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Abstract

Knowledge distillation is a key technique for
compressing large language models (LLMs),
but most existing methods align representations
at fixed layers or token-level outputs, ignoring
how representations evolve across depth. As
a result, the student is only weakly guided to
capture the teacher’s internal relational struc-
ture during distillation, which limits knowledge
transfer. To address this limitation, we pro-
pose Multi-Granular Trajectory Alignment
(MTA), a framework that aligns teacher and
student representations along their layer-wise
transformation trajectory. MTA adopts a layer-
adaptive strategy: lower layers are aligned at
the word level to preserve lexical information,
while higher layers operate on phrase-level
spans (e.g., noun and verb phrases) to capture
compositional semantics. We instantiate this
idea through a Dynamic Structural Alignment
loss that matches the relative geometry among
semantic units within each layer. This design
is motivated by empirical findings that Trans-
former representations become increasingly ab-
stract with depth, and is also consistent with
linguistic views in which higher-level meaning
emerges through the composition of lower-level
lexical units. We further incorporate a Hidden
Representation Alignment loss to directly align
selected teacher—student layers. Experiments
show that MTA consistently outperforms state-
of-the-art baselines on standard benchmarks,
with ablations confirming the contribution of
each component.

1 Introduction

While Large Language Models (LLMs) excel in
NLP tasks, their computational cost necessitates
compression techniques (Xu et al., 2024). To ad-
dress this problem, Knowledge Distillation (KD)
(Hinton et al., 2015) has emerged as a pivotal model
compression paradigm, where a smaller "student"
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model is trained to mimic the behavior of a larger,
more capable "teacher" model. Conventional KD
approaches for LLMs often focus on minimizing
the divergence between the output probability dis-
tributions of the teacher and the student (Agarwal
et al., 2024; Ko et al., 2024; Le et al.; Anshumann
et al., 2025; Nguyen et al., 2026). While effective,
these methods overlook the structural knowledge
embedded within the intermediate representations.
To address this, feature-based distillation methods
have been proposed to align internal hidden states
or attention maps of the student with those of the
teacher (Jiao et al., 2019; Wang et al., 2020; Gong
et al., 2025; Vu et al., 2026a). However, most ex-
isting approaches adopt a static and uniform align-
ment strategy across layers, typically operating at
the token level. By treating tokens largely in iso-
lation and applying the same objective uniformly,
these methods fail to account for differences in to-
ken importance and semantic roles across layers,
which can harm generalization.

Crucially, this uniform, token-level treatment
is misaligned with the hierarchical nature of hu-
man language. Linguistic research has long es-
tablished that natural language is organized hier-
archically, composing discrete lexical units into
nested phrases and higher-level semantic structures
(Chomsky, 1965; Crain and Nakayama, 1987; Hale
et al., 2018). Prior analyses of BERT have identi-
fied a functional hierarchy in which lower layers
emphasize surface-level and lexical features, while
higher layers encode increasingly abstract seman-
tic information (Tenney et al., 2019; Rogers et al.,
2020; Clark et al., 2019). Recent studies on modern
LLMs have refined this distinction, characterizing
lower layers as memory units for lexical and fac-
tual retrieval (Wang et al., 2025; Yang et al., 2025),
while higher layers perform abstract reasoning and
manage complex subtasks (Yang et al., 2025). As a
consequence, while focusing on token-level align-
ment may allow the student to reproduce teacher
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activations at isolated layers, it fails to capture
the progressive process through which represen-
tations are composed from lexical units into more
abstract semantic structures, limiting generaliza-
tion in downstream tasks.

To bridge this gap, we propose Multi-Granular
Trajectory Alignment (MTA), an extensible
framework designed to align the evolutionary tra-
jectory of representations between teacher and stu-
dent models. Our approach is motivated by linguis-
tic principles and supported by established findings
in Transformer interpretability. These observations
suggest that representations in LLMs evolve in a hi-
erarchical, bottom-up manner: lower layers process
fine-grained lexical dependencies (analogous to
leaf nodes), whereas higher layers synthesize these
inputs into abstract semantic structures (analogous
to internal phrase nodes). Guided by this perspec-
tive, MTA adopts a layer-adaptive alignment strat-
egy. Specifically, we introduce a Dynamic Struc-
tural Alignment (£ pg4) objective that aligns fine-
grained word-level spans at lower layers to ground
lexical foundations, and coarser phrase-level spans
(e.g., Noun Phrases, Verb Phrases) at higher layers
to capture compositional semantics. By explicitly
modeling these multi-granular relationships, MTA
compels the student to mimic not just the teacher’s
final state, but the geometric dynamics of its infor-
mation processing. Furthermore, we incorporate a
Hidden Representation Alignment (L z7;4) loss to
ensure precise transfer via a weighted projection
mechanism.

Our main contributions are summarized as fol-
lows:

* We identify the limitations of uniform inter-
mediate alignment and propose MTA, a novel
framework that aligns the representational tra-
jectory of LLMs by leveraging their inherent
hierarchical structure.

We introduce a layer-adaptive distillation ob-
jective that transitions from word-level align-
ment in lower layers to phrase-level struc-
tural alignment in higher layers, reflecting
the bottom-up compositional properties of lan-

guage.

* We demonstrate that MTA serves as a general-
ized module that can be integrated into state-
of-the-art distillation methods that share tok-
enization. Extensive experiments on standard
instruction-following benchmarks show that

MTA consistently boosts performance across
diverse model architectures .

2 Background

This section introduces the background concepts
underlying our approach. We first review the fun-
damentals of knowledge distillation for autoregres-
sive language models, then discuss parse trees
and feature dynamics distillation as perspectives
that motivate our depth-wise alignment. An ex-
tended discussion of related work is deferred to
Appendix B.

2.1 Knowledge Distillation Fundamentals

Knowledge Distillation (KD) (Hinton et al., 2015)
transfers knowledge from a teacher to a student
by minimizing the divergence between their con-
ditional distributions. For autoregressive LMs, the
sequence-distribution KL can be written as a sum
over token-level conditionals; in practice it can
be optimized under teacher forcing on a dataset
(or sampled sequences), yielding a tractable token-
wise KL objective. Specifically, for a dataset D,
the loss is aggregated at each time step ¢:
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where V' is the vocabulary and y.; denotes the

token history. This formulation enables the student

to approximate the teacher’s distribution and cap-

ture the inherent “dark knowledge” in inter-class

correlations (Kim and Rush, 2016; Agarwal et al.,
2024).

2.2 Parse Tree

A parse tree structurally represents the hierarchi-
cal nature of natural language, organizing flat text
into meaningful syntactic units to capture semantic
compositionality (Socher et al., 2011, 2013). In
recursive deep learning, this topology guides the
bottom-up merging of representations from leaf
nodes to the root (Tai et al., 2015). Motivated by
the hierarchical structure of language captured by
parse trees, we treat the depth-wise evolution of
Transformer representations as loosely analogous
to bottom-up compositional construction, and de-
sign a layer-adaptive alignment strategy accord-
ingly as shown in Figure 1.
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2.3 Feature Dynamics Distillation

Feature Dynamics Distillation (FDD) (Gong et al.,
2025) extends KD by viewing Transformer depth
as discrete time steps of a continuous-depth dy-
namical system, following ODE-inspired interpre-
tations of deep networks (Chen et al., 2018; Lu
et al., 2019). Under this view, distillation should
match not only intermediate states but also their
layer-wise evolution. To handle dimension mis-
match, FDD maps intermediate hidden states h;
through each model’s LM head into the vocabu-
lary space, denoted as y; = 1og fhead(hi). It then
optimizes (i) a Trajectory Loss that aligns interme-
diate predictive distributions at selected layers, and
(ii) a Derivative Loss that aligns finite-difference
updates Ay; = y; — y;_1 using cosine distance:

Ltrajy = ZDKL <P(yl?) I P(Z/Zj)) )
J

Loa =Y (1= Cos(Ay], Ag)) . &)

J

While effective for capturing continuity in predic-
tion dynamics, FDD aligns prediction dynamics
using the same LM-head-based objective at the
selected layers, without explicitly encoding depth-
dependent linguistic structure or salience-aware
token weighting (Gong et al., 2025). Inspired by
the trajectory-based distillation framework of Gong
et al. (2025), our approach departs from it by ex-
plicitly aligning the evolution of relational geom-
etry across network depth. Rather than matching
prediction trajectories alone, we leverage hierar-
chical structure to guide depth-aware alignment of
token relations, enabling more semantically faithful
knowledge transfer.

3 Methodology

In this section, we introduce Multi-Granular Tra-
jectory Alignment (MTA), a modular framework
designed to enhance the distillation of Large Lan-
guage Model (LLM). Unlike conventional meth-
ods that rely on uniform layer-to-layer mapping,
MTA adopts a depth-aware alignment strategy that
operates at different semantic granularities across
network depth. MTA proposes two complemen-
tary objectives: Dynamic Structural Alignment
(Lpsa), which preserves the relational geometry
among semantic units (words and phrases) within
each layer, and Hidden Representation Alignment
(Lmig), which enforces feature-level consistency

Higher Layers

Noun phrase

Verb phrase

Lower Layers

Tokenizer

Figure 1: The correspondence between linguistic
compositionality and the layer-wise evolution of
representations in large language models.

between teacher and student representations. To-
gether, these objectives constrain both the internal
structure of representations within each layer and
their transformation across depth.

3.1 Motivation: The Hierarchical
Representational Trajectory

Most existing Knowledge Distillation (KD) meth-
ods match representations at fixed, static points,
such as final logits or intermediate hidden states
and attentions (Hinton et al., 2015; Sun et al., 2019;
Jiao et al., 2019; Truong et al., 2025; Vuong et al.,
2026; Xu et al., 2024). While effective for transfer-
ring local signals, these approaches largely ignore
how representations evolve across network depth.

Interpretability studies consistently show that
Transformer layers exhibit a hierarchical organi-
zation. Lower layers emphasize surface-level and
lexical information, whereas higher layers progres-
sively encode abstract semantic and compositional
properties (Tenney et al., 2019; Rogers et al., 2020;
Clark et al., 2019). Recent analyses of LLMs fur-
ther characterize lower layers as repositories for
factual and lexical memory (Wang et al., 2025),
and higher layers as supporting abstract reasoning
and compositional inference (Yang et al., 2025).

We therefore view a model’s internal representa-
tions as forming a hierarchical representational
trajectory: an ordered sequence of representation
spaces whose semantic granularity systematically
changes with depth. Under this perspective, ap-
plying a single, uniform alignment rule across all
layers is suboptimal.

To respect this hierarchical trajectory during dis-
tillation, MTA uses word-level spans for alignment
in lower layers to preserve lexical grounding, and
phrase-level spans (e.g., noun and verb phrases)
in higher layers to capture compositional structure.
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Figure 2: Dynamic Structural Alignment (Lpga ). This objective enforces geometric consistency. It calculates the

pairwise relational distances between semantic spans (words or phrases) within a layer for both Teacher and Student.

By minimizing the discrepancy between these two topological structures across network depths, the Student learns
to replicate the Teacher’s representational trajectory.

This layer-adaptive design aims to better reflect the
depth-wise transformation of representations than a
single, uniform matching rule. Figure 1 illustrates
the connection between linguistic compositionality
and our depth-adaptive alignment strategy.

3.2 Layer-Adaptive Multi-Granular Spans

To operationalize this hierarchical alignment, we
define semantic units tailored to different layers.
We describe how we divide the selected key layers
into Lower and Higher functional groups, detailed
in Appendix D. To implement this, we utilize a
syntactic parser (e.g., spaCy) to extract the corre-
sponding spans from the input text.

Token Weight. Due to the unidirectional nature
of causal attention in autoregressive LLMs, native
attention weights are inherently biased toward ear-
lier tokens, which tend to accumulate higher at-
tention scores simply because they are visible to
more subsequent positions when calculated based
on attention centrality (or aggregated received at-
tention). To bypass the unidirectional constraints
and capture bidirectional dependencies, we com-
pute token weights using a self-attention mecha-
nism without self-loops. Let H; € RV*? denote
the hidden states at layer [. We first standardize
token representations:

- Hy

Ht,l = U(Tt,l)' (5)

Pairwise attention scores with diagonal and
padding masking are computed as:

Ho H),
Ssti = —=— + My (0)
Vd
The attention weights as_,;; are then obtained by
applying a softmax over the destination token di-
mension of the attention score matrix S;. After that
we compute the importance score of token ¢:

L X
Wl = > g (N
s=1

These weights are used for span-level aggregation
in subsequent objectives. The more detailed expla-
nation is in Appendix C.

Span Definitions. At lower layers, we group
tokens into complete Word Spans to capture fine-
grained lexical processing. At higher layers, we
extract Noun Phrases (NPs) and Verb Phrases
(VPs) to serve as Phrase Spans, which are widely
used as meaningful syntactic constituents in chunk-
ing and predicate-argument semantics (Ramshaw
and Marcus, 1995; Gildea and Jurafsky, 2002).
Spans are extracted over the entire input-output
sequence, including both the prompt and the gen-
erated response. For each span k at layer [, we
compute its representation Uy, ; as a weighted aver-
age of constituent token hidden states H; ;:

wy  H,
UklI—ZtESk LI ®)

7 Ztesk wtzl
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where S}, is the set of tokens in span k, and wy; is
the importance weight of token.

Span Weight. The weight of a span is computed
by aggregating the weight of its constituent tokens
and normalizing across spans. For span ¢ at layer [,
we define:

~sp €;
S Wi sp T
P __ ) " —
Wig = NP , W = Z we (9
S wt .
J=1 "4 t=s:

where [sz, el] denotes the token indices covered
by span ¢, wt ; 1s the Teacher-derived token impor-
tance weight, and N,”

layer I.

is the number of spans at

3.3 Dynamic Structural Alignment Loss
(Lpsa)

The central objective of MTA is the Dynamic
Structural Alignment Loss. This loss enforces
geometric consistency between the Teacher and
Student span representations, as shown in Figure
2. It operates on a set of selected key layers Lyey
(spanning both lower/word-level and higher/phrase-
level layers). We formulate Lpga to minimize the
discrepancy in pairwise distances between spans
within a layer:

Z EDSA

1€ Ley

Lpsa = (10)

’ Lkey ”

sp Nsp

0) s T T 2
Liga = Z Z w” ¢(l)( Ui,lvUJ',l)_d(Ui@(l)?Uj,qﬁ(l)))
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where d(-, -) is cosine distance, N,” is the num-
ber of spans at layer [ and ¢(-) denote layer map-
ping function. We weight span pairs by salience,
Wi gl = Ciign) Vg Where Wiy ageregates
token weights within span k. This prioritizes align-
ment between semantically salient spans. Mini-
mizing Lpsa encourages the student to match the
teacher’s within-layer relational structure and its

evolution across depth.

3.4 Hidden Representation Alignment (Ly;q)

To complement the structural constraints, we in-
corporate a feature-level loss to align specific hid-
den states. Since the Student dimension (ds)
is typically smaller than the Teacher dimension
(d7), we employ a learnable linear projector W; €

____________________

feacher LLMs ’ 1 Hidden Representation |

Alignment Ly

pull] B

H
Hidden Representation Alignment Ly, . Weighted +

o~ weight jl velghed
smden\ LLMs ]

Figure 3: Hidden Representation Alignment
Strategy. The student learns to match teacher
representations using a weighted cosine distance
objective, ensuring accurate feature reconstruction at
key layers.

distance |

Projector

R?s*47 to map the Student’s representations into

the Teacher’s space:
oY) = HOW, (12)

We then minimize the weighted cosine distance be-
tween the projected Student states and the Teacher
states:

= 5 5o (1 el T

lE[:key teM;

where Lyey denotes the set of selected 1ntermed1—
ate layers used for distillation, M; contains tokens
covered by the extracted spans at layer [, and thl
is the Teacher-derived token importance weigﬁt
defined previously. This ensures that the Student
focuses on replicating the features of the most in-
formative tokens. Figure 3 provides an overview
of how the proposed loss works.

3.5 Optimization Objective

MTA is designed as a modular plug-in for existing
distillation frameworks (e.g., DistiLLM (Ko et al.,
2024), DistiLLM-2 (Ko et al., 2025), FDD (Gong
et al., 2025)). The total training objective com-
bines the base distillation loss Lpys 0f the original
methods with our proposed structural and hidden
losses:

Ltotal = LBase + ApsaLpsA + AniaLlria  (14)

where Apsa and Apig are hyperparameters balanc-
ing structural preservation and feature alignment.

4 Experiments

4.1 Experimental Setup

Datasets. Our evaluation
instruction-following datasets.

spans multiple
We adopt the
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preprocessing procedure of (Zhang et al., 2024).
Distillation is trained on DATABRICKS-DOLLY-
15K. For evaluation, we report ROUGE-L on the
Dolly test split and on four out-of-distribution
benchmarks - S-NI (Wang et al., 2022), VICU-
NAEVAL (Chiang et al., 2023), and SELFINST
(Wang et al., 2023b).

Training and Evaluation Settings. We evalu-
ate our method on three student models: GPT-2-
120M (Radford et al., 2019), Qwen1.5-0.5B (Bai
et al., 2023), and OPT-1.3B (Zhang et al., 2022).
For each student model, we use a correspondingly
larger teacher model of the same family: GPT-2-
1.5B, Qwenl.5-1.8B, and OPT-6.7B. To assess the
quality of the generated outputs, we employ the
ROUGE-L score (Lin, 2004) as our primary eval-
uation metric. Additional training and evaluation
setup details are provided in Appendix D.

Baselines. We benchmark our method against
several prominent frameworks that employ the
same tokenizer, including FDD (Gong et al., 2025),
DistiLLM (Ko et al., 2024), and DistiLLM-2 (Ko
et al., 2025). A detailed description of FDD is pro-
vided in Section 2.3, while overviews of DistiLLM
and DistiLL.M-2 are presented in Appendix A. We
integrate our proposed method into these baselines
to evaluate its effectiveness as a complementary
optimization strategy.

4.2 Main Results

Table 1 provides an overview of the ROUGE-L
evaluation results for all teacher-student config-
urations examined in this study that range from
lightweight to large-scale architectures. As ob-
served, the integration of our MTA module con-
sistently improves the performance of all baseline
frameworks, effectively narrowing the performance
gap between student and teacher models. This im-
provement is robust across varying scales and ar-
chitectures, including GPT-2, Qwenl.5, and OPT.
Such scalability suggests that our approach func-
tions as a generalized plug-and-play optimization
layer.

Beyond ROUGE-L-based metrics, we employ
GPT-40-mini as an evaluator (LLM-as-a-judge)
using the prompts detailed in Appendix F to as-
sess the semantic quality of the generated out-
puts. The model is prompted to score responses
based on factual accuracy, coherence, and help-
fulness. As illustrated in Figure 4 and Figure 5,

Methods Dolly SelfInst Vicuna S-NI Avg.
GPT-2 1.5B — GPT-2 120M
Teacher 28.71 15.68 17.00 28.80 22.55
SFT 2333  10.56 15.12  17.08 16.52
FDD 25.47 12.45 16.44 2354 19.48
w/ MTA | 25.64 13.6 17.00 25.75 20.50
DistiLLM 25.65 13.39 16.50 25.28 20.21
w/MTA | 25.77 14.19 16.67 29.18 21.45
DistiLLM-2 | 22.44  12.52 1230 27.10 18.59
w/ MTA | 24.76  14.16 1428 26.54 19.94
Owenl.5 1.8B — Qwenl.5 0.5B
Teacher 28.23  19.58 19.59 3436 25.44
SFT 24.83 13.31 16.97 22.07 19.30
FDD 25.08 12.24 16.08 23.69 19.27
w/ MTA | 2535 13.85 17.21  27.25 20.92
DistiLLM 25.16  12.90 15.86  25.28 19.80
w/ MTA | 25.61 13.08 16.04 29.32 21.01
DistiLLM-2 | 27.48  17.95 17.14  30.99 23.39
w/ MTA | 27.93 18.87 18.63 33.49 24.73
OPT 6.7B — OPT 1.3B
Teacher 27.60 16.40 17.80 30.30 23.03
SFT 26.00 11.40 15.60 23.10 19.03
FDD 26.07 14.82 17.09 28.98 21.74
w/ MTA | 2649 1647 17.51 31.12 22.90
DistiLLM 27.87  15.99 18.02 30.02 2298
w/ MTA | 27.43 17.07 18.40 32.97 2397
DistiLLM-2 | 26.31  17.62 17.60 30.85 22.96
w/ MTA | 26.79 18.16 16.55 31.39 23.22

Table 1: Performance of different distillation methods
across datasets. “w/ MTA” denotes incorporating our
proposed Multi-Granular Trajectory Alignment (MTA)
strategy on top of each baseline.

our method yields consistent improvements in eval-
uation scores across both architectures. Notably,
in the FDD framework, the integration of MTA
leads to significant gains. Even for stronger base-
lines like DistiLLLM and DistiLLLM-2, our approach
maintains a positive trajectory. These results con-
firm that the performance benefits of MTA are
architecture-agnostic, effectively enhancing the se-
mantic correctness and helpfulness of diverse stu-
dent models.

5 Analysis

To assess the contribution of individual compo-
nents in MTA, we conduct ablation studies using
the GPT-2 1.5B — GPT-2 120M distillation set-
ting. We analyze two key aspects: (1) the effect
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Figure 4: GPT-40-mini evaluation scores (1-100) for
distilling GPT-2 1.5B into GPT-2 120M.
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Figure 5: GPT-40-mini evaluation scores (1-100) for
distilling OPT 6.7B into OPT 1.3B.

of each loss component, and (2) the impact of our
layer-adaptive multi-granular alignment strategy.
Additional results are reported in Appendix E.

5.1 Impact of Loss Components

Table 2 evaluates the Dynamic Structural Align-
ment loss (Lpsa) and the Hidden Representation
Alignment loss (Lyiq) when added to FDD, Dis-
tiLLM, and DistiLLM-2.

Effect of Individual Losses. We observe that
adding either Lyiq or Lpsa individually improves
the average performance across all baselines com-
pared to the corresponding baseline. Adding Lyiq
yields moderate gains by directly aligning interme-
diate features, improving the average score across
all frameworks (e.g., +0.34 for DistiLLM). Intro-
ducing Lpga often provides larger gains, partic-
ularly on benchmarks such as S-NI, indicating
that preserving relational structure among seman-
tic units offers complementary supervision beyond
point-wise feature matching.

Synergy of the Full Method. Using both losses
together achieves the strongest results across all
baselines. For example, under DistiLLM, the full

MTA configuration improves the average score
from 20.21 to 21.45. These results suggest that
structural alignment and feature-level alignment
capture complementary aspects of the distillation
process and are most effective when applied jointly.

Methods | Dolly SelfInst Vicuna S-NI  Avg.
GPT-2 1.5B — GPT-2 120M
FDD 2547 1245 1644 2354 1948
w/ Lwa | 2539 1242 169 2418 19.72
W/ Lpsa | 2544 1247 1708 2449 19.87
w/Full |2564 136  17.00 2575 20.50
DistiLLM | 2565 1339 1650 2528 20.21
w/ Lua | 25.89 1368 1686 2577 20.55
w/ Lpsa | 2577 1424 1627 2740 2092
w/Full | 2577 1419 1667 29.18 21.45
DistLLM-2 | 2244 1252 1230 27.10 18.59
w/ Lma | 2526 1313 1353 2579 1943
w/ Lpsa | 25.08 1328 1409 27.06 19.88
w/Full | 2476 14.16 1428 26.54 19.94

Table 2: Performance of loss combinations on
instruction-following benchmarks.

5.2 Impact of Hierarchical Granularity

Table 3 investigates the validity of our core hy-
pothesis: that distillation should be layer-adaptive,
aligning Word spans at lower layers and Phrase
spans at higher layers. We compare our adaptive
approach (Full-level) against static strategies that
enforce uniform granularity (Word-only or Phrase-
only) across all layers.

Using a single granularity throughout the net-
work leads to suboptimal performance. A word-
level-only strategy is effective for tasks domi-
nated by surface patterns, but it consistently un-
derperforms on reasoning-intensive benchmarks
(e.g., Vicuna). For instance, the word-level vari-
ant of DistiLLM-2 achieves an average score of
19.10, substantially lower than the adaptive ap-
proach. This suggests that enforcing fine-grained
alignment at higher layers can restrict the student’s
ability to form abstract representations. In con-
trast, a phrase-level-only strategy generally yields
stronger results than word-level alignment (e.g.,
21.17 vs. 20.80 for DistiLLM), supporting the view
that semantic constituents carry richer informa-
tion. Nevertheless, it still underperforms relative to
the full adaptive method, likely because ignoring
word-level grounding at lower layers weakens the
model’s lexical foundation.
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Figure 6: Effect of the number of distilled intermediate
layers. Averaged ROUGE-L scores using DistiLLM +
our approach.

Superiority of Trajectory Alignment. The
Full-level (Layer-Adaptive) strategy consistently
achieves the highest scores across all baselines
(e.g., 20.50 for FDD and 21.45 for DistiLLM).
Notably, on the S-NI benchmark, the adaptive ap-
proach in DistiLLM reaches 29.18, outperforming
the Phrase-only variant by nearly 2 points. This
empirically validates our motivation: aligning the
student’s representational trajectory to match the
teacher’s functional hierarchy - moving from lexi-
cal grounding to semantic composition - is crucial
for distilling capable and robust language models.
Furthermore, to assess the contribution of span
weights, we conduct additional ablation experi-
ments, the results of which are reported in Ap-
pendix E.

Methods ‘Dolly SelfInst Vicuna S-NI Avg.
GPT-2 1.5B — GPT-2 120M
FDD 2547 1245 1644 23.54 19.48
w/ Word-level [25.01 12.82 17.53 24.99 20.09
w/ Phrase-level | 2529 12.87 17.36 24.55 20.02
w/ Full-level 25.64 13.60 17.00 25.75 20.50
DistiLLM 25.65 13.39 16.50 25.28 20.21
w/ Word-level |25.82 13.54 16.67 27.16 20.80
w/ Phrase-level |25.96 14.25 17.03 27.42 21.17
w/ Full-level 2577 14.19 16.67 29.18 21.45
DistiLLM-2 2244 12,52 1230 27.10 18.59
w/ Word-level [25.05 12.87 14.06 24.41 19.10
w/ Phrase-level | 24.70 13.40  14.14 25.35 19.40
w/ Full-level 2476 14.16 14.28 26.54 19.94

Table 3: Ablations on hierarchical level mechanisms.

5.3 Sensitivity Analysis on Layer Selection

This section analyzes the sensitivity of the distilla-
tion process to the number of aligned layers (/M)

Config | W:P | Dolly Selfinst Vicuna S-NI | Avg.
All Phrase  |0:32596 14.25 17.03 27.42|21.17
AllWord  [3:0(25.82 13.54 16.67 27.16(20.80
Hybrid A |2:1(25.89 14.02 1638 27.30{20.90
MTA (Ours)|1: 22577 14.19 16.67 29.18|21.45

Table 4: Impact of granularity allocation under the
DistiLLM framework with our proposed method. We
vary the ratio of Word-level (W) to Phrase-level (P)
spans and report performance across benchmarks.

and their specific granularity allocation.

Effect of the number of distilled intermediate
layers. Figure 6 illustrates the impact of increas-
ing the layer budget M on the student’s perfor-
mance (Avg. ROUGE-L). We observe an inverted
U-shaped trend. Performance improves signifi-
cantly as we increase from M = 0 (baseline) to
M = 3, reaching a peak score of 21.45. This
confirms that sparse intermediate supervision pro-
vides necessary guidance for the student’s trajec-
tory. However, further increasing M to 4 or 5 leads
to diminishing returns and a slight performance
drop. This decline supports the hypothesis regard-
ing inter-layer redundancy. Thus, we select M = 3
as the optimal budget for the GPT-2 pair; deeper
models use proportionally larger M following the
same strided rule (see Table 11).

Word vs. Phrase Allocation. Fixing the budget
at M = 3, we further analyze how to allocate
these layers between Word-level and Phrase-level
alignment (Table 4). Purely structural alignment
(All Phrase) outperforms purely lexical alignment
(All Word), highlighting the importance of semantic
compositionality. However, the best performance is
achieved with a Hybrid configuration (1 Word : 2
Phrase). This empirically validates our hypothesis
that the lowest selected layer should be dedicated to
lexical grounding, while the upper layers specialize
in semantic abstraction.

Robustness of Layer Schedule. To further val-
idate that MTA’s improvements are not sensitive
to a specific hand-picked layer configuration, we
conduct a robustness study on the Qwenl.5 pair
(Qwen1.5-1.8B — Qwen1.5-0.5B) under multiple
word/phrase layer schedules. As described in Sec-
tion D, supervision points are selected via a de-
terministic strided top-down rule and mapped to
teacher layers by proportional scaling, without any
per-run search. Table 5 reports results across five
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alternative schedules, all derived from the same
deterministic rule with different stride or budget
choices.

Across all configurations, MTA consistently im-
proves over the DistiLLM baseline (Avg. ROUGE-
L: 19.80), with gains ranging from +0.75 to +1.21
points. Performance variation across schedules is
small (typically <0.5 points), confirming that MTA
does not rely on a single carefully tuned config-
uration. In practice, the default strided top-down
schedule (Section D) is sufficient to reliably im-
prove distillation quality without extensive hyper-
parameter search. Crucially, no per-run search over
word/phrase assignments is needed: our empiri-
cal finding that assigning the lowest selected layer
to word-level and all remaining layers to phrase-
level is a robust default that performs competitively
across all tested configurations.

Word-level Phrase-level Dolly SelfInst Vicuna S-NI Avg.

DistiLLM (baseline) 25.16 1290 15.86 25.28 19.80
14 16-24 25.61 13.08 16.04 29.3221.01
14,16, 18 20,22,24 2530 13.02 16.05 29.10 20.87
16,18,20 22,24 25.51 1341 16.27 27.0220.55
19 20-24 26.40 14.63 16.08 25.54 20.66
12,14,16 18-24 25.11 13.11 16.50 29.17 20.97

Table 5: Sensitivity of MTA to different layer schedule
configurations on Qwen1.5-1.8B — Qwen1.5-0.5B.
Here we only use even layers.

5.4 Computational Efficiency Analysis

Table 6 reports the per-step wall-clock time and
GPU memory consumption of MTA compared to
the baselines. All experiments are conducted on a
single NVIDIA A100 (40 GB) GPU with a batch
size of 16. The additional training overhead in
MTA stems from the syntactic span extraction stage
(via spaCy) and the span-level geometry matching
in EDS A-

In our initial implementation, span extraction
contributed 0.42 s/step, resulting in a 2.54 X slow-
down over DistiLLM. After optimizing the extrac-
tion pipeline via larger spaCy batch sizes, this over-
head is reduced to 0.27 s/step, bringing the overall
slowdown down to 1.85 x with no increase in GPU
memory usage. Importantly, MTA adds overhead
only during training; inference cost remains com-
pletely unchanged since span extraction is not used
at test time.

To verify that the performance gains are not
merely a consequence of increased training bud-
get, we conduct a time-matched comparison where
the baselines are trained for 3 x more epochs, grant-
ing them a wall-clock budget equal to or exceeding
that of MTA. As shown in Table 7, even with sub-
stantially more training time, the baselines do not
close the performance gap, confirming that MTA’s
improvements stem from the proposed trajectory-
alignment objective rather than extra compute.

Method Span Extr. Time avg_alloc peak_alloc
DistiLLM 0.00 026  6.53 16.91
DistiLLM + MTA  0.27 048 6.54 17.94
FDD 0.00 049  6.67 23.04
FDD + MTA 0.36 0.69 6.70 24.05

Table 6: Computation time and GPU memory
consumption. MTA introduces overhead only during
training; inference cost is unchanged.

Training Setup Dolly SelfInst Vicuna S-NI Avg.

DistiLLLM variants
Trainw/Sep 25.65 13.39 16.50 25.28 20.21
Trainw/ 10ep 26.64 13.11 17.49 23.83 20.27
Trainw/ 15ep 26.61 13.35 16.96 24.13 20.26
w/ MTA (5ep) 25.77 14.19 16.67 29.18 21.45
DistiLLM-2 variants
Trainw/Sep 2244 1252 12.30 27.10 18.59
Trainw/ 10ep 2296 12.51 12.88 27.91 19.07
Trainw/ 15ep 2297 1246 13.09 27.68 19.05
w/ MTA (S5ep) 24.76 14.16 14.28 26.54 19.94

Table 7: Time-matched comparison on GPT-2 1.5B —
GPT-2 120M. Baselines trained for up to 15 epochs
(3% the wall-clock budget of MTA at 5 epochs) do not
close the performance gap.

6 Conclusion

We introduce Multi-Granular Trajectory Align-
ment (MTA), a layer-adaptive distillation frame-
work that models the hierarchical representa-
tional trajectory of large language models. MTA
aligns word-level representations in lower lay-
ers and phrase-level representations in higher lay-
ers, matching the depth-dependent semantic roles
of Transformer layers. By combining structural
and hidden-state alignment objectives, MTA en-
ables students to preserve both local features and
global relational geometry, yielding consistent
gains across strong baselines.
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7 Limitations

While MTA improves distillation quality, it intro-
duces additional computational cost due to the use
of external sparse structures for layer-wise align-
ment. Although this overhead remains manageable
in our current experiments, an important direction
for future work is to design more lightweight yet
still layer-adaptive alignment mechanisms that re-
duce computational cost while preserving perfor-
mance. In addition, our experiments are conducted
under fixed computational budgets and benchmark
settings. We view these constraints as opportunities
for further development, particularly in exploring
more efficient layer-wise alignment designs and
adaptive mapping strategies that can enhance the
scalability and robustness of MTA.
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A Baseline models

A.l DistiLLM

To address the optimization instability and high
computational costs associated with standard KD
and on-policy data generation, Ko et al. (2024)
proposed DistiLLM. This framework introduces
two primary innovations:

Skew (Reverse) Kullback-Leibler Divergence:
Standard KLD often leads to optimization insta-
bility due to gradient explosion when the student
model assigns low probability to the teacher’s sup-
port. To mitigate this, DistiLLM utilizes Skew
KLD, which interpolates the target distribution
with the student’s distribution. Formally, the a-
Skew KLD is defined as:

D), (p,gs) = Dicr(p || ap+ (1 — a)ge) (15)

Similarly, to leverage the mode-seeking behavior of
Reverse KLD while maintaining gradient stability,
they proposed Skew Reverse KLLD (SRKL):

D er(pa0) = Dici(as || (1 — a)p + agy)

(16)
where p is the teacher, ¢y is the student, and
a € [0, 1] controls the mixing ratio. These modi-
fications prevent the denominator in the gradient
term from vanishing, thereby bounding the gradient
norm and ensuring smoother convergence.
Adaptive Off-Policy Generation: While utiliz-
ing Student-Generated Outputs (SGOs) addresses
training-inference mismatch, generating sequences
at every iteration (on-policy) is computationally ex-
pensive. DistiLLM proposes an efficient off-policy
strategy using a replay buffer Dx, to store and reuse
SGOs. Furthermore, it employs an adaptive SGO
scheduler that dynamically adjusts the probability
¢ of sampling SGOs based on the student’s vali-
dation loss trends. This mechanism ensures SGOs
are introduced only when necessary to correct dis-
tribution shifts, balancing training efficiency with
the mitigation of noisy feedback.

A.2 DistiLLM-2

Building upon the success of Skew KLD and adap-
tive data strategies, Ko et al. (2025) introduced
DistiLLM-2, a contrastive framework designed to
align teacher and student models more effectively
across varied data types. The method comprises
three key technical advancements:

Contrastive Approach for LLM Distillation
(CALD): Motivated by the observation that

Forward KL and Reverse KL exhibit asym-
metric behaviors—"pulling up" probabilities on
teacher-generated outputs (TGOs) and "push-
ing down" on student-generated outputs (SGOs),
respectively—DistiLLM-2 proposes a dual-loss ob-
jective. It applies Skew KL (SKL) to TGOs (y;)
to encourage matching high-probability regions,
and Skew Reverse KL (SRKL) to SGOs (ys) to
suppress low-quality generations. The combined
objective is defined as:

1
L‘, = — E
(z,yt,ys)~D

[(1=8) DG (@, )

+ 8D (@,ys)| ()

where (8 balances the two terms. This formula-
tion is mathematically connected to preference op-
timization methods like DPO but tailored for distil-
lation to avoid reward hacking.
Curriculum-based Adaptive Learning: To fur-
ther refine the objective, DistiLLM-2 introduces
dynamic updates for the skew coefficient . Rec-
ognizing that the optimal mixing ratio depends
on the sample difficulty (the gap between teacher
and student distributions), the method employs a
curriculum-based update rule derived from a first-
order Taylor approximation:

m
ylz) — go(ylz)
Additionally, the coefficient 5 for the SRKL term is
gradually increased during training, shifting focus
from imitating the teacher to correcting student
errors as the model capability improves.
Optimal Data Curation: Instead of purely on-
policy generation, DistiLLM-2 adopts a "batched"
data curation strategy where SGOs are collected
ahead of each training epoch. This approach main-
tains the benefits of on-policy feedback while sig-
nificantly improving computational efficiency and
compatibility with high-throughput inference en-
gines like vVLLM.

~1-—(1- 18
« ( ao)p( (18)

B Extended Related Work

Knowledge distillation for language models.
Knowledge distillation (KD) trains a compact stu-
dent to imitate a larger teacher, most commonly
by matching the teacher’s output distribution via
KL-based objectives (Hinton et al., 2015; Kim and
Rush, 2016). In the context of large language mod-
els (LLMs), logit-level KD remains a strong base-
line, but can suffer from optimization instability
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and train-test mismatch when trained purely un-
der teacher forcing (Agarwal et al., 2024). Re-
cent frameworks improve practicality and stability
through better divergence formulations and data
strategies (Ko et al., 2024, 2025; Agarwal et al.,
2024; Anshumann et al., 2025). These methods
primarily focus on aligning behavior at the output
level, which is effective but may under-constrain
the internal knowledge encoded in intermediate
representations.

Intermediate representation alignment and
trajectory-based distillation. A complementary
line of work distills internal signals - hidden states,
attention maps, and other intermediate features -
to transfer information beyond output logits. Rep-
resentative Transformer distillation methods align
intermediate hidden states and/or attentions (Jiao
et al., 2019; Sun et al., 2019, 2020), while oth-
ers emphasize distilling attention relations to build
smaller but competitive students (Wang et al.,
2020). Recent work also revisits intermediate su-
pervision for LLM distillation under efficiency con-
straints, often choosing a sparse subset of layers
(Gong et al., 2025; Song et al., 2025; Vu et al.,
2026b).

Beyond matching isolated layers, trajectory-
style methods aim to match how representations
change across depth. For example, Feature Dynam-
ics Distillation (FDD) explicitly treats intermedi-
ate features as a discretized depth-wise path and
aligns not only the feature trajectory but also its
first-order dynamics (Gong et al., 2025). Trajec-
tory ideas also appear at the training-process level:
BERT-of-Theseus progressively replaces teacher
modules with compact substitutes during training
(Xu et al., 2020). Separately, some work studies
“trajectory” over generated tokens by distilling step-
by-step rationales (Wang et al., 2023a; Li et al.,
2023).

Hierarchy in Transformer representations and
linguistically motivated compression. A sub-
stantial body of work shows that Transformer lay-
ers form a functional hierarchy, where lower lay-
ers encode surface/lexical information and higher
layers capture increasingly abstract and seman-
tic features (Tenney et al., 2019; Rogers et al.,
2020; Clark et al., 2019). Linguistics similarly
characterizes language as hierarchical composition
from lexical units into phrases and higher-level
structures (Chomsky, 1965; Crain and Nakayama,

1987; Socher et al., 2011, 2013). Recent anal-
yses further suggest that modern LLMs exhibit
depth-specialized behaviors such as memory-like
retrieval in lower layers and more abstract reason-
ing in higher layers (Wang et al., 2025; Yang et al.,
2025). In addition, representational geometry has
been shown to encode separable syntactic/semantic
structure and fine-grained organization of linguis-
tic features in BERT (Coenen et al., 2019), further
motivating distillation objectives that preserve rela-
tional structure rather than only per-token values.
These findings motivate distillation objectives that
respect hierarchical structure. In our work, we
instantiate this idea as Multi-Granular Trajectory
Alignment (MTA ), which performs depth-adaptive
alignment: word-level units for lower layers and
phrase-level spans (e.g., NPs/VPs) for higher lay-
ers, thereby constraining not only feature values
but also the evolving relational geometry across
depth.

MTA complements both logit-based and
intermediate-representation KD by adding (i) Dy-
namic Structural Alignment that matches within-
layer relational structure among semantic units, and
(ii) Hidden Representation Alignment for selected
layers, with salience-aware weighting. Unlike
depth-uniform feature matching, our layer-adaptive
design explicitly tracks the hierarchical representa-
tional trajectory, aligning lexical grounding early
and compositional semantics later, and can be
plugged into recent LLM distillation pipelines (Ko
et al., 2024, 2025; Gong et al., 2025).

C Token Importance Computation

To compute the token-level importance weights
w € RY, we employ a standardized pairwise self-
attention mechanism that captures the global con-
textual relevance of each token while explicitly
excluding self-loops. Let H; = [hy ;,..., hy,] €
RN >4 denote the sequence of hidden states at layer
[-th, where N is the sequence length and d is the
feature dimension.

First, to stabilize the dot-product scores, we stan-
dardize the hidden states to obtain ﬂ, where each
vector is scaled by its standard deviation:

I (19)
’ o(Hy)’
where o(-) computes the standard deviation along
the feature dimension.
Next, we calculate the pairwise attention scores
S; € RV*N_ We incorporate a masking term M to
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enforce two constraints: (1) tokens cannot attend to
padding elements, and (2) tokens cannot attend to
themselves (diagonal masking), forcing the model
to rely solely on context:

Hg, H],

SS—W:,Z = \/g : + MS,t7

where the mask M, ; enforces both padding and
diagonal constraints:

(20)

—o00, s=torteP,

Mst:

21
: 0 2h

otherwise,

where P represents the set of padding indices.

The attention weights are obtained via the soft-
max function. Finally, the scalar importance weight
wy for the ¢-th token is computed as the mean atten-
tion it receives from all other tokens in the sequence
(column-wise average):

exp(Ss—,
Qsosi) = —x (Ssota) (22)
Zu:l eXp(SsHu,l)
| X
Wiy = 57 D Qsortl (23)
s=1
The resulting vector w; = [wy y, ..., wn ] repre-

sents the computed token weights at layer [-th.

D Experimental Details

Training and Evaluation For GPT-2 and
Qwen1.5 models, we perform full-parameter fine-
tuning, while for OPT models we adopt LoRA-
based parameter-efficient fine-tuning. Detailed
training configurations for each model are sum-
marized in Table 8 and Table 9. For evaluation, we
sample model outputs using five different random
seeds to account for stochasticity in generation.
The final performance is reported as the average
ROUGE-L score (Lin, 2004) between the generated
responses and the human-annotated references.

Hyperparameter The hyperparameters, Apsa
and Ayiq, are reported in Table 10. All reported
values are selected based on preliminary validation
experiments.

Layer Mapping Configuration. Table 11 sum-
marizes the selected intermediate layers used for
distillation at the word and phrase levels. For mod-
els with different depths, we align student layers
to teacher layers using a fixed integer mapping.

Settings \GPTZ-I.SB Qwenl.5-1.8B OPT-6.7B
\GPT2-120M Qwenl.5-0.5B OPT-1.3B
Epoch 5 5 5
LR 1x107* 1x107* 5x107*
Projector LR | 5x107* 5x107* 5x107*
Batch Size 16 16 16
LR Scheduler Cosine Cosine Cosine
Fine-Tuning Full Full LoRA
LoRA Rank — — 16
LoRA Alpha - - 64
LoRA Dropout - - 0.1

Table 8: Training configurations for FDD and

DistiLLM.

Settings | GPT2-1.5B Qwenl.5-1.8B OPT-6.7B

\GPT2-120M Qwenl.5-0.5B OPT-1.3B
Epoch 5 5 3
LR 1x107* 5x107® 5x107*
Projector LR | 5x107™* 5x107* 5x107*
Batch Size 8 8 8
LR Scheduler Cosine Cosine Cosine
Fine-Tuning Full Full LoRA
LoRA Rank - - 16
LoRA Alpha - - 128
LoRA Dropout - - 0.1

Table 9: Training configurations for DistiLLM-2.

Motivated by the high inter-layer redundancy ob-
served in Transformers (Song et al., 2025; Gong
et al., 2025), where adjacent layers often encode
similar features, we avoid computationally expen-
sive full-depth alignment. Instead, we select a con-
cise subset of key layers Lyey to efficiently cap-
ture how representations evolve across layers. To
address the depth mismatch between the Teacher
(N7) and Student (Ngs), we map each selected Stu-
dent layer [s to its corresponding Teacher layer I

via proportional scaling: I = ng X %J We
define Ly using a strided top-down approach to
prioritize critical high-level semantic transitions
near the output. Given a stride k and a layer bud-
get M, the selected Student indices are: Zg =

{Ns,Ns — k,...} with |Is| = M. This dis-

Method GPT2-120M Qwenl1.5-0.5B OPT-1.3B
Apsa  Amid  Apsa  Amid  ADsA Amid
FDD + Ours 2 0.2 2 0.2 2 02

DistiLLM + Ours 2 0.2 2 0.2 3 03
DistiLLM-2 + Ours 2 0.2 2 0.2 3 03

Table 10: Loss weighting coefficients used for different
methods and model sizes.
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cretization (typically k € {2, 3}) effectively filters
out redundant intermediate states while maintain-
ing a coherent evolutionary trajectory. Note that
while M = 3 is selected as the optimal budget for
the GPT-2 pair (Section 5.3), deeper architectures
such as Qwen1.5-0.5B and OPT-1.3B use a larger
budget (M = 5-6) to provide sufficient supervision
points along their longer representational trajecto-
ries. The budget M scales naturally with model
depth via the strided top-down rule.

Model Layer Distillation
Word Level Phrase Level
GPT-2 120M 6 9,12
Qwenl.50.5B 14 16, 18, 20, 22, 24
OPT 1.3B 16 18, 20, 22, 24

Table 11: Selected intermediate layers for word-level
and phrase-level distillation across different models.

E Additional Ablation Results

Importance of Span Weights. To validate the
necessity of our weighting mechanism, we com-
pare our aggregation strategy against a baseline us-
ing uniform mean pooling (denoted as w/o weight).
As shown in Table 12, removing the importance
weights leads to a consistent performance degrada-
tion across both distillation frameworks.

Specifically, for the DistiLLM backbone, incor-
porating the weighting mechanism boosts the av-
erage ROUGE-L score from 20.66 to 21.45. No-
tably, performance on the Super-Natural Instruc-
tions (S-NI) benchmark sees a substantial improve-
ment (+2.97 points). This indicates that not all
tokens within a span contribute equally to its se-
mantic representation. By leveraging the teacher’s
attention patterns to suppress non-informative to-
kens (e.g., stopwords or padding) and highlight
salient ones, our method allows the student to cap-
ture a more precise, focused, and semantically con-
sistent representational trajectory.

Methods ‘Dolly SInst Vicuna S-NI Avg.

GPT-2 1.5B — GPT-2 120M
FDD + Ours w/o ‘25.09 12.44 17.03 25.1719.93

FDD + Ours w/ 25.64 13.60 17.00 25.7520.50

25.9514.10 16.38 26.21 20.66
25.7714.19 16.67 29.1821.45

DistiLLM + Ours w/o
DistiLLM + Ours w/

Table 12: Ablations on span weight mechanisms. w/
and w/o denote with and without importance weighting.

F Prompt for evaluation via GPT-4

[System]

 Please act as an impartial judge and evaluate the quality of the response
provided by an Al assistant to a query taken from the test dataset
displayed below.

A ground truth answer is provided and should be treated as the correct
reference.

Assess whether the assistant’s response is accurate compared to the
ground truth and whether the wording and explanation are appropriate
and coherent.

Begin your evaluation by providing a short explanation. Be as objective
as possible.

After providing your explanation, please rate the response on a scale of
1 to 100 by strictly following this format: “[[rating]]”, for example:
“Rating: [[90]]”.

[Question]
{question}

[Ground truth answer]
{ground truth answer}

[The Start of Assistant’s Answer]
{assistant response }
[The End of Assistant’s Answer]

Figure 7: Prompt for GPT-4 evaluation using Ground
Truth.
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