
which helps rule out trivial immediately preceding-
token effects for the relations we analyze. In ad-
dition, our interventions are sink-aware: we pre-
serve the BOS attention weight and uniformize only
the remaining past-token mass, avoiding confound-
ing performance changes with sink manipulation.
(Our UAS-style alignment is argmax-based, so pure
rescaling/normalization that does not change the
argmax has limited impact on the alignment score,
whereas sink effects can matter substantially under
intervention.)

From correlational signatures to multi-path
mechanisms with causal tests. Recent mecha-
nistic interpretability work emphasizes that Trans-
former behavior often arises from multiple collab-
orating pathways rather than a single privileged
route, and validates mechanisms via interventions
(e.g., patching/ablation) (Olsson et al., 2022; Wang

et al., 2022; Goldowsky-Dill et al., 2023). We con-
nect this perspective to syntactic processing by op-
erationalizing a multi-route view of dependency
information. We (i) quantify overlap versus special-
ization between DP- and MDP-aligned head sets
and (ii) causally evaluate their functional impor-
tance by flattening attention in route-selected heads
and measuring impacts on BLiMP and LAMBADA.
Importantly, our results do not imply that MDPs
uniformly dominate DPs; rather, they support a
view in which syntactic cues can be distributed
across partially overlapping internal routes that be-
come measurable under targeted interventions.

3 Method

3.1 Introduction of Multi-Hop Dependency
Paths (MDPs)

In this study, we focus on the possibility that LLMs’
attention mechanisms align not only with single
dependency relations (DPs) but also with struc-
tures formed by sequences of multiple dependen-
cies—Multi-Hop Dependency Paths (MDPs).

MDPs refer to chains of two or more dependency
relations in a UD parse tree, including patterns such
as obl+case, nmod+det, and obj+amod. While
these are not explicitly defined as syntactic units in
linguistic theory, they frequently occur in natural
language texts.

Example: Consider the following sentence:

The teacher placed a book of science on

the shelf.
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In the UD parse of this sentence, the following
MDPs can be identified:

e obl+case:

placed obL, shelf =% on

This path represents the oblique phrase on the
shelf, where the verb placed takes shelf as an
oblique dependent, and shelf is marked by the
adposition on.

¢ obj+nmod+case:

obj nmod . case
placed 2y book 2% science =225 of

This path captures a nominal modifier phrase
embedded within the object of the verb. The
verb placed takes book as its object; science
modifies book as a nominal dependent, and
the relation is marked by the adposition of.

For example, in a sentence like “placed the book
on the shelf,” there are dependency relations such
as placed — shelf (obl) and shelf — on (case).
Our observation revealed that some attention heads
concentrate directly from on to placed, which can
be interpreted as capturing not a single DP but the
entire structural path like obl+case.

Such observations suggest that models may uti-
lize not only individual dependency relations but
also larger structural units along the syntactic tree
(e.g., paths, clusters, surrounding structures) as
supplementary information. Importantly, this does
not imply that models represent structures that re-
place DPs; rather, our observations are consistent
with models leveraging multiple, partially redun-
dant structural cues, including DPs.

Current probing methods are primarily designed
to focus on DPs, and there has been little research
examining how attention aligns with multi-hop syn-
tactic patterns or how such alignment contributes
to model inference performance. This study aims
to fill this gap by quantitatively evaluating how
attention heads correspond to complex syntactic
patterns and whether they actually contribute to
grammaticality judgments and semantic inference.

We use the English Web Treebank (EWT) (Nivre
et al., 2020) as our UD-parsed corpus. From this
corpus, we extract all DPs, i.e., single-hop labeled
dependency edges. Each sentence in the corpus
consists of a sequence of tokens annotated with
head indices and dependency labels. Based on the

set of observed DPs, we iteratively construct longer
MDPs by connecting multiple relations together.

We denote the composition of two consecutive
DPs as a 2-hop MDP. To identify frequently occur-
ring 2-hop MDPs, we begin by generating candi-
date 2-hop MDP paths by pairing every DP with
every other DP (i.e., DP x DP), and count their fre-
quency in the corpus. Only those candidate MDPs
whose frequency exceeds a predefined threshold 7
are retained ; in all experiments we set 7 = 50. In
the next step, we extend the 2-hop MDP candidates
by appending another DP, yielding 3-hop DP = 2-
hop MDP x DP. Again, we count occurrences and
retain only those that pass the threshold. This pro-
cedure is repeated iteratively until no new MDPs
exceed the threshold.

The final set of MDPs are represented as atomic
labels, such as obj+amod+case. Using this final set
of MDPs, we simply define them as atomic labels
(e.g., obj+amod+case) in addition to the original
DPs (See Figure 2).

3.2 Identifying Attention Heads Sensitive to
Syntactic Structure

Using the defined set of MDPs alongside the origi-
nal DPs, we analyze which attention heads effec-
tively capture syntactic structures.

Decoder variant. For each layer [ and head h,
and each token x; in a sentence, we determine the
token x; that receives the highest attention weight
from x;. Specifically, for a sentence with attention
matrix A", we define the predicted syntactic
connection as follows:

j'i(l’h) = arg mjax Ag-’h) (D)

Since the model employs masked attention
(decoder-style), token x; can only attend to tokens
at or before its own position.

We then check if the predicted pair (x;, ;)
matches a syntactic dependency (either DP or
MDP) annotated in our corpus. Importantly, we
do not consider the directionality of these syntactic
dependencies; we only measure whether the pre-
dicted pair corresponds to an existing dependency
edge, ignoring head-dependent direction.

Because model tokenization typically differs
from corpus word-level tokenization, we follow
Clark et al. (2019)’s alignment strategy: attention
from a word to another word is computed by sum-
ming attention scores over all subword tokens for
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the target word and averaging across subword to-
kens for the source word (Clark et al., 2019).

We perform this matching procedure for every
token in every sentence of the corpus. For each syn-
tactic dependency type r (DP or MDP), we count
how many times head (I, h) correctly identifies a
dependency pair:

> > aitm=il o

sentenceecorpus (3,5)€r

C£l7h) —

Here, the count is summed across all sentences
in the corpus.

We define the correct rate for a given dependency
relation r at attention head (I, h) as:

C(lvh)

= T 3
D] ©)

CorrectRate!""

where C’,gl’h) is the number of correctly identified
dependency pairs at head ([, h), and | D, | is the total
number of occurrences of dependency relation r in
the corpus.

Then, the unlabeled attachment score (UAS) for
relation r is defined as the highest correct rate
among all attention heads:

UAS, = nllzzx (CorrectRateg’h)) ()]

This methodology closely follows Clark et al.
(2019)’s original interpretability approach, adapted
here without considering dependency directionality
for decoder-only model architecture.

Encoder (BERT) variant. For encoder models
without causal masking (e.g., BERT), we allow
attention in both directions and treat a dependency
as correctly identified when either the dependent
attends maximally to its head or the head attends
maximally to its dependent. Formally, let

(L,h)

~ I,h
]iCOl = arg I?;%ZX Agz’ ) (6)

Then for a dependency pair (i,j) € r we count a
hit if

=5 v ojet=il =1 @

Using this bidirectional condition, Cr(l’h) and
CorrectRateg’h) are computed as above, and
UAS, is obtained by taking the maximum over

heads.

3.3 Intervention by Flattening Selected
Attention Heads

Based on the heads identified in 3.2, we ap-
ply a uniformization (flattening) intervention and
evaluate how scores on BLiIMP and LAMBADA
change.

Prior work reports an attention sink phenomenon
in autoregressive LMs, where the sequence-initial
token (e.g., BOS) is disproportionately attended
to (Xiao et al., 2024; Gu et al., 2025). To prevent
sink effects from confounding the intervention, we
fix the attention weight to the first token and uni-
Sformize only the remaining past-token weights.

For a selected head (I, h) with attention matrix
Alh) ¢ RS*S | causal masking forbids attention
to future positions (5 > 7). Let the weight to the
first token (index 0) in row ¢ be

a; = Al(é’h) .
We define a sink-aware uniform matrix 7°i2k) by
preserving «y; at 7 = 0 and distributing the remain-

ing mass (1 — «;) uniformly over j = 1, ..., (for
i>1):
Qg J=0,
(sink) 1—a . .
;™ = Lo1<i<i, (8)

0, j>i.

For the boundary case i = 0 (the first row), we set

Tégmk) = 1. Each row remains a probability dis-

tribution (Zf;ol Tf;’mk) = 1), and the intervened
attention is

A/(l,h) — T(Sink).

Non-selected heads are left unchanged.

4 Experiments

4.1 Settings
4.1.1 Identification of MDPs

We use the English Web Treebank (EWT) (Nivre
et al., 2020), a publicly available UD-annotated
English corpus licensed under CC BY-SA 4.0. The
dataset is anonymized and manually curated; we
found no personally identifiable or offensive con-
tent. It covers a range of syntactic phenomena in
web-based English and follows consistent UD an-
notation guidelines. In our experiments, we used
all sentences from the training portion of the EWT
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‘ obl+case  obl case ‘ conj+cc  conj cc ‘ nmod+case nmod  case
Frequency | 9095 9150 17417 | 6413 7523 6757 | 6883 6888 17417
GPT2-XL 0.711 0405 0463 | 0456 0.391 0.424 0.764 0.423 0.463
Llama3-8B 0.695 0311 0.737 | 0.519 0479 0.504 0.829 0.451 0.737
Qwen3-8B 0.626 0.266 0.486 | 0.485 0.456 0.360 0.788 0.318 0.486
BERT-large | 0.688  0.313 0.893 | 0.594 0.490 0.639 0.858 0.378  0.893

Table 1: UAS scores for the three most frequent multi-hop dependency path (MDP) sets (ranks 1-3) and their
corresponding single-hop dependency paths (DPs) across all evaluated models.

‘ obl+case  obl case ‘ conj+cc  conj cc ‘ nmod+case nmod  case
Frequency | 4754 8969 10672 | 3723 7514 3775 | 1022 6829 10672
GPT2-XL 0.566 0.407 0313 | 0374 0391 0.206 0.373 0426 0.313
Llama3-8B | 0.488  0.314 0.680 | 0.361 0.478 0.364 0.415 0.451 0.680
Qwen3-8B 0.563 0262 0465 | 0319 0456 0.217 0.440 0.320 0.465

Table 2: The UAS scores for each of the nine identified single-hop dependency paths (DPs) and their corresponding
multi-hop dependency path (MDP) sets across all evaluated models. For each DP-MDP pair, we report the accuracy
excluding token pairs that are adjacent in the sentence, i.e., direct neighbors are ignored when computing UAS.

corpus. We follow the procedure in Section 3.1:
we enumerate single-hop UD edges (DPs) from the
training split, and compose adjacent edges on UD
trees to construct 2-hop and 3-hop label sequences
as MDP candidates. We retain only MDP labels
whose corpus frequency is at least 7 = 50. This
threshold is introduced to prevent the MDP inven-
tory from exploding due to an excessive number
of low-frequency chains when no cutoff is applied.
Note that all nine DP/MDP pairs used in our main
analyses occur well above 7 = 50, so the choice of
7 does not change the target set for the main results
reported in this paper.

4.1.2 Models

We analyze attention heads for three pretrained
autoregressive LMs: GPT-2 XL (1.7B) (Radford
et al., 2019), Llama 3 8B (Grattafiori et al., 2024),
Qwen3-8B (Yang et al., 2025) and BERT-large-
uncased (BERT-large) (Clark et al., 2019).

4.1.3 UAS Measurement and DP-MDP Usage
Analysis

We computed Unlabeled Attachment Scores (UAS)
for the identified DPs and MDPs following the
methodology described in Section 3.2. To deter-
mine whether models utilize single-hop DPs or
multi-hop MDPs, we apply the frequency-based
MDP usage criterion. In brief, our goal is to pro-
vide empirical evidence that models leverage both

the DP and MDP routes as signals associated with
grammatical judgments, and we therefore assess
the extent to which a single-hop DP is predomi-
nantly realized as part of an MDP using a simple
frequency ratio:

Count(DP in MDP)

MDP U =
Sage Total Count(DP)

>0.5. 9

Based on this selection procedure, we pick nine DP—
MDP pairs as targets for analysis and intervention.

Concretely, the nine DPs are: obl, conj, nmod,
advcl, xcomp, ccomp, acl:relcl, parataxis,
acl; and their corresponding MDPs are:
obl+case, conj+tcc, nmod+case, advcl+mark,
xcomp+mark, ccomp+nsubj, acl:relcl+nsubj,
parataxis+nsubj, acl+mark.

4.1.4 Intervention Setup

Following the methodology in Section 3.2 and the
usage criterion in Section 4.1.3, we rank heads
by UAS and construct three selection sets for the
obl/obl+case pairing: (i) DP-only = the top 10%
heads by UAS for obl; (ii) MDP-only = the top
10% heads by UAS for obl+case; (iii) Mix = the
union of the two top-10% sets. As a size-matched
control, Random-Mix uniformly samples the same
number of heads as in the Mix condition. We then
apply the uniformization intervention from Sec-
tion 3.3 and run percentage ablations at 5%, 10%,
15%, and 25% of all heads.
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Figure 3: Layer-wise distributions of the top 10% heads
by UAS for obl (DP; solid) and obl+case (MDP;
dashed) in each model. UAS is computed by normal-
izing correct counts by relation frequency. The y-axis
shows per-mille of all heads (shared across subplots),
and the x-axis denotes layer depth.

4.2 Results
4.2.1 UAS: DP-MDP Comparisons

From Table 1, we observe that certain frequent 2-
hop MDPs exhibit higher UAS compared to their
individual DP components; however, this pattern is
not uniform, and many relations show comparable
or higher UAS for the DP than for the correspond-
ing MDP (Appendix Tables 3—4). For GPT-2 XL,
Llama 3 8B, and Qwen3-8B, several of our targeted
pairings show higher UAS for the MDP than for
the DP, while for BERT the corresponding DPs
(e.g., case, cc) often achieve higher UAS than
their paired MDPs (Table 1). To control for triv-
ial immediate-neighbor effects, we also recompute
UAS after excluding immediately adjacent token
pairs; the results are reported in Table 2.

Figure 3 further illustrates layer-wise distribu-
tions of top-UAS heads for obl and obl+case. For
GPT-2 XL and Qwen3-8B, top heads tend to clus-
ter in shallower layers, and we do not observe a
systematic difference in layer preference between

DP and MDP selections.

4.2.2 Intervention Experiments

We assess whether the heads highlighted by UAS
are in fact utilized for grammatical construction and
related computations using the intervention setup
defined in Sec. 4.1.4. To assess overlap and spe-
cialization between DP- and MDP-selected heads,
we inspect the DP-MDP rank scatter (Figure 5;
obl vs. obl+case). Points mark heads that appear
in both top-K lists (ranked by UAS); the dashed
diagonal indicates perfect rank agreement. While
there is clear overlap, the dispersion around the di-
agonal indicates that some heads are comparatively
specialized for DP vs. MDP.

Turning to the bar results for BLiIMP and LAM-
BADA (Figure 4), we observe that Mix yields a
stronger intervention effect than either DP-only
(10%) or MDP-only (10%) on the obl/obl+case
pair, and all three targeted selections surpass the
size-matched Random-Mix baseline. Moreover,
MDP-only generally shows a larger effect than DP-
only. Although we focus on obl/obl+case in the
main text, analogous analyses for other DP-MDP
pairs are provided in the Appendix.

We next consider the line-plot intervention setup
and results (Figures 6). We plot interventions at 5%,
10%, 15%, and 25% of all heads; for each percent-
age level, we ablate the top-k heads ranked by UAS
when selected using ob1 (DP; solid) or obl+case
(MDP; dashed), with a random-ablation band (min—
max) shown for reference. Across BLiMP and
LAMBADA, DP/MDP-targeted interventions typ-
ically exceed the random band, and MDP-based
ablations tend to induce larger drops than DP-based
ablations. In this example, all settings follow the
above trend except for Llama 3 8B on LAMBADA,
where the advantage over random is attenuated.

5 Discussion and Conclusions

Prior work has evaluated attention—syntax align-
ment primarily at the level of single dependency
edges (DPs). In this study, we measure alignment
not only for DPs but also for multi-hop dependency
paths (MDPs) using the same procedure, and we
additionally perform uniformization interventions.
We find heads that align with MDPs for several re-
lations, and in some settings interventions on MDP-
aligned heads induce larger performance changes
than interventions on DP-aligned heads. We also
observe both overlap and dissociation: some top
heads are shared between DP and MDP selections,
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Figure 4: BLiMP accuracy and LAMBADA accuracy for GPT-2 XL, Llama 3 8B, and Qwen3-8B under four
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Figure 5: DP-MDP rank agreement for head selections
(UAS), shown as a scatter of DP rank (x) versus MDP
rank (y) for the relation pair obl vs. obl+case. Points
mark heads that appear in both top-K lists (ranked by
UAS); lower ranks are better. The dashed diagonal indi-
cates perfect agreement between DP and MDP rankings.

while others are distinct. Taken together, these ob-
servations indicate that models can rely on both
DP and MDP routes internally. Our findings indi-
cate that LLMs exhibit attention patterns aligned
with dependency structures—including multi-hop
paths—not explicitly defined as primitive relations
in linguistic theory.  Specifically, for a subset
of frequent pairings, we identified attention heads
that are more responsive to Multi-Hop Dependency
Paths (MDPs) than to the corresponding single-hop
Dependency Paths (DPs).

Particularly notable are DPs that rarely occur
alone but frequently appear in specific sets; in these
cases, we found that models more accurately at-
tend to MDPs containing these DPs than to the
DPs alone. One potential explanation for this phe-
nomenon involves token proximity. As indicated in
Figure 7, the average token distance in frequently
co-occurring DP sets is typically larger than in their
corresponding MDPs. Considering the autoregres-
sive nature of decoder-only LMs, the shorter token
distances in MDPs could facilitate easier attention.

A plausible explanation is that autoregressive
next-token prediction favors short, locally predic-
tive MDP shortcuts (often mediated by nearby
markers like case/mark/cc) under causal masking.
Encoders like BERT are less constrained due to
bidirectional access, which may reduce reliance
on such intermediate routing, consistent with Ta-
ble 1. It is possible that certain attention heads
predominantly attend to adjacent tokens, regard-
less of grammatical considerations, thereby driving
this observed pattern. To investigate this hypothe-
sis, we repeated the UAS analysis while excluding
token pairs immediately adjacent to each other.
The results (Table 2) show that the main alignment
patterns persist even after removing all adjacent-
token pairs. This suggests that our findings are not
explained solely by trivial “previous-token” heuris-
tics, and supports the interpretation that some heads
track non-adjacent, structure-consistent routes (in-
cluding MDPs).
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Figure 6: BLiMP accuracy and LAMBADA accuracy as a function of the number of ablated heads for GPT-2 XL,
Llama 3 8B, and Qwen3-8B. We plot interventions at 5%, 10%, 15%, and 25% of all heads. For each model, we
ablate the top-k heads ranked by UAS when selected using the DP obl (solid) or the MDP obl+case (dashed),
where k corresponds to the specified percentages of total heads. A random-ablation band (min—max with the same
head counts) is shown for reference. The x-axis denotes the number of ablated heads and the y-axis denotes BLIMP

accuracy.

Average Distances

= =
N N
N
N
N

._.
o
S

@

MDP distances

0 2 4 6 8 10 12 14

DP distances

Figure 7: Scatter plot comparing average dependency
path (DP) distances (x-axis) against their corresponding
multi-hop dependency path (MDP) distances (y-axis)
for the nine selected relations. Each point represents
one DP-MDP pair, and the red dashed line indicates the
identity line (y = x), showing whether MDP distances
exceed their DP counterparts.

Limitations

This study has several limitations that provide av-
enues for future research. First, the complementary
relationship between DP and MDP remains unclear.
Given that MDPs can often be decomposed into
combinations of multiple DPs, it is not yet fully
understood what motivates the model to learn these
composite structures over individual DPs.

Second, our methodology primarily relies on
attention weights. On the other hand, there have
been criticisms regarding whether attention weights
truly reflect the importance of features in model de-
cisions. Serrano and Smith (2019) showed that al-
tering attention weights does not necessarily lead to
significant changes in model output, raising doubts
about attention as an indicator of interpretability.
Similarly, (Hassid et al., 2022) reevaluated the role
of attention mechanisms and reported that using
averaged attention weights does not substantially
degrade model performance. There may be alterna-
tive methods, such as analyzing the neural circuit
level, that provide deeper insights into how models
internally represent syntactic information.

Finally, we primarily explored medium-sized
models. Understanding how larger-scale models
behave in terms of dependency encoding and gram-
matical reasoning, particularly regarding their uti-
lization of DP and MDP structures, remains a
promising direction for future work.
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A Example Sentences for Each DP-MDP Pair

To better illustrate the linguistic structures represented by the selected multi-hop dependency paths
(MDPs), we provide one example sentence for each of the nine DP-MDP pairs introduced in Section 4.1.3.
These examples were extracted from the English Web Treebank (EWT) and selected to be relatively
short (13 words or fewer). For each pair, we show the sentence and the syntactic path that connects the
relevant tokens, highlighting how the composed MDPs reflect an interpretable syntactic shortcut such as a
prepositional phrase or relative clause.

e obl+case:

The third was being run by the head of an investment firm .

Path: run 225 head <% by

* conjtcc:
This item is a small one and easily missed .
. conj cc
Path: missed —2 one <% and

* nmod+case:
The third was being run by the head of an investment firm .

Path: head ™% firm =25 of

* advcl+mark:
If someone committed a crime against humanity , prosecute the person .
Path: prosecute e, committed ™, If
e xcomp+mark:
The situation in Iraq is only going to get better this way .
Path: going xeom, get marks 1o
e ccomp+nsubj:
You wonder if he was manipulating the market with his bombing targets .
Path: wonder —2s manipulating LNy

* acl:relcl+nsubj:

Now that ’s a post I can relate to .

acl:relcl nsubj

Path: post relate 1

e parataxis+nsubj:
Just go here , it ’s simply amazing .
parataxis . nsubj
Path: go ——— amazing —— it
* acl+mark:

There has been talk that the night curfew might be implemented again .

1. k
Path: ralk 2= implemented 2% that
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‘advcl+mark advel  mark ‘ xcomp+mark xcomp mark ‘ ccomp+nsubj ccomp  nsubj

Frequency ‘ 3506 3817 7774 ‘ 1834 3070 7774 ‘ 1925 2327 16270
GPT2-XL 0.411 0.206 0.461 0.947 0.675 0.461 0.550 0495 0.365
Llama3-8B 0.480 0.206 0.487 0.921 0.523 0.487 0.647 0438 0371
Qwen3-8B 0.382 0.182 0.403 0.941 0.546  0.403 0.525 0.523 0.370
BERT-base 0.401 0.303  0.650 0.967 0.720  0.650 0.433 0.532  0.590
BERT-large 0.454 0.358 0.697 0.966 0.834  0.697 0.497 0.566  0.671

Table 3: UAS scores for the three most frequent multi-hop dependency path (MDP) sets (ranks 4—6) and their
corresponding single-hop dependency paths (DPs) across all evaluated models.

‘acl:relcl+nsubj acl:relcl  nsubj ‘parataxis+nsubj parataxis  nsubj ‘acl+mark acl  mark

Frequency | 1797 2005 16270 | 985 1562 16270 | 816 1493 7774
GPT2-XL 0.610 0463 0365 0.252 0.174 0365 | 0.820 0425 0.461
Llama3-8B 0.686 0.587 0371 0.206 0.197 0371 | 0881  0.543 0487
Qwen3-8B 0.635 0498  0.370 0.229 0.168 0370 | 0.857 0466 0.403
BERT-base 0.588 0382  0.590 0.150 0262 0590 | 0.848  0.480 0.650
BERT:-large 0.619 0.396  0.671 0.159 0232 0.671 | 0831 0498 0.697

Table 4: UAS scores for the three most frequent multi-hop dependency path (MDP) sets (ranks 7-9) and their
corresponding single-hop dependency paths (DPs) across all evaluated models.

B UAS Comparisons (Other Dependencies)

This appendix complements the main UAS summary in Table 1 by reporting additional Unlabeled
Attachment Scores (UAS) for multi-hop dependency paths (MDPs) and their corresponding single-hop
dependencies (DPs). Detailed results are provided in Table 3 and Table 4.

C DP-MDP Rank Agreement for Other Models

This appendix complements the GPT-2 XL scatter in Fig. 5 by presenting the same analysis for Qwen3-8B
and Llama 3 8B. Qwen3-8B exhibits a pattern similar to GPT-2 XL: notable overlap near the diagonal
with some dispersion, indicating a mix of shared and route-specific heads (Fig. 8). In contrast, Llama 3 8B
shows a lower DP-MDP rank correlation, with more points deviating from the diagonal, suggesting
stronger specialization toward either the DP or MDP route (Fig. 9).
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Figure 8: DP-MDP rank agreement for Qwen3-8B on obl vs. obl+case. Points are heads that appear in both top- K
lists (ranked by UAS); lower ranks are better. The dashed diagonal indicates perfect DP/MDP rank agreement.
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meta-llama_Meta-Llama-3-8B p=0.374
1000

MDP (obl+case) rank

600 1000
DP (obl) rank

Figure 9: DP-MDP rank agreement for Llama 3 8B on obl vs. obl+case. Conventions follow Fig. 5; greater
dispersion from the diagonal indicates lower rank correlation between DP and MDP selections.
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Figure 10: ACL families: DP-only, MDP-only, Mix, Random-Mix. Same conventions as Fig. 4.
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Figure 11: ACL:RELCL vs. ACL:RELCL+NSUBJ. Same conventions.

D Additional Results for Non-obl Relations: Bar Summaries

This appendix complements Fig. 4 by reporting BLIMP/LAMBADA bar summaries for the remaining DP—
MDP pairs (Figs. 10-17). The qualitative pattern mirrors the obl/obl+case case. Except for parataxis
and parataxis+nsubj, all DP-MDP pairs exhibit the same qualitative pattern as obl/obl+case: MDP-
only selections typically induce larger drops than DP-only, and the Mix set outperforms size-matched
random controls. In contrast, for parataxis and parataxis+nsubj, intervention effects are comparable
to random, suggesting little additional leverage beyond untargeted head selection. A plausible explanation
is that parataxis in UD covers heterogeneous, loosely attached clause-level relations (e.g., sentence-level
asides and asyndetic coordination), which dilute a consistent attention signature; see concrete examples in
Appendix A.
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Figure 19: ACL:RELCL families.

E Additional Ablation Curves for Non-obl Relations

We also vary the number of intervened heads (5/10/15/25% of all heads) and plot BLIMP/LAMBADA
accuracy, following Fig. 6. MDP-based selections (dashed) generally degrade more than DP-based
selections (solid), exceeding random baselines (Figs. 18-25). Mirroring the bar summaries, varying the
ablation budget (5/10/15/25%) shows consistent degradations for most DP-MDP pairs, with MDP-based
selections degrading more than DP-based selections and exceeding random baselines. The exception
is parataxis and parataxis+nsubj, where curves remain near the random band, indicating minimal
targeted effect. We hypothesize this stems from the heterogeneous, discourse-level nature of parataxis
in UD—its instances span diverse constructions with variable distances—making route-specific heads
harder to isolate; see Appendix A for examples.
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F BLiMP Subtask-wise Ablation Curves for obl vs. obl+case

We report subtask-wise BLiMP ablation curves for three models (GPT2-XL, Llama3-8B, and Qwen3-8B)
under the same setup as Fig. 6. In this appendix, DP-based head selections are defined by the ob1 relation
(pair_label=obl; solid), while MDP-based selections are defined by the two-hop route obl+case
(mdp_label=obl+case; dotted). For each BLiMP subtask, we vary the number of intervened (disabled)
heads and plot accuracy; random selections are shown as a shaded min—max band with its mean (dashed),
following the same conventions as the main figures. Across many subtasks and models, MDP-based
selections tend to yield slightly lower curves than DP-based selections, although the magnitude of the
difference varies by subtask and is not always pronounced.

4134



BLiMP subtasks — gpt2-xI

N adjunct_island anaphor_gender_agreement anaphor_number_agreement animate_subject_passive animate_subject_trans
L -
0s L WS — Y ¥
Tos
gaa
02
o
7w w0 m % 6 e 10 o W 6 e 1o ik S 5 e 10 o % 6 e 1o 1o s 0w w0 1m0 ED
# disabled heads # disabled heads # disabled heads # disabled heads # disabled heads # disabled heads
complex_NP_island coordinate_structure_constraint_complex_left_t :_structure_constraint_object_extraction determiner_noun_agreement_1 determiner_noun_agreement_2 determiner_noun_agreement_irregular_1
p
- 5 :
+
08
Zos
gao
02
o
7w w0 3% 6 e 1m0 o ¥ 6 e 1w e 3 5 & mo 10 %o 5 e 1m0 e B 6 e b 10 )
# disabled heads # disabled heads # disabled heads # disabled heads # disabled heads # disabled heads
determiner_noun_agreement _irregular_2 determiner_noun_agreement_with_adj_2 determiner_noun_agreement_with_adj_ir i noun_agreement_with_adj_ir noun_agreement_with_adjective_1 distractor_agreement_relational_noun
N _noun._ _irregular_ _noun._ _with_adj_; _noun_ _with_adj_irreguldeterminer_noun_ _with_adj_irregulards _noun,_ _with_ 2 _relational s
> ¥ T
08 ks e
gau
02
o
T @ w0 m 3 b e 10 o W 6 e i ik S 5 e 10 o S 6 e 1 1o s 0w w0 w0 ED
# disabled heads # disabled heads # disabled heads # disabled heads # disabled heads # disabled heads
distractor_agreement_relative_clause drop_argument ellipsis_n_bar_1 ellipsis_n_bar_2 existential_there_object_raising existential_there_guantifiers_1
p
08 = e T T G A a  y
Tos
goo
02
o
7w w0 i % 6 e 10 o ¥ 6 e 1w e B 5 & mo 1m0 ¥ 6 e 1o e ¥ 6 e b 1o 300
# disabled heads # disabled heads # disabled heads # disabled heads # disabled heads # disabled heads
existential_there_quantifiers 2 existential_there_subject_raising expletive_it_object_raising inchoative intransitive irregular_past_participle_adjectives
1
e ¥
08
gun
0z
o
T @ w0 m 3 6 s 1m0 o S0 e 1w 1o S 6 10 0 E D W 0 @ w0 w0 300
# disabled heads # disabled heads # disabled heads # disabled heads # disabled heads # disabled heads
iregular_past_participle_verbs. irregular_plural_subject_verb_agreement_1 irregular_plural_subject_verb_agreement_2 left_branch_island_echo_guestion left_branch_island_simple_question matrix_question_npi_licensor_present
p
[ VP ST —t v n
08
Zos
goa
02
o
7w om0 1k % 6 e 10 o ¥ 6 e 1w e 3 6 e 10 o % 6 e 1o e ¥ 6 e b 1o 360
# disabled heads # disabled heads # disabled heads # disabled heads # disabled heads # disabled heads
npi_present_1 npi_present_2 only_npi_licensor_present only_npi_scope passive_1 passive_2
1
~emmarry " e
08
Zos
gua
0z
o
" @ w0 m W 6 s 1m0 o W6 e i 1o W 6 e 0 w0 D w0 @ w0 w0 ED
# disabled heads # disabled heads # disabled heads # disabled heads # disabled heads # disabled heads
principle_A_c_command principle_A_case_1 principle_A_case_2 principle_A_domain_1 principle_A_domain_2 principle_A_domain_3
p
08 D L
Zos
goa
02
°
7w w0 ko 3% 6 e 1o o % 6 e 1o i 3 6 e 10 0 % 6 e 1o % 6 e b 1o 360
# disabled heads # disabled heads # disabled heads # disabled heads # disabled heads # disabled heads
principle_A_reconstruction regular_plural_subject_verb_agreement_1  regular_plural_subject_verb_agreement 2  sentential_negation_npi_licensor_present sentential_negation_npi_scope sentential_subject_island
B ¥ P S N — S— ¥ ¥
08
Fos
g“‘
0z
o
" @ om0 m W 6 s 1o o W6 e i 1o w6 w0 0w B0 0 e 10 1o ED
# disabled heads # disabled heads # disabled heads # disabled heads
N superlative_quantifiers_2 tough_vs_raising_1 wh_island
0s
Zos
gaa
02
o
7w w0 3% 6 e 1o o % 6 e 1o i 3 6 e 10 0 % 6 e 1o e % 6 e mo 1o 360
# disabled heads # disabled heads # disabled heads # disabled heads # disabled heads # disabled heads
wh_questions_object_gap wh_questions_subject_gap wh_guestions_subject_gap_long_distance wh_vs_that_no_gap wh_vs_that_no_gap_long_distance wh_vs_that_with_gap
L
08
Zos
%“‘
0z
o
3w w0 3% 5 e 1m0 % 6 e o 1 % 6w o % 5 e ) 300
# disabled heads # disabled heads # disabled heads # disabled heads # disabled heads # disabled heads
wh_vs_that_with_gap_long_distance
N vs_that_with_gap._long_
0s )
20 random (min-max)  —— Selected by obl
Zoa --x-- random mean -+ Selected by obl+case
02

120 180
# disabled heads

Figure 26: GPT2-XL: BLiMP subtask accuracy vs. number of disabled heads. DP/obl (solid) vs. MDP/obl+case
(dotted), with random band (shaded) and mean (dashed).
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BLiMP subtasks — meta-llama_Meta-Llama-3-8B
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Figure 27: Llama3-8B: BLiMP subtask accuracy vs. number of disabled heads. DP/ob1 (solid) vs. MDP/obl+case
(dotted), with random band (shaded) and mean (dashed).
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BLiMP subtasks — Qwen_Qwen3-8B
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Figure 28: Qwen3-8B: BLiMP subtask accuracy vs. number of disabled heads. DP/obl (solid) vs. MDP/obl+case
(dotted), with random band (shaded) and mean (dashed).
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